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Classical applications of Pattern recognition in image prossing and computer
vision have typically dealt with modeling, learning and recgnizing static patterns
in images and videos. There are, of course, in nature, a wholasd of patterns that
dynamically evolve over time. Human activities, behaviors ahsects and animals,
facial expression changes, lip reading, genetic expression pes are some examples
of patterns that are dynamic. Models and algorithms to studylese patterns must
take into account the dynamics of these patterns while expkog the classical
pattern recognition techniques. The rst part of this dissertaton is an attempt to
model and recognize such dynamically evolving patterns. WeliMook at speci ¢
instances of such dynamic patterns like human activities, andehaviors of insects
and develop algorithms to learn models of such patterns andaskify such patterns.

The models and algorithms proposed are validated by extensiexperiments on



gait-based person identi cation, activity recognition and snultaneous tracking
and behavior analysis of insects.

The problem of comparing dynamically deforming shape seque&scarises re-
peatedly in problems like activity recognition and lip reathg. We describe and
evaluate parametric and non-parametric models for shape semees. In particu-
lar, we emphasize the need to model activity execution rate rations and propose
a non-parametric model that is insensitive to such variations. Aflese models and
the resulting algorithms are shown to be extremely e ective foa wide range of
applications from gait-based person identi cation to human etion recognition.
We further show that the shape dynamical models are not only eative for the
problem of recognition, but also can be used as e ective priofsr the problem
of simultaneous tracking and behavior analysis. We validate ¢hproposed algo-
rithm for performing simultaneous behavior analysis and trdeéng on videos of bees
dancing in a hive.

In the last part of this dissertaion, we investigate computatioal imaging, an
emerging eld where the process of image formation involvelsd use of a computer.
The current trend in computational imaging is to capture as mch information
about the scene as possible during capture time so that appropeaimages with
varying focus, aperture, blur and colorimetric settings may ®rendered as required.
In this regard, capturing the 4D light- eld as opposed to a 2D mage allows us
to freely vary viewpoint and focus at the time of rendering anmage. In this
dissertation, we describe a theoretical framework for revergjpmodulating 4D
light elds using an attenuating mask in the optical path of a les based camera.
Based on this framework, we present a novel design to reconstrticé 4D light eld

from a 2D camera image without any additional refractive eteents as required



by previous light eld cameras. The patterned mask attenuatesight rays inside
the camera instead of bending them, and the attenuation recexably encodes the
rays on the 2D sensor. Our mask-equipped camera focuses just asaalitional
camera to capture conventional 2D photos at full sensor resoloh, but the raw
pixel values also hold a modulated 4D light eld. The light eld can be recovered
by rearranging the tiles of the 2D Fourier transform of sensor \@es into 4D planes,
and computing the inverse Fourier transform. In addition, onecan also recover

the full resolution image information for the in-focus partf the scene.
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Chapter 1

Introduction

1.1 Research Motivation

Classical applications of Pattern recognition in image prossing and computer
vision have typically dealt with modeling, learning and recgnizing static patterns
in images and videos. There are, of course, in nature, a wholasd of patterns
that dynamically evolve over time. Human activities, behavits of insects and
animals, facial expression changes, lip reading, genetic exgsien pro les are some
examples of patterns that are dynamic. Models and algorithento study these
patterns must take into account the nature of the dynamics ofttese patterns while
exploiting the classical pattern recognition techniques. Inhe rst part of this

dissertation, | will develop and evaluate algorithms to modelearn and recognize
such dynamic patterns. In particular, | pay special attention 6 modeling and
comparing shape sequences. Several important computer visigopkcations in

human activity analysis can be formulated as a problem of moliieg and comparing
shape sequences. | will demonstrate and evaluate these shape-dyisal models

for computer vision applications such as human action recogioin and gait-based



human identi cation. Next, | show that execution rate invariance is very important
for human action recognition, and describe an algorithm fornéorcing execution
rate invariance. The model which is based on the di erential gometry of the
space of execution rate functions leads to a Monte Carlo basedaithm for rate-
invariant classi cations of human actions. | will also show that sah dynamical
models also act as e ective priors for the problem of simultanes tracking and
recognition of behaviors.

The second part of this dissertation concerns an interesting alpgation in com-
putational imaging. Computational Imaging is an emerging eld where the process
of image formation involves the use of a computer. The curremtend in compu-
tational imaging is to capture as much information about thescene as possible
during capture time so that appropriate images with varyingdcus, aperture, blur
and colorimetric settings may be rendered as required. In thiregard, capturing
the 4D light- eld as opposed to a 2D image allows us to freely maviewpoint and
focus at the time of rendering an image. | describe a theoreticframework for
reversibly modulating 4D light elds using an attenuating maskin the optical path
of a lens based camera. Based on this framework, we present a haolesign to
reconstruct the 4D light eld from a 2D camera image without ag additional re-
fractive elements as required by previous light eld camerg The patterned mask
attenuates light rays inside the camera instead of bending the and the attenu-
ation recoverably encodes the rays on the 2D sensor. The maskipged camera
focuses just as a traditional camera to capture conventionaD2photos at full sen-
sor resolution, but the raw pixel values also hold a modulated 4ight eld. The
light eld can be recovered by rearranging the tiles of the 20-ourier transform

of sensor values into 4D planes, and computing the inverse Fourteansform. In



addition, one can also recover the full resolution image inforation for the in-focus

parts of the scene.

1.2 Dissertation Contributions

In this dissertation, | make the following speci ¢ contributians,

1. | propose and evaluate several parametric and non-paramietralgorithms
for comparing shape sequences. The parametric algorithms arasbd on
traditional models such as Hidden Markov model (HMM) and Autoreggssive
and moving average model (ARMA), while the non-parametric atgithm is
based on dynamic programming. These contributions are descibin detail

in Chapter 2.

2. | study and analyse the importance of execution rate variains in human
action analysis and recognition. | model the variations in ecution rate by
using a composite model. In the composite model, the variatiomie to ex-
ternal conditions such as illumination, viewpoint and camex parameters are
modeled as a ecting the feature extracted while the variatins due to exe-
cution rate are modeled explicitly. The probability distribution of execution
rate variations are learnt explicitly and are used in a Bayesmalgorithm for
execution rate-invariant action recognition. The detail®f the algorithm and

some special cases are discussed in Chapter 3.

3. The importance of shape dynamical models is not restricted the problem of
activity recognition alone. Accurate shape dynamical modelmay also serve
as priors that enable accurate tracking of subjects in a videoThis leads

to a simultaneous tracking and behavior analysis framework.describe this



simultaneous tracking and behavior analysis framework in Cpéer 4 and
apply this framework to the problem of tracking and analysis fodances of

bees in a hive.

4. Finally, this dissertation also makes a signi cant contribuion to the emerg-
ing eld of computational imaging. | propose a theoretical famework for
reversibly modulating 4D light elds using an attenuating maskin the opti-
cal path of a lens based camera. Based on this framework, | presamovel
design to reconstruct the 4D light eld from a 2D camera image whout
any additional refractive elements as required by previougght eld cam-
eras. The patterned mask attenuates light rays inside the caneeinstead of
bending them, and the attenuation recoverably encodes thays on the 2D
sensor. The light eld can be recovered by rearranging the tieof the 2D
Fourier transform of sensor values into 4D planes, and computiriige inverse

Fourier transform.

1.3 Comparing Shape Sequences

In typical video processing tasks the input is a video of an objecr a set of objects
that deform or change their relative poses. The essential infoation conveyed by
the video can be usually captured by analyzing the boundary (ape) of each
object as it changes with time. The manner in which this shapehange occurs
provides clues about the nature of the object and sometimessgvabout the activity

performed by the object. There are many such cases where the una of shape
changes of silhouette of a human provides information abouté activity performed

by the human. Consider the images shown in Fig:1.1. It is not werdi cult to



Figure 1.1: Sequence of shapes as a person walks frontopdsalle

perceive the fact that these represent the silhouette of a wallg human. Apart

from providing information about the activity being perfomed, there are also
several instances when the manner of shape changes providesiallke insights
regarding the identity of the object. Therefore, it is impotant to be able to learn

the dynamics of shape changes or at the least be able to computeaningful

distances between such shape sequences. In Chapter 2 we descrip@itims for

comparing shape sequences and evaluate the performance oé¢halgorithms for
the problem of gait-based person identi cation.

We begin by providing a literature review of the research in sip& analysis. The
interested reader may refer to comprehensive surveys of theddll01], [163]. Since
the experimental results are for the problem of gait recogmitn we also provide a
brief summary of prior work in gait-based person authenticatio. Special emphasis
is given to understanding the role of shape and kinematics inig@aecognition since

our experiments lead to interesting observations on this issue.



1.3.1 Previous Work in Shape Analysis

Pavlidis [124] categorized shape descriptors into variousxianomies according to
di erent criteria. Descriptors that use the points on the bourdary of the shape
are called external descriptors (or boundary descriptors) [BfL26] [7] while those
that describe the interior of the object are called internal dscriptors (or global
descriptors) [17] [71]. Descriptors that represent shape as a scabr as a feature
vector are called numeric descriptors while those like the miadl axis transform
that describes the shape as another image are called non-nuimedescriptors.
Descriptors are also classi ed as information preserving or noabed on whether

the descriptor allows accurate lossless reconstruction of a shape

Global Methods for shape matching

Global shape matching procedures treat the object as a wholedhdescribe it
using some features extracted from the object. The disadvan&agf these methods
is that it assumes that the image given must be segmented into vats objects
which by itself is not an easy problem. In general, these methodannot handle
occlusion and are not very robust to noise in the segmentation press. Popular
moment based descriptors of the object such as [71], [89], [28¢ @lobal and
numeric descriptors. Goshtasby [62] used the pixel values corresgding to polar
coordinates centered around the center of mass of the shapeg shape matrix, as
a description of the shape. Parui et. al. [123] used relative a® occupied by the
object in concentric rings around the centroid of the objestas a description of
the shape. Blum and Nagel [17] used the medial axis transform topresent the

shape.



Boundary methods for shape matching

Shape matching methods based on the boundary of the object ar a set of pre-
de ned landmarks on the object have the advantage that theyan be represented
using a one dimensional function. In the early sixties, Freemand] used chain
coding (a method for coding line drawings) for the descriptionf shapes. Arkin
et al. [6] used the turning function for comparing polygonal sipes. Persoon and
Fu [126] described the boundary as a complex function of thecalength. Kashyap
and Chellappa [86] used a circular autoregressive model of thistednce from the
centroid to the boundary to describe the shape. The problem wita Fourier
representation [126] and the autoregressive representatior6]8s that the local
information is lost in these methods. Srivastava et al. [148] ppose di erential
geometric representations of continuous planar shapes.

Recently several authors have described shape as a set of nitelered land-
marks. Kendall [87] and Bookstein [20] provided a mathematic#heory for the
description of landmark based shapes. Later, Dryden and Mardi43] furthered
the understanding of such landmark based shape descriptions. Thdras been a
lot of work on planar shapes [129] and [56]. Prentice and Maedj129] provided a
statistical analysis of shapes formed by matched pairs of landnka on the plane.
They provided inference procedures on the complex plane aadneasure of shape
change in the plane. Berthilsson [8] and Dryden [42] describe aisstical theory
for shape spaces. Projective shape and their respective invatam@re discussed
in [8] while shape models, metrics and their role in high leveision is discussed
in [42]. The shape context [7] of a particular point in a point decaptures the dis-
tribution of the other points with respect to it. [7] uses the shpe context for the

problem of object recognition. The softassign Procrustes maidg algorithm [131]



simultaneously establishes correspondences and determinesPhecrustes t.

Dynamics of shapes

The recent explosion in the area of shape discrimination and shepetrieval can
be attributed to their e ectiveness in object recognition an shape-based image
retrieval. Inspite of these recent developments there has lmeeery few studies on
the variation of object shape as a cue for object recognitiomd activity classi -
cation. Yezzi and Soatto [175] separate the overall motiondim deformation in a
sequence of shapes. They use the notion of shape average to di géata global
motion of a shape from the deformations of a shape. [103] prop®se notion of
dynamic averages for shape sequences using dynamic time wagdor alignment.
Vaswani et al. [157] used the dynamics of a con guration of intacting objects
to perform activity classi cation. They apply the learned dyramics for the prob-
lem of detecting abnormal activities in a surveillance scenar Recently, Liu and
Ahuja [97] have proposed using autoregressive models on the Feurlescriptors
for learning the dynamics of a 'dynamic shape'. They use this rdel for perform-
ing object recognition, synthesis and prediction. Refer to 4b], [12] and references
therein for the treatment of some related work in the area of &cking subspaces.
Mowbray and Nixon [105] use spatio-temporal Fourier descripterto model the
shape descriptions of temporally deforming objects and perfio gait recognition

experiments using their shape descriptor.

1.3.2 Prior Work in Gait recognition

The study of human gait has recently been driven by its poterdi use as a biometric

for person identi cation. Since we evaluate the methods foromparing shape



sequences on the problem of gait-based human identi cationefre we outline some

of the prior work in gait-based human identi cation.

Shape based methods

Niyogi and Adelson [114] obtained spatio-temporal solids by ahg consecutive
images and use a weighted Euclidean distance for recognitidPhillips et al. [128]
provide a baseline algorithm for gait recognition using silhaite correlation. Han
and Bhanu [67] use the gait energy image while Wang et al. use Brostes shape
analysis for recognition [167]. Foster et al. [51] use area badedtures. Bobick
and Johnson [19] use activity specic static and stride parametsrto perform
recognition. Collins et al. build a silhouette based nearest ighbor classi er [32]
to do recognition. Several researchers [84] [93] have used HldMarkov Models
(HMM) for the task of gait based identi cation. Another shape basednethod for

identifying individuals from noisy silhouettes is providedn [151].

Kinematics based methods

Apart from these image based approaches Cunado et al. [34] motel movement
of thighs as articulated pendulums and extract a gait signate. But in such an
approach robust estimation of thigh position from a video can beery di cult.
[11] provides a method for gait recognition using dynamic a e invariants. In
another kinematics based approach [10], trajectories of thvarious parameters of a
kinematic model of the human body are used to learn a dynamicgstem. A model
invalidation approach for recognition using a model similard [10] is provided in
[104]. Tanawongsuwan and Bobick [150] have developed a nolization prcedure

that maps gait features across di erent speeds in order to corapsate for the



inherent changes in gait features associated with the speed odlking. All the
above methods have both static (shape) aspects and dynamic feegs used for gait
recognition. Yet the relative importance of shape and dynaros in human motion
has not been investigated. The experimental results presentedthis dissertation

shed some light on this issue.

Role of shape and kinematics in human gait

Johansson [80] attached light displays to various body parts drshowed that hu-
mans can identify motion with the pattern generated by a set ofmoving dots.
Since Muybridge [108] captured photographic recordings éfuman and animal
locomotion, considerable e ort has been made in the computaision, arti cial
intelligence and image processing communities to the understing of human ac-
tivities from videos. A survey of work in human motion analysis an be found
in [55].

Several studies have been done on the various cues that humase for gait
recognition. Hoenkamp [69] studied the various perceptualdtors that contribute
to the labeling of human gait. Medical studies [107] suggest ththere are 24 dif-
ferent components to human gait. If all these di erent compoents are considered
then it is claimed that the gait signature is unique. Since its very dicult to
reliably extract these components several other representais have been used. It
has been shown [35] that humans can do gait recognition eventire absence of
familiarity cues. Cutting and Kozlowski also suggest that dynanai cues like speed,
bounciness and rhythm are more important for human recogngn than static cues
like height. Cutting and Pro tt [36] argue that motion is not the simple compi-

lation of static forms and claim that it is a dynamic invariant that determines
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event perception. Moreover, they also found that dynamics wacrucial to gender
discrimination using gait. Therefore, it is intuitive to expect that dynamics also
plays a role in person identi cation though shape informatiommight also be equally
important. Interestingly, Veres et al. [164] recently did a stistical analysis of the
image information that is important in gait recognition and concluded that static
information is more relevant than dynamical information. h the light of such
developments, our experiments explore the importance of sfrapnd dynamics in
human movement analysis from the perspective of computer visiand analyze

their role in existing gait recognition methodologies.

1.4 Modeling Execution Rate Variations for Ac-
tion Recognition

One of the principal disadvantages of traditional methods focomparing shape
sequences is the inability to account for systematic variati@nin the execution-
rates. In activity recognition, di erent instances of the sameactivity may consist
of varying relative speeds at which the various actions are esuted, in addition to
other intra- and inter- person variabilities. Most existing al@rithms for activity

recognition, even if robust to intra- and inter-personal chages of the same activity,
are extremely sensitive to warping of the temporal axis due taaviations in speed
pro le. In Chapter 3, we propose a model that can account for vations in feature
due to execution rate variations in vision based human actiwtrecognition. Here,
we provide a brief literature review of some of the related dar work in human

activity recognition with special emphasis on execution rateariations.
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1.4.1 Prior Work in Activity Recognition:

Activity recognition has attracted tremendous interest in reent years because of its
potential in applications such as surveillance, security, anduman body animation.
Activity recognition has been an active research area since tl9's. The reader
can refer to the di erent surveys [4] [25] [54] on activity reagnition for a detailed
review of previous research in this area. [4] discusses the intpat issues in an
action recognition system while [25] provides a detailed reaw of the motion based
approaches. Broadly, action recognition has either been sied using probabilistic
graphical models such as hidden Markov models [172] [21] [LE®] and dynamic
Bayesian networks [73] [59] [122] [27] [91]. Since our appoas an attempt to
account for the variabilities that a ect action recognition, we provide a more in-
depth review of prior work in this area. Recently, [140] hasxplicitly enumerated
the three most important sources that contribute to variabilties in human activity

videos as a) Viewpoint change, b) Anthropometry of actors and &xecution rate.

Viewpoint and Anthropometry

Typical approaches for human action recognition begin by &acting features from
a single frame or a small set of frames. These features could be saniotion-
based features such as optical ow [72], and point trajectose[132], or simple
silhouette-based features such as binary background subtragtenages [100] or
shape features [160]. Irrespective of the actual feature useat fepresentation,
it becomes extremely important to ensure that these featuregethen invariant
to viewpoint of the camera and the body stature of the subject @hropometry).
Most approaches use simple scaling based laws to account for anfiwmetry while

more sophisticated approaches including a ne invariance areequired in order to
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account for view invariance.

The maximal points of 3D space-time curvature of tracked pois are shown to
be invariant to viewpoint and therefore used as features focton recognition [132].
Assuming the subject is far enough from the camera, an approach sgnthesize
side views of subjects from non-side views is proposed and usedview-invariant
gait recognition in [83]. [121] presents an approach for eaftrting 3D model based
invariants from 2D images and describes how these invariantsagnbe used in an
action recognition algorithm. Another popular approach foraction recognition is
to represent the action as a 3D spatio-temporal volume and thencorporate some
measure of view invariance into features extracted from theS® spatio-temporal
volumes as described in [30] [176] [16] [37]. Shechtman arehl[139] present an
approach based on space-time motion based correlation to matahtions with a
template. Recently, body stature statistics have been used inaer to account for

variations in features due to anthropometry [64].

Execution Rate

Inspite of this large body of work in accounting for viewpoinand anthropometry
invariance, very little has been done to account for the vaability in the execution
rate of the actors. Results on gait-based person identi cation slwn in [18] indicate
that it is very important to take into account the temporal variations in the person's
gait. In [158], we presented some preliminary work indicatinthat accounting for
execution rate enhances recognition performance for actioecognition. Typical
approaches for accounting for variations in execution ratare either directly based
on the dynamic time warping (DTW) algorithm [130] or some vaation of this

algorithm [158]. A method for computing an average shape forset of dynamic
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shapes is provided in [103]. A functional curve synchronisationodel to estimate
a longitudinal average (referred to as "functional convexvarage") is presented
in [99]. Neither of these methods address the issue of learning theture of time-

warping transformations for each class from the data. A methow learn the best
class of time-warping transformations for a given classi catioproblem is proposed

in [134].

1.5 Simultaneous Tracking and Behavior Analy-

Sis
Accurate shape dynamical models are not only e cient for the psblem of recogni-
tion, but they also serve as e ective priors that enable accuta tracking of subjects
in video. In Chapter 4, we show how accurate shape dynamical neddl can be used
for simultaneous tracking and behavior analysis. We apply theg®inciples to the
problem of tracking the position, orientation and the behawr of bees in a hive.
We present a system that can be used to analyze the behavior of inseand,
more broadly, provide a general framework for the represemi@n and analysis of
complex behaviors.

Behavioral research in the study of the organizational structe and communi-
cation forms in social insects like the ants and bees has re@slvmuch attention
in recent years [166] [144]. Such a study has provided some piad models
for tasks like work organization, reliable distributed commaication, navigation
etc [111] [106]. Usually, when such an experiment to study thesesétts is set up,

the insects in an observation hive are videotaped. The hourswtleo data are then

manually studied and hand-labeled. This task of manually laheg the video data
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takes up the bulk of the time and e ort in such experiments. In ths chapter, we
discuss general methodologies for automatic labeling of sucideos and provide
an example by following the approach for analyzing the movemnt of bees in a
bee hive. Contrary to traditional approaches that rst track objects in video and
then recognize behaviors using the extracted trajectoriesgvpropose to simultane-
ously track and recognize behaviors. In such a joint approachc@rate modeling
of behaviors act as priors for motion tracking and signi caryy enhances motion
tracking while accurate and reliable motion tracking enalels behavior analysis and

recognition.

1.5.1 Prior Work in Tracking:

There has been signi cant work on tracking objects in video. Mt tracking
methodologies can be classi ed as either deterministic or stadtic. Deterministic
approaches solve an optimization problem under a prescribeaist function [66] [33].
Stochastic approaches estimate posterior distribution of thegsition of the object
in the current frame using a Kalman Iter or particle Iters [24] [39] [75] [98] [179]
[88]. Most of these do not directly adapt well to tracking insest because they
exhibit very speci ¢ forms of motion ( for example, bees can ta by a right angle
within 2 or 3 frames). In order to extend such tracking methodst iis important
to consider the anatomy (body parts) of these insects and incorgate both their
structure and the nature of their motions in the tracking algoithm.

The use of prior shape and motion models to facilitate trackinpas been re-
cently explored in several works for the problem of human bodyacking. The
shape of the human body has been modeled as anything rangingnfr a simple

stick- gure model [92] to a complex super-quadric model [142F5everal tracking
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algorithms use motion models (like constant velocity modelandom walk model
etc) for tracking [75] [88] [13] [179]. There have also been somecent attempts
to model speci c motion characteristics of the human body to di as priors in
tracking [178] [29] [22] [177] [125].

Previous work on tracking insects has concentrated on speeddareliability of
estimating just the position of the center of insects in videos $[115]. Inspired by
the studies in human body tracking mentioned above, we expbthe e ectiveness
of higher level shape and motion models for the problem of tddnog insects in
their hives. We believe that such methods lead to algorithms wene tracking and
behavior analysis can both be performed simultaneously i.e.hike these motion
priors aid reliable tracking, the parameters of the motion mdels also encode in-
formation about the nature of behavior being exhibited. We mdel the behaviors
exhibited by the insect using Markov motion models and use theseottels as pri-
ors in a tracking framework to reliably estimate the locationand the orientation
of the various body parts of the insect. We also show that it is posde to make
inferences about the behavior of the insect using the parameteestimated via the

motion model.

1.5.2 Prior Work in Analyzing Bee Dances

There is a great deal of interest, and a signi cant need for delming automated
methods for (a) detecting dancing bees in video sequences #darurately tracking
dance trajectories and (c) extracting the dance parametedescribed above. Butin
most of these cases, the experimenters manually study the vided®ee dances and
annotate the various bee dances. This is usually time-consurgirtiring and error-

prone. Some recent e orts into automating such tasks have statl emerging with
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the advances made in vision based tracking systems. [47] suggestsutbe of Markov
models for identifying certain segments of the dances but thimethod relies on the
availability of manually labeled data. [88] suggests the use afRao-Blackwellized
particle Iter to track the center of the bee during dances. Tl work does not
address the issue of behavioral analysis once tracking is doneorkbver, some of
the parameters of the dances that are essential for decodingetlilance like the
orientation of the thorax during the waggle etc., are not estnated directly. [115]
suggests the use of parametric switched linear dynamical system-$pDS) for
learning motions that exhibit systematic temporal and spatialvariations. They
use the position tracking algorithm proposed by [88] and obtaitrajectories of
the bees in the videos. An Expectation-Maximization based algthm is used for
learning the p-SLDS parameters from these trajectories. Much the same spirit,
we also model the various behaviors explicitly using hierandal Markov models
(which can be viewed as SLDS). Nevertheless, while position tkitrtg and behavior
interpretation are completely independent in their system, ére, we close the loop
between position tracking and behavior inference thereby ahling persistent and
simultaneous tracking and behavior analysis. In such a "simultawous tracking and
behavioral analysis approach” the behavior modeling enhagg tracking accuracy

while the tracking results enable accurate interpretation fooehaviors.

1.6 Coded Aperture Imaging for Light-Field Cap-
ture

Another contribution of this dissertation is to the eld of computational imaging.

The current trend in computational imaging is to capture moe optical information
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at the time of capture to allow greater post-capture image pessing abilities. In
this regard, we are interested in the capture of light- elds s.opposed to traditional

2D images. Light elds characterizes the irradiance of eaclay in space using a 4
dimensional twin plane parameterization (Levoy and Hanrahaf95] and Gortler et.

al. [61]). By capturing a light eld of the scene, all informaton content about the

scene appearance can be obtained. Digital cameras, howevee, able to sample
only a 2-dimensional projection of this light- eld, as sensorare limited to be 2-

dimensional surfaces and are typically isotropic with respecbtirection of incident

rays.

In order to capture the information content in the entire light- eld, it is neces-
sary to modulate/transform it so that the information in the angular dimensions
can be sampled by the sensor. Several optical elements performstmodulation
in previously proposed capture devices. A straightforward waytsample angular
dimensions is viewpoint sampling. This can achieved by using @mkse array of
cameras, one for each viewpoint as in [171]. Such dense cameraya, however,
are impractical for consumer applications since they introdie a host of synchro-
nization and networking issues apart from their sheer bulk. In Rapter 5, we
propose 'non-refractive’ modulators and show that these modatbrs are actually
a very powerful class of modulators that can be used to design nyaof the opti-
cal devices that were previously designed using precise refraetmodulators like
microlens arrays. In particular, we show a design of a light- €l camera that uses
just a patterned mask inside a traditional camera. The pattern o the mask acts
as a powerful 4D modulator that modulates the incoming lighteld and enables

multiplexing the 4D light- eld onto the 2D sensor.
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1.6.1 Related Work

Light Field Acquisition: Integral Photography [96] was rst proposed almost a
century ago to undo the directional integration of all rays eiving at one point on
a Im plane or sensor, and instead measure each incoming directiseparately to
estimate the entire 4D function. For a good survey of these rst iegral cameras
and its variants, see [79,102,117]. The concept of the 4D ligkdd as a represen-
tation of all rays of light in free-space was proposed by Levoynd Hanrahan [95]
and Gortler et al [61]. While both created images from virtuaviewpoints, Levoy
and Hanrahan [95] also proposed computing images through a val aperture,
but a practical method for computing such images was not demsimated until
the thorough study of 4D interpolation and Itering by Isaksenet al. [74]. Simi-
lar methods have also been called synthetic aperture photogia/ in more recent
research literature [94, 153].

To capture 4D radiance onto a 2D sensor, following two approaet are popular.
The rst approach uses an array of lenses to capture the scene fraan orderly
grid of viewpoints, and the image formed behind each lens pides an orderly
grid of angular samples to provide a result similar to integral [potography [77,96].
Instead of xed lens arrays, Wilburnet al. [171] perfected an optically equivalent
con guration of individual digital cameras. Georgievet al. [57] and Okanoet
al. [118] place an array of positive lenses (aided by prisms in [5T) front of a
conventional camera. The second approach places a single ¢éalgns in front of an
array of micro-lenses treating each sub-lens for spatial sampleTheseplenoptic
cameras by Adelson et al. [2] and Nget al. [112] form an image on the array
of lenslets, each of which creates an image sampling the angutlstribution of

radiance at that point. This approach swaps the placement of gfial and angular
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samples on the image plane. Both these approaches trade spatedolution for
the ability to resolve angular di erences. They require very pecise alignment of
microlenses with respect to sensor.

Our mask-based heterodyne light eld camera is conceptuallyi drent from
previous camera designs in two ways. First, it usason-refractive optics, as op-
posed to refractive optics such as microlens array [112]. Sedly, while previous
designs sample individual rays on the sensor, mask-based design damimear
combination of rays in Fourier space. Our approach also trades spatial reselu
tion for angular resolution, but the 4D radiance is captured sing information-
preserving coding directly in the Fourier domain. Moreovenye retain the ability
to obtain full resolution information for parts of the scene tlat were in-focus at
capture time.

Coded Imaging: In astronomy, coded aperture imaging [141] is used to over-
come the limitations of a pinhole camera. Modi ed Uniformly Rdundant Arrays
(MURA) [63] are used to code the light distribution of distant stars. A coded
exposure camera [133] can preserve high spatial frequencies imotion-blurred
image and make the deblurring process well-posed. Other typasimaging modu-
lators include mirrors [48], holograms [149], stack of lighdttenuating layers [180]
and digital micro-mirror arrays [109]. Previous work invaling lenses and coded
masks is rather limited. Hiura & Matsuyama [68] placed a mask wittiour pin
holes in front of the main lens and estimate depth from defocuny capturing mul-
tiple images. However, we capture a single image and hence lablk tability of
compute depth at every pixel from the information in defocu$lur. Nayar & Mit-
sunaga [110] place an optical mask with spatially varying transittance close to

the sensor for high dynamic range imaging.
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Wavefront Coding [40, 41, 154] is another technique to achieve extended
Depth of Field (DOF) that use aspheric lenses to produce images with a depth-
independent blur. While their results in producing extendedlepth of eld images
are compelling, their design cannot provide a light eld. Ourdesign provides
greater exibility in image formation since we just use a pattened mask apart
from being able to recover the light eld. Passive ranging thragh coded apertures
has also been studied in the context of both wavefront codinglBand traditional
lens based system [46].

Several deblurring and deconvolution techniques have alsedn used to recover
higher spatial frequency content. Such techniques includetended DOF images
by refocusing a light eld at multiple depths and applying thedigital photomontage

technique (Agarwalaet al. [3]) and fusion of multiple blurred images ( [65]).

1.7 Organization of the Thesis

Chapter 2 introduces the problem of comparing shape sequeneaes presents
parametric and non-parametric algorithms for comparing shee sequences.
The presented algorithms are rigorously evaluated on publichvailable gait
based person identi cation datasets. Interesting observationsaut the role

of shape and kinematics in gait-based person identi cation ar@so made.

Chapter 3 motivates the need to model execution rate variains in order
to perform e ective human activity recognition. A model to learn the sys-
tematic execution rate variations in a class speci ¢ manner @a Bayesian
algorithm to perform activity recognition in the presence okuch execution-

rate variations are presented. A special case which leads to atfaynamic
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programming based inference algorithm is also highlighted.

Chapter 4 describes how accurate shape dynamical models may used
as e ective priors for the problem of simultaneous tracking rad behavior
analysis. A system is presented where complex behaviors are medehs
hierarchical markov motion models and these act as priors ingarticle Iter

based tracking algorithm. These principles are then appliedtthe problem

of tracking and analysing the behavior of bees in a hive.

Chapter 5 describes a new theoretical framework for reversfbmodulating
4D light elds using an attenuating mask in the optical path of alens based
camera. Based on this framework, a novel design to reconstrutiet4D light
eld from a 2D camera image without any additional refracti\e elements as

required by previous light eld cameras is proposed.

Finally, Chapter 6 discusses the conclusions of this thesis and gaates

future directions of study.
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Chapter 2

Comparing Shape Sequences

In typical video processing tasks the input is a video of an objear a set of objects
that deform or change their relative poses. The essential infoation conveyed by
the video can be usually captured by analyzing the boundary (ape) of each
object as it changes with time. The manner in which this shapehange occurs
provides clues about the nature of the object and sometimesasgvabout the activity

performed by the object. Consider the manner in which the shaé the lip changes
when we speak. The manner in which the shape of the lip changesidg speech
provides signi cant information about the actual words that are being spoken.
Consider the two words "arrange' and ‘ranger'. If we take disgte snapshots of the
shape of the lip during each of these words we see that the two seftsmapshots will
be identical(or almost identical) though the ordering of thediscrete snapshots will
be very di erent for these two utterances. Therefore any methibthat inherently

does not learn/use the dynamics information of this shape chga will declare
that these two utterances are very close to each other while irality these are
very di erent words. Therefore, in cases such as this, where shaphange is

critical to recognition, it is important to consider the entire shape sequence, i.e.,
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the shape sequence is more important than the individual shapasdiscrete time
instants. There are many such cases where the nature of shape clesngf silhouette
of a human provides information about the activity performd by the human.
Consider the images shown in Fig:2.1. It is not very di cult to perceive the fact
that these represent the silhouette of a walking human. Apart fro providing
information about the activity being performed, there are B0 several instances
when the manner of shape changes provides valuable insightgaeling the identity
of the object. The discrimination between two such classes is sigantly improved

if we take the manner of shape changes into account. Thus it isyportant to be
able to learn the dynamics of shape changes or at the least to b@eato compute
meaningful distances between such shape sequences. We descritlegavametric
and non-parametric methods to compute meaningful distance easures between
two such sequences of deforming shapes. The methods provided gaeeric and
can be used to characterize the time evolution of any set of lamérk points, not

necessarily on the silhouette of the object.

2.1 Kendall's Shape Theory - Preliminaries

2.1.1 De nition of Shape

\Shape is all the geometric information that remains when lcation, scale and
rotational e ects are Itered out from the object" [43]. We use Kendall's statisti-
cal shape as the shape feature. [43] provides a description oé tvarious tools in
statistical shape analysis. Kendall's representation of shape debes the shape
con guration of k landmark points in an m-dimensional space aa k m matrix

containing the coordinates of the landmarks. In our analysisevhave a 2 dimen-
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Figure 2.1: Sequence of shapes as a person walks frontopdsalle

sional space and therefore it is convenient to describe the shapector as ak
dimensional complex vector.

The binarized silhouette denoting the extent of the object iran image is ob-
tained. A shape feature is extracted from this binarized silheette. This feature
vector must be invariant to translation and scaling since the olects identity should
not depend on the distance of the object from the camera. So afgature vector
that we obtain must be invariant to translation and scale. This yelds the pre-
shape of the object in each frame. Pre-shape is the geometri¢ommation that
remains when location and scale e ects are ltered out. Let th con guration of
a set of k landmark points be given by a k-dimensional complexater containing
the position of the landmarks. Let us denote this con gurationas X. Centered

pre-shape is obtained by subtracting the mean from the con gation and then
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scaling to norm one. The centered pre-shape is given by

X 1
¢ ; where C=1, =ZL17; (2.1)

Ze= 1 OX K K

where k is a k k identity matrix and 1 is a k dimensional vector of ones.

2.1.2 Distance between shapes

The pre-shape vector that is extracted by the method describeabove lies on a
sphere. Therefore a concept of distance between two shapes mustude the
non-Euclidean nature of the shape space. Several distance netrhave been de-
ned in [43]. Consider two complex con gurations X and Y with orresponding
corresponding preshapes and . The full Procrustes distance between the con g-
urations X and Y is de ned as the Euclidean distance between éhfull Procrustes

t of and . Full Procrustes tis chosen so as to minimize
d(yY; X) =k sel  (a+ jb)Lk; (2.2)

wheres is a scale, is the rotation and (a+ jb) is the translation. Full Procrustes

distance is the minimum Full Procrustes ti.e.,
de (Y; X) = infbd(Y;X): (2.3)
S;;a;

We note that the preshapes are actually obtained after Itemg out e ects of trans-
lation and scale. Hence, the translation value that minimizeshe full Procrustes
tis given by (a+ jb) =0, while the scales =] jis very close to unity (where
denotes the complex conjugate transpose). The rotation anglethat minimizes
the Full Procrustes tis given by = arg(j j).
The partial Procrustes distance between con gurations X and Ys obtained by

matching their respective preshapes and as closely as possible over rotations,
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but not scale. So,

do(X;Y)= inf K k: (2.4)

It is interesting to note that the optimal rotation  is the same whether we compute
the full Procrustes distance or the partial Procrustes distance The Procrustes
distance (X;Y) is the shortest great circle distance between and on the
preshape sphere. The minimization is done over all rotations. hlis is the
smallest angle between complex vectorsand over rotations of and . The

three distance measures de ned above are all trigonometrigakelated as
d=(X;Y) =sin ; (2.5)

dp (X;Y) = 23in(§): (2.6)

When the shapes are very close to each other there is very litdeerence between
the various shape distances. In our work we have used the variousygh distances
to compare the similarity of two shape sequences and obtain rggdtion results
using these similarity scores. Our experiments show that the cheicof shape-
distance does not alter recognition performance signi cantlfor the problem of
gait recognition since the shapes of a single individual lie weclose to each other.
We show the results corresponding to the partial Procrustes distae in all our

plots.

2.1.3 The tangent space of the shape space

The shape tangent space is a linearization of the spherical shaggace around a
particular pole. Usually the Procrustes mean shape of a set of siarilshapes(Y)
is chosen as the pole for the tangent space coordinates. The Rustes mean

shape( ) is obtained by minimizing the sum of squares of full Procrustegistances

27



from each shape Yto the mean shape, i.e.,
=arg inf  di(VY;; ): (2.7)

The pre-shape formed bk points lie on ak 1 dimensional complex hypersphere
of unit radius. If the various shapes in the data are close to eadther then
these points on the hypersphere will also lie close to each othd@rhe Procrustes
mean of this dataset will also lie close to these points. Therefotee tangent
space constructed with the Procrustes mean shape as the pole isagproximate
linear space for this data. The Euclidean distance in this tarmt space is a good
approximation to the various Procrustes distancesgd dp and in shape space in
the vicinity of the pole. The advantage of the tangent space ithat this space is
Euclidean.

The Procrustes tangent coordinates of a preshapeis given by
v(; )= i (2.8)

where is the Procrustes mean shape of the data.

2.2 Comparison Of Shape Sequences

In this section we provide a method based on dynamic time wargno compute
distances between shape sequences. We also provide methods baseautore-
gressive and autoregressive moving average models to learn tlgaainics of these
shape changes and use the distance measures between models assumeeof sim-
ilarity between these shape sequences. The methods describecthmn be used

generically for any landmark based description of shapes, notsjuto silhouettes.
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2.2.1 Non-Parametric method for comparing shape sequences

Consider a situation where there are two shape sequences and w&wvio compare
how similar these two shape sequences are. We may not have any otgeci c
information about these sequences and therefore any attempt modeling these
sequences is dicult. These shape sequences may be of di eringadgh(number
of frames) and therefore in order to compare these sequences wedto perform
time normalization(scaling). A linear time scaling would benappropriate because
in most scenarios this time scaling would be inherently non-gar. Dynamic time
warping(DTW) which has been successfully used by the speech remgitign [130]
community is an ideal candidate for performing this non-liaar time normalization.
However, certain modi cations to the original DTW are also neessary in order to

account for the non-Euclidean structure of the shape space.

2.2.2 Dynamic time warping

Dynamic time warping is a method for computing a non-lineariine normaliza-
tion between a template vector sequence and a test vector seqoen These two
sequences could be of di ering lengths. The algorithm which [sased on dynamic
programming computes the best non-linear time normalizatioof the test sequence
in order to match the template sequence, by performing a searcdver the space
of all allowed time normalizations. The space of all time nornlizations allowed
is cleverly constructed using certain temporal consistency cetmaints. We list the
temporal consistency constraints that we have used in our implemtation of the

DTW below.

End point constraints: The beginning and the end of each sequenis rigidly

xed. For example if the template sequence is of length N and étest
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sequence is of length M then only time normalizations that maghe rst
frame of the template to the rst frame of the test sequence and s map
the Nth frame of the template sequence to the Mth frame of the testequence

are allowed.

The warping function(mapping function between the test sequee time to
the template sequence time) should be monotonically increagin In other
words the sequence of 'events' in both the template and the testegeences

should be the same.
The warping function should be continuous.

Dynamic programming is used to e ciently compute the best warpg function
and the global warping error.

Pre-shape, as we have already discussed lies on a spherical mihiforhe
spherical nature of the shape-space must be taken into accountthre implemen-
tation of the DTW algorithm. This implies that during the DTW computation
the local distance measure used must take into account the non-&ldean nature
of the shape-space. Therefore, it is only meaningful to use thederustes shape
distances described earlier. It is important to note that the Rocrustes distance
is not a distance metric since it is not commutative. Moreovetthe nature of the
de nition of constraints make the DTW algorithm non-commutdive even when
we use a distance metric for the local feature error. K(t) and B (t) are two shape
sequences then, we de ne the distance between these two sequebd@\(t); B(t))
as

D(A(1);B(t)) = DTW(A(t); B(t)) + DTW (B(t); A(1)); (2.9)
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P
where DTW (A(t);B(t)) = 1=T [, d(A(f (t)); B(g(t))) (f and g being the opti-
mal warping functions). Such a distance between shape sequensesommutative.
The isolation property i.e., D(A(t);B(t)) =0i A(t) = B(t), is enforced by pe-

nalizing all non-diagonal transitions in the local error meic.

2.2.3 Parametric models for shape sequences

In several situations, it is very useful to model the shape deforrti@ans over time.
If such a model could be learned either from the data or from thghysics of the
actual scenario, then it would help signi cantly in problems sah as identi cation
and for synthesizing shape sequences. We describe both autoregveésR) and
autoregressive and moving average(ARMA) models on tangent spguejections
of the shape. We describe methods to learn these models from seges and
compute distances between models in this parametric settingdur approach for
parametric modeling di ers from that of [97] in two important ways. The shape
feature on which we build parametric models preserves logglwhile the Fourier
descriptors that they use is a global shape feature. Thereforeiromethod can
in principle capture the dynamics of shape sequences locallydais better suited
for applications where di erent local neighborhoods of thehape exhibit di erent
dynamics. We use parametric modeling for modeling human ga#, very speci c
example where di erent local neighborhoods(di erent partsof the body) exhibit
di erent dynamics. Moreover, we also extend the parametric naeling from AR
to the ARMA model. The advantage of the ARMA model is that it can ke used
to characterize systems with both poles and zeros while the AR el can be used

to characterize systems with zeros only.
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2.2.4 AR Model on tangent space

The AR model is a simple time-series model that has been used vergaessfully
for prediction and modeling especially in speech. The probdibtic interpretation
of the AR model is valid only when the space is Euclidean. Thewg, we build an
AR model on the tangent space projections of the shape sequencexc®the AR
model is learned we can use this either for synthesis of a new shapguence or for
comparing shape sequences by computing distances between tlogleh parameters.
The time series of the tangent space projections of the pre-steapector of each
shape is modeled as an AR process. Let, ] =1;2;:::M be the M such sequences
of shapes. Let us denote the tangent space projection of the seages of shapes;

by . Now, the AR model on the tangent space projections is given by,
M= A )+ w(t) (2.10)

where, w is a zero mean white Gaussian noise process afid is the transition
matrix corresponding to thej'h sequence. For convenience and simplici; is
assumed to be a diagonal matrix.

For all the sequences in the gallery, the transition matricesra obtained and
stored. Given a probe sequence, the transition matrix for the pbe sequence
is computed. The distances between the corresponding transiti matrices are
added to obtain a measure of the distance between the models.Alfand B (for
] =1;2;:::N) represent the transition matrices for the two sequences, therne

distance between the models is de ned d3(A;B)
D(A;B) = jiA;  Bjjje; (2.12)

wherejj:jjr denotes the Frobenius norm. The model in the gallery that islasest

to the model of the given probe is chosen as the correct identit
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2.2.5 ARMA Model

We pose the problem of learning the nature of a shape sequence @ of learning
a dynamical model from shape observations. We also regard the Iplem of shape
sequence based recognition as one of computing the distancasvben the dynam-
ical models thus learned. The dynamical model is a continusustate, discrete
time model. Since the parameters of the models lie in a non-8lidean space, the
distance computations between the models is non-trivial. Leis assume that the

time-series of tangent projections of shapes(about its mean #ee pole) is given

by (t);t=1;2;;;; . Then an ARMA model is de ned as [23] [10]
()= Cx(t) + w(t);w(t) N(O;R) (2.12)
X(t+1)= Ax(t)+ v(t);v(t) N(O:Q): (2.13)

Also, let the cross correlation betweemw and v be given byS. The parameters of
the model are given by the transition matrixA and the state matrix C. We note
that the choice of matricesA; C; R; Q; S is not unique. However, we can transform

this model to the \innovation representation” [120] which isunique.

2.2.6 Learning the ARMA model

We use the tools from the system identi cation literature to estinate the model

parameters.The estimation is closed form and therefore simple implement. The

we have to learn the parameters of the innovation representah given by A ¢
and K (K :Kalman gain matrix of the innovation representation [120]) Note that
in the innovation representation, the state covariance matxilimy; E[x(t)x" (t)]

is asymptotically diagonal. Let [ (1) (2) (3):::: ()] = U VT be the singular
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value decomposition of the data. Then
E()=uU (2.14)
A= VD,V(VTDyV) * 1! (2.15)

whereD; =[00;1 ;0]andD, =[I 4 0;00].

2.2.7 Distance between ARMA Models

Subspace angles [58] between two ARMA models are de ned as thenpipal an-
gles (i;i = 1;2;::::n) between the column spaces generated by the observability
spaces of the two models extended with the observability mates of the inverse
models [31]. The subspace angles between two ARMA model&[C;; K] and
[A2; Cy; K;] can be computed by the method described in [31]. Using these sub-
space angles;;i = 1; 2;:::n, three distances, Martin distancedy ), gap distance(l)

and Frobenius distanceqr ) between the ARMA models are de ned as follows:
1

2 .
&, =In B 02( ) (2.16)
dg =SiN max; (2.17)
X
@2=2 s (2.18)

i=1
The various distance measures do not alter the results signi cip We show the

results using the Frobenius distanceg ).

2.3 Note on the limitations of Proposed Tech-
niques
The parametric models AR and ARMA were both done on the tangent sgge of

the shape manifold with the mean shape of the sequence being thaepof the
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tangent space. In problems like gait analysis, where the seveidiapes in the
sequence lie close to each other, this would be su cient. But to odel sequences
where the shapes vary drastically within a sequence, it might beecesssary to
develop tools to translate the tangent vectors appropriatgl so that modeling is
performed on a tangent space that varies with time. Preliming experiments in
this direction indicate that performing such complex non-stidonary modeling for
a single activity like gait leads to over- tting while for studying multiple activities
this is signi cantly helpful.

The AR model for shape sequences due to its inherent simplicity ghit not
be able to capture all the temporal structure present in activies such as gait.
But, as is shown in [97], it can handle stochastic shape sequenceth wttle or
no spatial structure. In fact, [97] also used a similar AR model as aegerative
model for the synthesis of a re boundary sequence. The ARMA mods better
able to capture the structure in motion patterns such as gait sge the "C" matrix
encodes such structural details. The DTW algorithm can also hata& such highly
structured shape sequences such as gait, but is not directly inpeetable as a
generative model.

For the AR and ARMA models the shapes are initially projected tohe tangent
spaces of their respective mean shape. Models are tted in thessngent spaces
and their parameters are learnt. If the mean shapes for di er¢ sequences are
di erent, then these parameters are modeling systems in two dérent subspaces.
This fact must be borne in mind while computing distances betves models. The
ARMA model elegantly does this by invoking the theory of compéng models on
di erent subspaces from system identi cation literature. Thus,it is able to handle

modeling on di erent subspaces. (Note that theC matrix encodes the subspace
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and is used in the ARMA distance computation). The AR model does naccount
for modeling in di erent subspaces and therefore produces mmeagful distance
measures only when the two mean shapes are similar. The DTW methworks
directly on the shape manifold and not on the tangent space. Thefore, the DTW
is also general and does not su er from the above-mentioned lation of the AR

model.

2.4 Experiments and Conclusions

We describe the various experiments we designed using the aitions previously
discussed in order to study gait-based human recognition. We alscoghan exten-
sion of the same analysis for the problem of activity recognitio The goals of the

experiments were:

1. Show the e cacy of our algorithms in comparing shape sequeeg by applying

it to the problem of automated gait recognition.

2. Study the role of shape and kinematics in automated gait regnition algo-

rithms.

3. Make a similar study on the role of shape and kinematics for agty recog-

nition.

Continuing our approach in [161] we use a purely shape based teicjue called the
Stance Correlation to study the role of shape in automated gaiecognition.
The algorithms for comparing shape sequences were applied @ tstandard

databases. The USF database [128] consists of 71 people in the ®@alle Vari-

1A more expanded version is available on which we haven't yet experimented.Howevave do

not expect our conclusions to alter signi cantly.
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ous covariates like camera position, shoe type, surface and @énwere varied in a
controlled manner to design a set of challenge experimehfd28]. The results are
evaluated using cumulative match scoréCMS) curves and the identi cation rate.
The CMU database [32] consists of 25 people. Each of the 25 pequeform four
di erent activities(slow walk, fast walk, walking on an inclined surface and walk-
ing with a ball). For the CMU database we provide results for remgnition both
within an activity and across activities. We also provide some sellts on activity

recognition on this dataset.

2.4.1 Feature Extraction

Given a binary image consisting of the silhouette of a person, weed to extract
the shape from this binary image. This can be done either by dorm sampling
along each row or by uniform arc-length sampling. In uniform sapling, landmark

points are obtained by identifying the edges of the silhouedtin each row of the
image. In uniform arc length sampling, the silhouette is inially interpolated

using critical landmark points. Uniform sampling on this intermplated silhouette
provides us with the uniform arc-length sampling landmarks. @ce the landmarks
are obtained, the shape is extracted using the procedure deberd in 2.1. The
procedure for obtaining shapes from the video sequence is drally illustrated

in Figure 2.2. Note that each frame of the video sequence mapsagoint on the

spherical(hyper-spherical) shape manifold.
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Figure 2.2: Graphical illustration of the sequence of shapestaimed during gait
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Figure 2.3: Cumulative Match Scores on the USF gait database ngi (a)Dynamic

Time Warping on shape space and (b)ARMA model on tangent space

2.4.2 Results on the USF Database

On the USF database we conducted experiments on recognitionrfpemance us-
ing these methods- Stance Correlation, DTW on shape space, Starltased AR(a
slight modi cation of the AR model [161]) and ARMA model. Gait recognition
experiments were designed for challenge experiments A-G. Eeeexperiments fea-
tured and tested the recognition performance against variou®variates like camera
angle, shoe type, surface change etc. Refer to [128] for a dethidescription of the
various experiments and the covariates in these experimentsigure 2.3 shows the
CMS curves for the challenge experiments A-G using the Dynamiicne warping
and the ARMA model. The recognition performance of the DTW baskmethod is
comparable to the state of art algorithms that have been testedn this data [84].
The performance of the ARMA model is lower since human gait is @&k complex

action and the ARMA model is unable to capture all these detalils.

2Challenge Experiments:Probes A-G in increasing order of di culty.

3Plot of percentage of recognition Vs rank.
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Figure 2.4: Results on the USF Gait database. (a)Average CMS ce(Percentage

of Recognition Vs Rank) and (b)Bar Diagram comparing the ideihcation rate

In order to understand the signi cance of shape and kinematic® igait recog-
nition, we ran the same experiments with other purely shape angurely dynam-
ics based methods as described in [161]. Figure 2.4(a) shows #éverage CMS

curves(average of the 7 Challenge experiments:Probes A-G) the various shape

and kinematics based methods.

The following conclusions are drawn from Figure 2.4(a):

The average CMS curve of the Stance Correlation method showthat shape with-

out any kinematic cues provides recognition performance dew baseline. The

baseline algorithm is image correlation based and can be foul in [128].

The average CMS curve of the DTW method is better than that of Sance Corre-

lation and close to baseline.

The improvement in the average CMS curve in the DTW over that of the Stance

Correlation method can be attributed to the presence of thisimplicit kinematics,

because the algorithm tries to synchronize two warping patls.
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Both methods based on kinematics alone(Stance based AR andRAMA model) do

not perform as well as the methods based on shape.

The results support our belief that kinematics helps to boos recognition perfor-

mance but is not su cient as a stand-alone feature for person denti cation.

The performance of the ARMA model is better than that of the Stance based
AR model. This is because the observation matrixC) encodes information about
the features in the image, in addition to the dynamics encodd in the transition

matrix( A).

Similar conclusions may be obtained by looking at the CMS cuves for the 7
experiments(Probes A-G) separately. We have shown the avege CMS curve for

simplicity.

2.4.3 Results using Joint angles

In this section we describe experiments designed to verify theect that our inference
about the role of kinematics in gait recognition was not depelent on the feature
that we chose for representation (Kendall's statistical shape).In order to test
this, we performed some experiments on the actual physical pamaters that are
observable during gait i.e., the joint angles at the varioujnts of the human body.
We used the manually segmented images provided in the USF dataget these
experiments. We inferred the angles (angle in the image planef eight joints
(both shoulders, both Elbows, both Hips and both Knees) as the sulafs walked
frontoparallel to the camera. We used these angles (which arbysically realizable
parameters) as the features representing the kinematics ofigaWe performed
recognition experiments using the DTW directly on this featte. Figure 2.5(a)

shows the CMS curves for three probes for which the manual segitesl images
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were available. The recognition performance is comparahkie purely kinematics
based methods using our shape feature vector (refer to Figur&8g) ).

We also generated synthetic images of an individual walking ugj a truncated
elliptic cone model for the human body and using the joint angk extracted from
the manually segmented images. Figure 2.6 shows some sample imabat were
generated using this truncated elliptic cone model. We also fermed recogni-
tion experiments on this simulated data using the DTW based shapsequence
analysis method described in section 4.1. Figure 2.5(b) showet&MS curves for
this experiment. The results of these experiments are consistenth the experi-
ments described earlier (2.3(b) and 2.5(a)), indicating thafor the purposes of gait
recognition, the amount of discriminability provided by thedynamics of the shape
feature is similar to the discriminability provided by the dyramics of physical pa-
rameters like joint angles. This means that there is very lite (if any) loss in using
the dynamics of the shape feature instead of dynamics of the hambody parts.
Therefore, our inferences about the role of kinematics withost probably remain

una ected irrespective of the features used for representatio

2.4.4 Results on the CMU Dataset

The CMU dataset has 25 subjects performing four di erent actities- fast walk,
slow walk, walking with a ball and walking on an inclined plane We perform
an experiment on the recognition performance(i.e., identation rate) using two
methods - the Stance Correlation(pure shape) method and ARMA odel. The

results on the CMU dataset are shown in Table 1.
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Figure 2.5: CMS curve using (a) DTW on joint angles and (b) Shap sequence
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Figure 2.6: Sequence of silhouettes simulated using joint aagland truncated

elliptic cone human body model
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Activity Slow Fast Walk with | Inclined

Walk Walk Ball plane
Slow Walk 100(100)| 80(72) 48(64) 48
Fast Walk 84(75) | 100(100)| 48(60) 28

Walk with Ball | 68(70) | 48(50) | 92(100) 12

Inclined plane 32 44 20 92

Table 2.1: Identi cation rates on the CMU Data: Numbers outsie braces are
obtained using Stance Correlation while those within the bras are obtained using

the ARMA model.

2.5 Conclusions and Future Work

We have proposed novel methods for comparing two stationary gy& sequences
and shown their applicability to problems like gait recognion and activity recog-
nition. The non-parametric method, using DTW is applicable ¢ situations where
there is very little domain knowledge and therefore paramet modeling of shape
sequences is di cult. We have also used parametric AR and ARMA mod on
the tangent space projections of a shape sequence. The abilifytlrese methods
to serve as pattern classi ers for sequences of shapes has been shoynapplying
them to the problem of gait and activity recognition. We are arrently working
on building complex parametric models that capture more detls about the ap-
pearance and motion of objects and models that can handle netationary shape
sequences. We are also attempting to build models on the shape spatstead of
working with the tangent space projections. Moreover, our exgiments on gait
recognition lead us to make an interesting observation abouté¢ role of shape

and kinematics in human movement analysis from video. The egpments on gait
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recognition indicate that body shape is a signi cantly more irportant cue than
kinematics for automated recognition, but using the kinemats of human body

improves the person identi cation capability of shape based cegnition systems.
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Chapter 3

Modeling Execution Rate

Variations for Action Recognition

Pattern Recognition in videos is gaining momentum in recentears because of its
applicability to several problems such as gait-based person miecation, activity
modeling and recognition, video-based face recognition et®attern recognition
in video streams is often a very challenging task because of thelltitude of spa-
tiotemporal changes that can occur in a video capturing thexact same event.
Several algorithms and methods account for the spatial vatians due to changes
in lighting, pose and appearance of individual objects. Nevértless, very little
work has been done to account for the complex temporal variahs that occur in
videos. For example, in activity recognition, di erent instances of the same activity
may consist of varying relative speeds at which the various aotis are executed,
in addition to other intra- and inter- person variabilities. Most existing algorithms
for activity recognition are not very robust to intra- and inter-personal changes of
the same activity, and are extremely sensitive to warping of theemporal axis due

to variations in speed pro le.
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In this chapter, we study the variations due to execution raten a systematic
way. We model an action sequence as a composition of these two sesrof vari-
ability - variability on the feature space and variability due to execution rate. By
keeping the model on the feature space completely indepentief the model on
the space of execution rates, we are then able to exploit any dietabove mentioned
viewpoint invariant features in our method. Therefore, as wre sophisticated fea-
tures become available our model will be able to exploit thénaracteristics of those
features while retaining the ability to deal with variations in execution rate. We
explicitly model execution rates and derive a Baysian classition algorithm for
action recognition. If the chosen features are viewpoint andnthropometry in-
variant, then the resulting algorithm becomes invariant to # the three signi cant
modes of variations - viewpoint, anthropometry and executn rate. Moreover,
since the model developed is general and not necessarly resgicto action recog-
nition, we believe that similar models may be used for other afipations which
require rate-invariance.

Motivation:  Consider the INRIA iXmas activity recognition dataset. Shown
in Figure 3.1(L) is the distribution of the number of frames indi erent executions
of the same activity for four distinct activities. Figure 3.1(1) clearly shows that
for the same activity the rate of execution and consequently thnumber of frames
during the execution varies signi cantly. Moreover, in most ealistic scenarios this
temporal warping might also be inherently non-linear makingimple resampling
methods ine ective. This implies that for uncontrolled scearios the variations
due to temporal warpings could be even more signi cant. Ignorg this temporal
warping might lead to structural inconsistencies apart from mviding poor recog-

nition performance. The sequence of images shown in the rst twows of Figure
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Figure 3.1: (L) Histogram of the number of frames in di erent egcutions of the
same action in the INRIA iXmas dataset. The histograms for 4 di erst activities
are shown. (a) Cross Arms (b) Sit Down (c) Get Up (d) Wave hands. (R) Bw 1,
Row 2: Two instances of the same activity.  Row 3: A simple averagequence.

Row 4:Average Sequence after accounting for time warps.

3.1(R) correspond to two di erent instances of the same indivigal performing the
same activity. There is an obvious temporal warping betweerhé two sequences.
If this temporal warping is ignored, the distance between tlse two sequences will
be large, leading to incorrect matching. Moreover, if we adeoking for some sta-
tistical description of the activity like an average sequenceégnoring the temporal
warping could lead to structural inconsistencies like the presee of four arms and
two heads in the average sequence, shown in the third row of Figw3.1(R). If we
do account for temporal warping then such inconsistencies areoédded and the dis-
tance between the two sequences is rightly small. The fourthwoshows a typical
average sequence obtained by our method after accounting fone warping.

Why should the distribution of time-warps be class-speci c? To awer this, let

us consider the activity of jumping'. The subject may in pringple speed up certain
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portions of the activity relative to the others. But, during the actual moments the
subject has no contact with the ground, the only external foees on the subject are
those from gravitation and therefore, much as he/she might agimpt to, he/she
will not be able to change the execution speed during such timeshere are thus
physical, aesthetic and structural constraints that force di eent activities to have
di erent warping functions. The constraints themselves vary wh each activity
and therefore the eventual probability distribution on warpng functions varies

from one activity to another.

3.0.1 Contributions of this chapter

We propose a systematic generative model for activities that easunts for
variations in speed pro le of an activity. The model is compogkof anominal
activity trajectory and a probability distribution on the function space of
temporal warpings capturing the permissible activity-specc time warping
transformations. We show how one can e ciently impose a Riemanan
metric and perform exact and e cient statistical inference e ciently and
correctly using the square-root density form of the time warp fuctions. We

then derive a Bayesian solution for a rate-invariant classi cabn of activities.

We highlight a special case of this approach where we assume a omif
distribution on a convex subset of the warping functions and dee compu-

tationally e cient algorithms for learning and inference.

3.0.2 Outline of the chapter

We begin by providing a formal statement of the problem addresdén this chapter

in Section 3.1. Section 3.2 describes the geometry of the spadetime warps
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and presents algorithms for computing geodesics, distances gmibr probability
distributions on this space. Section 3.3 describes how these [®may be used in
order to learn the model parameters. Section 3.4 describes thgecial case of the
model when the probability distribution on the space of time wgings is uniform.
In Sections 3.5 and 3.6, we discuss how both the models devetbparlier can be
used in a Bayesian recognition framework in order to perform taty analysis,
recognition and activity-based person identi cation. Finaly, in Section 3.7, we

present the conclusions and future research directions.

3.1 Problem Statement

Let Cy;Cy;ii;Cy be M classes (in our casé& di erent activity labels). Here
we wish to tackle two tasks while accounting for time-warping 1. Given several
instances of an activity, we would like to build a model for thaactivity and 2.
Given a test sequence, we would like to classify the sequence to ohéhe models

in the database.

3.1.1 Feature for representation

Observations of an activity are typically obtained using vide cameras and they
are in the form of video frames. Raw videos are not appropriafeatures for rep-
resentation. In principle, the feature chosen to describe thec#on units must
have physical signi cance and one must be able to directly ideify the relation-
ship between the features extracted and the basic human pose.r foe problem
of activity recognition, 3-D joint angles would be ideal feres. Unfortunately,

estimating features like 3-D joint angles from images is exdmely di cult and un-
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reliable. So researchers have used several other features fsadibing the action
units [132] [103] [136] [84]. Since the USF gait database corsisf monocular
video, we use the shape of the silhouette (along with the approate Procrustes
distance ) as a feature [161] for the gait-based person identton experiments.
The INRIA iXmas dataset contains synchronized videos from mufbie views and
therefore allows us to compute and use the 3D Fourier based shdpatures de-
scribed in [170]. We refer the interested reader to [43] [161)da[170] for details
about the shape feature and the 3D circular FFT feature respacely.

For now let us assume that for each frame of the video, an appragte feature
has been extracted and that the video data has now been conegt into a feature
sequence given bff; f 2;:::; for frames 1 2; ::: respectively. We will useF to denote

the feature space associated with the chosen feature.

3.1.2 Model for warping functions

Let be adieomorphism (A di eomorphism is a smooth, invertible furction with
a smooth inverse.) from [01] to itself with (0) =0 and (1) =1. Also, let be
the set of all such functions. We will use elements of to denote time warping
functions. Our model for an activity consists of an average aeity sequence given
by a: [0;1] ! F , a parameterized trajectory on the feature space. Any time-

warped realization of this activity is then obtained using:

r=al (1)); 2 (3.1)

We note in passing that is a group with composition as the group operation
and the function (s) = s as the identity element. Equation 3.1 actually de nes
an action of on F %1 the space of all continuous activities. In our model, the

variability associated with in each class will be modeled using a distributioR
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on . For the convenience of analysis and computation ( refer Semt 3.2 ), we
prefer to work with =+ P __instead of directly. There is a bijection between
and and the probability models on directly relate to equivalent models on .
Thus, we will introduce probability distributions P on the set of all s, for each
activity class.

The parameters of this model ar@(t), the nominal activity trajectory, and P ,
the probability distribution on square-root representationsof time warping func-
tions. In general, the nominal activity trajectory a(t) can also be chosen to be
random. But, here, we restrict our analysis to cases where, th@minal activity
trajectory a(t) is deterministic but unknown. We will consider parametric foms
of densities forP and reduce the problem of learnind® to one of learning the
parameters of the distribution P . In particular, we highlight (in Section 3.4) a
special-case of a uniform distribution on the space of time warngs (called ‘func-
tion space of an activity'). This particular special-case ap@eed as a preliminary
conference paper [158].

Physical Signi cance of the Model: The nominal activity trajectory, a(t)
and the probability distribution on the space of time-warps,P together capture
all the possible realizations of the activity and provide the éscription of the ac-
tivity under di erent variabilities. In general, the nominal activity trajectories
of two di erent activities will be vastly di erent. The nomin al activity trajec-
tory for "walking' would consist of key postures like heel-stré toe-o , mid-stance
etc., while that of “sit down' would consist of the following agons - bend knee,
lower body, settle on chair and rest back on backrest. The distrition of activity-
speci ¢ temporal warpingsP , represents the space of all permissible time-warping

transformations for each activity. By learning this space, ware able to "interpo-
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late' appropriately between training sequences. Suppose tkeis a test sequence
that is within this space, but was not a part of the training segences. Most tem-
plate sequence based recognition techniques tend to misclassifgh test sequences.
Learning the function space of an activity provides our alg@hm with the gener-
alization power necessary to correctly classify such test sequenc®&loreover, by
learning this warping space formally, in a class speci ¢ mannewne also obtain bet-
ter discriminative power than other heuristic techniques fohandling time-warping.
The model M=f a; P g represents aunction spaceof activities whose elements are

composed of functions( (t)); 8 2

3.1.3 Problems

Here, we state informal descriptions of the various problems wash to tackle.

The Learning Problem

Given N labeled realizationsr;r;;rs; :::iry, Of an activity, we would like to learn
the model for this activity. This is equivalent to learning the nominal activity

trajectory a(t) and the distribution on the warping parameters given byP .

The Classi cation Problem

Suppose we have models fovl di erent activities fa';P'g!,. Given a test se-
guencer (t), we would like to classify this test sequence as belonging to oofkethe

M models.
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Clustering Problem

Given several realizations fronK di erent activities with no class labeling, we
would like to cluster these sequences inté distinct clusters such that sequences
within the same cluster are maximally similar while sequences di erent clusters
are dissimilar. Moreover, unlike traditional clustering algathms this similarity
is invariant to changes in exectution rate of the action sincéhe model for each

cluster is built to be rate-invariant.

3.2 Dierential geometric tools on the space of
time-warping functions

The model for a random observation of an activity class consistéa( (t)), wherea
is the average of that class and is a warping function. In order to classify activities
at variable execution rates, we need to analyze the warpingrfations as random
functions. However, the space of warping functions is not a vectspace and that
rules out the use of classical functional analysis for this task. @ alternative is
to utilize the di erential geometry of this space, impose a Rimannian structure
on it, and use appropriate tools to perform calculus and statigts of warping
functions. In particular, we can compute distances between wang functions,
estimate sample means for given warping functions, and imposergaetric and
non-parametric probability distributions on the space of wasing functions.

The next question is: What Riemannian structure on the space of wang
functions is suitable and convenient for activity recognion? The Fisher-Rao met-
ric is often used for analyzing probability density functions. (The Cramer-Rao

lower bound on estimation of parameters is derived using thisatric.) One major
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reason for its popularity is that it is invariant to arbitrary warpings of the functions
involved. In other words, under this metric the distance betwen any two warping
functions 4(t) and ,(t) is same as that between 1( (t)) and ,( (t)) for any
arbitrary warping function (t). This point is important in activity recognition
because, as we will point out in Section 3.3.4, the representat of an activity
model is not unique, i.e. there is no canonical choice offor representing activity
models. The choice of Fisher-Rao metric implies that the resulg distances are
same irrespective of the baseline time axis chosen to represertivay models.
The Fisher-Rao metric, when applied to di erent mathematicarepresentations
of ,ie. , ,log_, or p: takes di erent forms. Interestingly, in the case of
P —, this metric simpli es to the familiar and convenient L2 metric [9, 146].

Furthermore, the space of all warping functions, represented litheir square-root

density forms, under the Fisher-Rao metric, becomes a unit spleerThis is because
Z 1 Z 1
k k?= i ()j%dt = j_(t)dt= (2) ©0)=1":

0 0
For these two reasons { invariance to arbitrary time scalings ahthe spherical
nature of the resulting space, we choose the square-root densiynf to represent

and analyze variability associated with the warping functios.
Let the space of all square-root density forms be given by
Z 1
=f :[01]! R} O ; 2(t)dt=1g: (3.2)
This is the positive orthant of a unit hypersphere in the Hilbertspace of all square-
integrable functions on [Q1]. Let T ( ) be the tangent space to at any given

point . Then, for anyv; andv, in T ( ), the Fisher-Rao metric is given by
YA 1
hvy; Vol = vy (t)vo(t)dt: (3.3)
0
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Since is a sphere, its geometry is well known and we can directly usedun
expressions for tools such as geodesics, exponential maps, andrse exponential
maps on . Consequently, the algorithms for computing sample statisticsle ning
probability density functions, and generating inferences sb become straightfor-
ward.

We begin by describing some elements of di erential geometry o .

3.2.1 Geometry of

One way to quantify the di erences between two warping funebns is to compute
the distance between their corresponding representations in. This distance is
given by the length of a geodesic, the shortest path connectinigdse two points in

. We know that the geodesics on a sphere are the great circles @ahd geodesic
distance is simply the length of the shorter arc connecting thevb points on a
great circle. Given two warping functions ; and », and their square-root density

forms, ;and ,in , the geodesic distance between them on is given by
d( 1; 2)=cos *(h 1; 2i); (3.4)

whereh 1; ,i = Rol () (t)dt.

The geodesic path itself can also be computed rather simply. Takee radial
projection of the chord joining points ; and , onto the unit sphere results in
the geodesic. The chord joining ; and , isgivenby (1 s) 1+ s , wheres s
the parameter that identi es various points on this chord. The radial distance of
a point on this chord is given bys?+ (1  s)2+2s(1 s)(h 1; »i). Therefore, we

can analytically write the geodesic connecting; and , as: X : [0; 1]! ,

(1 s) 1+s :
s2+(1 s)2+2s(d s)(h 1 2i)’

X(s) =
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such that X (0) = ; and X (1) = . Another way to specify a geodesic path in

is by giving a starting point 2  and a starting directionv2 T ( ):

X (s) = cos(skvk) + sin(skvk)ﬁ ; (3.5)

q Itl
wherekvk = o V(t)2dt.

One use of geodesics is to de ne and compute the exponential mfegm T ()
to . Itis simply the value reached ats = 1 by a geodesic that starts from in
the direction v and moves at a constant speed. We can evaluate the exponential
map using:

exp (V) = cos(kvk) + sin(kvk)ﬁ: (3.6)

Similarly the inverse of the exponential mapexp 11( 2)=Vv2T,()canalso be

computed analytically using

u = 2 h 2, 1i 1 (37)
ucos X(h 1; 2i)

vV = D : 3.8

Py (3.8)

3.2.2 Statistical Analysis on

With the geometry of as speci ed above, let us derive some tools for statistical
analysis of data. Given a number of observed warping functionsye will esti-
mate the sample mean and covariance, use these estimates to deanévrapped-
Gaussian" density function and derive Bayesian classi cation afgithms using
these distributions as priors.

To compute the sample means of elements of, we will use the notion of
Karcher mean [85] that has been used frequently for de ning raas on nonlin-

ear manifolds. Suppose, we have di erent square-root density forms, given by
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1. 2.7 . Then, their Karcher mean is de ned as the element that minimizes

the sum of squares of geodesic distances:

X
=argmin  d(; )% (3.9)
i=1

where,d is the geodesic distance de ned in (3.4). Note that the Karcher ean may
not be unique and can instead be a set of elements. A commonly useub@ach
for nding a Karcher mean is to use the gradients and this is whie the exponential
map and its inverse are needed. The iterative update to the a@nt value of mean
is given by:

1 X
I exp (v); where v= o exp (1) (3.10)
i=1
and where is usually Q5. The next step is to de ne and compute a sample

covariance for the observed s. The key idea here is to use the fact that the
tangent spaceT ( ) is a vector space. Using a nite-dimensional approximation,
sayV T ( ), we can use the classical multivariate calculus for this purge. In

practice, we obtain a natural restriction wherv is observed at a nite number, say

of notation, we will denote this vector byv 2 RT. The resulting sample covariance
matrix is given by: = —; i ", Viv{, where eachy; is a T-dimensional sample of
the function exp ' ;. Note that by de nition, the mean of v;s should be zero. In
cases where the number of samplags smaller thanT, one can apply an additional
dimension-reduction tool to work on a smaller space. For instaeacwe can use the
singular value decomposition (SVD) of the sample covariance miat and retain
only the top m signi cant singular values and the corresponding singular veats.
In such cases, the covariance matrix is indirectly stored using; »;::: m, Singular
values and their corresponding singular vectons;; u,; :::Un.

Next, we de ne a \wrapped-Gaussian" probability density on . We say
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\wrapped-Gaussian" because is a non-Euclidean space and it is not possible to
de ne a Gaussian density here. We follow the tangent PCA (TPCA) aproach [147]
for de ning probability densities on nonlinear manifolds. Inthis approach, one de-
nes a Gaussian probability density on a tangent space of the mdoid and then
projects it onto the manifold using the exponential map. Howear, in our case
we will need only the samples from the eventual density functioand the explicit
functional form of that projected density is not needed. In fet, we will apply one
more transformation in taking the samples on to obtain samples on . For a
mean and covariance , we can de ne a normal density functionN (vj; ) on
the elements ofV T ( ). In case the data is available in the form of prior
samples, we can use the sample means and covariances to de ne tl@ssity on
the spaceV. The exponential map: exp : T ( ) ! maps this density to the
spherical space of square-root forms, and the mapping7! (t) = Rotj ( )j?d
takes it further to the space of warping functions. The expondial map results in
wrapping the Gaussian density on the tangent space onto the sphened therefore
the name wrapped-Gaussian We will denote the resulting densities on and

by P and P , respectively.

For a Bayesian classi cation of activities, as described later ithis paper, we
will need to estimate the posterior probability of di erent classes given the observed
data. In this calculation, the warping function is considere a nuisance variable
that needs to be integrated out. Using a Monte Carlo approach,ewvill generate
samples from the prior on and use those samples to approximate the nuisance
integral. Thus, we have a need to generate samples from the claggci c priors
P on . This, in turn, requires sampling from the probability density P , which

is accomplished as follows. Let and be the sample mean and the sample
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covariance of the square-root forms observed in a particulalass. Assume that
the covariance is stored in the form ofm singular values ;s and corresponding
singular vectorsu;s. In such cases, a random sample from the model is given

as

xn _
exp (V) where v z iy and z N(;1) (3.11)

i=1

This random sample can then be converted into a warping functn using the
partial integration 7! such that (t) = R.fj ( )j%d .

Toy Example Consider the toy example shown in Figure 3.2. Figure 3.2(a)
shows 30 sample time-warping functions from each of three drent classes (color
coded). The corresponding square-root density forms are shown3.2(b). For
each class using the samples of the square-root density forms we campute the
Karcher mean and the covariance. The Karcher means are shown3.2(d). The
mean time-warping functions for each class obtained by paatly integrating the
Karcher means are shown in 3.2(c). The model for each class aghé+warping
functions is encoded in the form of the corresponding Karcheneans and covari-
ances. Now one can generate random samples from this model asnilesd above.
Shown in 3.2(f) are sample square-root density forms generatading the model
parameters for each class (i.e., the Karcher mean and covawas). As before the
corresponding time-warping functions maybe computed via pi#al integration and

are shown in 3.2(e).

3.2.3 Global Speed of activity

We have restricted our attention to time-warping functions fom [0; 1] to itself, i.e
the functions that do not contract or dilate the full duration of the activity. We

claim that this is not restrictive, since any other time-warpng transformation can
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Figure 3.2: Figure is Color coded - Each color represents a drent class (a)
Random samples of time-warping functions belonging to 3 dirent classes (color
coded) (b) Corresponding samples of square-root density forms) (Mean time-
warping function for each class computed by partial integradn of the class-speci ¢
Karcher mean (d) Class speci ¢ Karcher mean computed using theragles shown
in (b) (e) Random samples generated from the stored model (f) Rdom samples

of generated from the stored Karcher means and covariance.
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be decomposed into two parts: a global linear scaling of the temal axis and
the non-linear time-warping functions that we have addressesb far. The e ect of
such a linear global temporal scaling is identical to the e ecdf changing the rate
of sampling.

Let a(t), for 0 t T,, be a vector valued function of time. Leth(t), for
0 t Ty be atime-warped version of(t), with the warping function given by
w(t), i.e., b(t) = a(w(t)), w(t) : [0;Tp] ! [0;Ta]. Now w(t) can be decomposed
asw(t) = T, (t=T,) where : [0;1] ! [0;1] i.e., a global linear dilation (or
contraction) and a non-linear warping . Without loss of generality we will use
the word time-warping transformation to synonymously denotefte non-linear time
warping function given by . In all our experiments we have rst identi ed the
global temporal scaling factor by identifying the start and stp instants of each
activity. The identi cation of the start and stop instants of each activity is also
done automatically by template matching. Once the global rporal scaling factor
is found, each realization of the activity is temporally dihited or contracted linearly
so that the total duration of the activity is a constant for all realizations of the

activity.

3.3 Learning and Classi cation Algorithms

Given N realizationsry;ry; ra; :::iry, of an activity, we need to learn the parameters
of the model for this activity. This amounts to learning the rominal activity

trajectory a(t) and the probability distribution P .
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3.3.1 Estimating P given a(t)

Let us assume that the nominal activity trajectorya(t) is known. Now we need to
estimate the parameters of the warping distribution which isigen by P . In order
to learn P , we rst warp each of the observed realizations of the activityo the
known nominal activity trajectory given by a(t). This warping can be performed
using the DTW algorithm. The DTW algorithm provides us with caresponding
warping functions (t) such that Rol kri(t) a( i(t))k?dt is minimized. Then, we
can compute ;s using ; = p:-.

Now, we have several samples;; »;::: to estimate the distribution P . As-
suming a "wrapped-Gaussian” distribution on , this amounts to estimating the
sample mean and the sample covariance of the observed. As described in
Section3.2.2, we can de ne and compute the Karcher mean of/gn ;s using the
exponential and the inverse exponential maps. The covarian¢e obtained simi-
larly by restricting to a T-dimensional approximationV of the vector spacel ( ).
Using SVD of observations iV, one ends up with the singular valuesq; »;::: n
and their corresponding singular vectorsiy; Uo; :::Upy,.

Thus, given the nominal activity trajectory a(t), we can estimate the parame-
ters of the warping distribution P , namely its Karcher mean ¢ and its covariance

stored indirectly using m singular values i; »;::: n and corresponding singular

vectorsug; Uy; iiUm.

3.3.2 Estimating a(t) assuming known warping functions
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or average activity trajectory a(t) using

1 X
a(t) = N ri( () (3.12)

i=1
3.3.3 lteratively estimating a(t) and P

Given N realizationsrq;ry;rs;:iry, of the same activity, we would like to learn
the parameters of the model for this activity. We do this by ieratively estimating
P and re ning our estimate of the nominal activity trajectory a(t) using the steps
described in the previous two sections. We rst initialize the nminal activity

trajectory to one of the realizations sayay,; (t) = r.(t). Then we estimateP

using the method described in Section 3.3.1. We then re ne thestanate of the
nominal activity trajectory using the method described in Sewon 3.3.2. These two
steps are iterated till convergence. In practice, we nd thathe iterations converge

very quickly (within 4 or 5 iterations).

3.3.4 Uniqueness of the Model parameters

The model parameters given bya(t) and P f ; g are not unique. Two
di erent sets of model parameterdM; = fa,(t); P ,gand M, = fay(t); P ,g, could
lead to the same distribution on the observation space. That is, thtwo models
may lead to the same distribution on the space of all activity rdeations. This
could happen if the corresponding nominal activity trajectoy and the distribution

on the space of warping transformations are related as

p_ p_ )
ax(t) = a1 (1)) 1= 4 2= 2 o) = 1( (1) 2= 1

(3.13)
When the conditions listed in (3.13) are satis ed, we notice thaa,( »(t)) =

ai( 1(t)), i.e., the mode of the activity trajectories is the same foboth models.
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Moreover, since the covariance matrices for the two modelseadentical ( ; = »),
this means that samples for either of these models will have meal distributions
and would therefore be indistinguishable. In practice this nans that there is an
equivalence class of models such that any two models from the sasquivalence
class are indistinguishable. The conditions for belonging thé same equivalence
class are those stated in (3.13). While performing classi caticaind inference based
on these model parameters it becomes essential to maintain umépess of model
parameters. Therefore, once we learn the model parameters always choose a
single canonical representation for each equivalence class. &ttat the choice of
this canonical representation does not a ect the performamcof the algorithm at
all as long as this choice is consistent. We choose the model with(t) = t, such
that the Karcher mean of the warping distribution correspondgo simple linear
warping and the covariance matrix of the warping transformaons encodes all the
non-linearities in the warping distributions. The canonicaimodel parameters are

unique and can be directly used for classi cation and inference

3.3.5 Generating activity samples from the model

The model for an activity is given by the nominal activity trajectory a(t) and
the distribution on warping transformations given byP . We can use this model

to generate random samples from the model. We rst generate rdom samples

corresponding time warp for each is computed. Let ;; ;;::: m be the corre-

sponding time warps. Then realizations from the model may be a@wvn as

ri(t)y=a( j(t))+ w() where wv N(;): (3.14)
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3.3.6 Classi cation Algorithm

Let us assume that we hav di erent models M;M,;:::M given by their ap-
propriate nominal activity trajectories a;; ay; :::ax and corresponding® given by
PL; P2 :::; PX. Given a test sequence(t), we would like to classifyr (t) to one of
the K possible classes. This classi cation task can be accomplished using MAP

estimation, i.e.,

ID =arg max P(Mijr) =arg-; .,..x maxP(rjM;)P(M;): (3.15)
The likelihood P (rjM;) can be computed as,
z
P(riM))=  P(rjM;; )P( jM;)d where P( jM;)= P": (3.16)

This integral can be estimated using Monte Carlo sampling metlis. We drawN
samples from the modeM; as described in Section 3.3.5. Using these samples we
estimate the likelihoodP (rjM;) as
1 XN :
P(riM;) = Nj—l P(rja; ;)  where v P()=P (3.17)
In order to compute the summation described above, we need a nebdor com-
puting the conditional likelihood P (rjM;; ;). The conditional warp probability is

inversely proportional to the distance between the warped namal activity trajec-

tory and the test sequence, i.e.,
yA 1
P(rjMi; j)=e P @20 whereD(r;ai( )= (r(t) a( j(t)3dt
0

(3.18)
and is a suitably chosen constant. As the number of sampl@$ increases the
accuracy of the approximation improves. One can also improvéd accuracy of

the approximation by performing importance sampling [38]. &t us assume that
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the proposal distribution from which the samples of the are drawn is given by

G( ). Then we drawN samples of from G and the integral is approximated as

XN .
Paim)= o P TG
j=1

where i v G(): (3.19)
In practice, using importance sampling signi cantly improveghe accuracy of the
approximation when using a nite number of samples. The e ectigness of the
importance sampling also critically depends upon the proposédistribution. The
proposal distribution or the importance distribution should iceally be as close to
the posterior distribution we wish to approximate. In practice we rst estimate
the mode of this posterior by computing the best warping transfaation between
the nominal activity trajectory of the model (a(t)) and the test sequencer(t)).
We set the mean of the importance distribution to be this warpig transformation
while letting the covariance of the importance distributionto be the same as the
covariance of the model. We have experimentally found thahts choice of impor-

tance distribution enables us to e ectively approximate thentegrals using Monte

Carlo methods with a reasonable number of random samples.

3.4 Function Space of Time-Warps

The model described in the previous sections represents an aityi using a nominal
activity trajectory a(t) and a probability distribution on the space of time warpings

P . There are two inherent di culties in practical implementations of such a
model inspite of its rigour. Firstly, since the model attemps tdearn a probability
distribution on the space of permissible time-warping functiosy the algorithm
for learning this P requires a reasonable number of sample realizations of each

action. In the presence of very few samples, the learning algbm might lead to
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under tting of the data. Moreover, as inference using this mdel is done using
Monte Carlo methods, the algorithms for inference are compaiionally expensive.
Suppose we relax the assumption about learning the probabilityistribution of
permissible time-warps and instead attempt to learn a subset in éhtime-warping
space and assume that the probability distribution of time-warp is uniform within
the learnt subset. Each activity can now be represented by usingreominal ac-
tivity trajectory given by a(t) and W, the set containing all the time warping
transformations permissible for that activity. Each realizaion of an activity is
given by a trajectory r(t) = a(f (t)) wheref 2 W. Such a model is a special case
of learningP where, we assume that the probability distribution is uniform a a
subsetW 2 in the space of time-warpings. The advantage of using such a molde
where the probability distribution is assumed uniform is that oth the learning and
the inference algorithms become simple dynamic programmipgoblems when we

constrain the setW to be a convex set.

3.4.1 Activity specic time-warping space ( W)

Even though represents the space of all plausible time-warping transformans,
every individual activity may only be able to access a subs&V of the candidate
functions in  because of the physical constraints imposed on the actor and the
activity. We can then model the activity using a uniform distrbution on this
subsetW. Then learning the parameters of the uniform distribution bds down
to learning this subsetW. Below, we discuss and visualize some properties of this

activity speci c time warping spaceW.

1. W is a subset of ,i.e., W
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2. (1) = tis a candidate function in W, i.e., (t) =t 2 W. This represents no time

warping.

3. It is reasonable to assume thatW is convex, i.e.,8 1; 22 W and 2 (0;1),
= 1+(1 ) 2 2 W. Since the derivative is a linear operator, this means

that if the rate of execution of some action unit can be speed# up by factors 1

and  then it can also be speeded up by any factor in between 1 and . This

is not just reasonable but in fact desirable.

This implies that W can be bounded above and below by functions | 2 W such

that
u(t) t I(t) 8t2(0;1) and u | 8 2W (3.20)

where 2=)  (t) o(t) 8t 2 (0;1). So, we can now index any such convex
spaceW by the functionsu and | and call it W, and learningW is essentially the

same as learning the upper and lower bounding functionsand I.

3.4.2 Symmetric representation of an Activity Model

As described for the "wrapped-Gaussian” distribution, the repr&entation of the
activity model given by M, = fa(t); Wy g is not unique. Let Upew(t) = f (u(t))

and lnew(t) = f 1(I(t)) and let f be a member function inW,,. Consider the new
model M, =fh(t); W, g= fa(f (t)); W g. For every realization of the

Unew Inew Unew Inew

model M, i.e., a( 1(t)) there exists a corresponding realization of the modéfi,
given by b(f 1( 4(t))). Therefore the two modelsM; and M, are equivalent. As
before, we will resolve this ambiguity by specifying a synchraing time such that
the average of all the warping functions inW; is the identity warping function.

The symmetric representation of the model is such thatipey(t) t=1 lew(t).
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Therefore the activity speci ¢ warping space can be represeat@sWs = Wy, .., 1new
wheres(t) = Upew(t) t=1 Ilew(t), represents the extent of possible temporal
warpings. This symmetric representation of the model is unique.e., if M; =
fay(t); Ws1g and M, = fay(t); We20, then My = My () a = aands; = s,.
Given a non-symmetric representation of the model, i.eM; = fa(t); Wy g,

we still need to determine a time-warping functiorf such that upper and lower

bounding functions of the new model are symmetric about the agonal. This is

achieved as
Unew(t) t =t lhew(t) (3.21)
(Substituting for unew(t) and applying the u ! operator)
) f(t)= fau *(t)y f *(I(u *()g*

This implicit function equation can be solved by xed point iterations asf (;(t) =
f2u 1(t) f 11)(I(u (1)) g !, wheref; represents the approximation of in the
i iteration. We initialize the iteration with f(t) = ““!®  we observe that
it converges within very few iterations with such an initialzation. Once we have
obtained this symmetrizing time warpf then any non-symmetric model parameters
M; = fa(t); Wyg can be transformed to its symmetric (unique) counterpart as
M = fh(t);Wsg, whereb(t) = a(f (t)) and s(t) = Upew(t) t =1 lew(t) =

f l(u(t) t.

3.4.3 Learning Model Parameters

Learning the model parameters can be done as before by itergf between the two

unknowns (a(t) and P ). Learning the nominal activity trajectory a(t) is done as
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described in Section 3.3.2. The only di erence between eariand now is during
the estimation of the parametersP . Earlier we computed the Karcher mean
and the covariance ofP for the wrapped-Gaussian distribution, here since the
parameters ofP are given by the upper and lower bounding functions we need to
estimate them. Given an estimate of the activity trajectorya(t) and corresponding
warping functions (t) for each realization, the the upper and the lower bounding

functions for the activity speci c time-warping set can be esthated as

0(t) = i:rP%N i(t); 8t2 (0;1) and f\(t) = i:rln;izf}:N i(t); 8t 2 (0;1):

(3.22)
Since each ; is constrained to be monotonously increasing and the end poirdse
xed, it is easy to see that the estimatesu(t) and {{t) also inherit these properties.
Thus the estimated modelM is given by M = fft); Wy g. This model param-
eters correspond to the non-symmetric version of the model an@rt be easily

transformed to the equivalent symmetric version of the model usy the procedure

described in Section 3.4.2.

3.4.4 Classi cation using the model

The primary advantage of using the uniform distribution on thespace of time-
warping functions instead of learning a class-speci c probalij density function
is that the classi cation algorithm becomes computationallye cient. While clas-
si cation in the general case is dependent on Monte-carlo meitls, we show how
a simple dynamic programming based algorithm will su ce for clasi cation us-
ing the uniform distribution based model. Suppose we hawd di erent activity
models given byM; = fai(t); W5, g fori =1;::M. Given a test sequencé(t), the

activity recognition problem is one of identifying the modkthat generated the test
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sequencen(t). We do this in two steps. Firstly, assuming that the test sequence
h(t) is generated from the modeM;, we estimate the best warping transformation

f\ from Ws, that would warp & to h, i.e.,

fi= frg\ilgsi dist(h(t); &(f (1)) (3.23)

(= arg izmin'v| dist(h(t); a; (f}(t))) (3.24)

10

Activity recognition is performed by minimizing the warping error between the
nominal activity trajectory and the test sequence. Note that tle search of warp-
ing functions is performed only over the corresponding actty speci c warping

set. The above-mentioned intuitive idea for activity recogiion can be easily im-
plemented by a simple variation of the DTW. In the DTW algorithm, instead of
arbitrarily limiting the warping function to lie within some window (typical choices
are uniform window and parallelogram window), we replace gwindow constraints
by the upper and lower bounds for the warping function that wehave learnt for

each model. Thus, the DTW algorithm with the window width beirg given by

u(t) = s(t)+ tandI(t) = t s(t) computes the distance that is being minimized

in (3.24).
(= min DTW (a;h;s) (3.25)

M
where,DTW (&; h; s) stands for the implementation of the DTW algorithm with

the warping window constraints given byu(t) = s(t)+ tand I(t) =t s(t).

3.5 Experiments

We tested the algorithms on three di erent datasets - UMD CommorActivities
dataset, the INRIA iXmas dataset and the USF gait dataset. We used a wgped-

Gaussian probability distribution for P with its parameters stored using a set of
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tangent plane vectorsu and their covariance matrix . We denote the experi-
mental results using this algorithm asfPg,uss in the results. We also implemented
the uniform distribution on the space of time-warping functims using dynamic
programming and performed maximum likelihood inference uxj this model. We

denote the results using this method aBy,; in the results.

3.5.1 Common Activities Dataset

We used the UMD common activities dataset [158], a dataset of coromactivities
to perform preliminary experiments to validate our model. Tie dataset consists of
10 activities and 10 di erent instances of each activity. We artition the dataset
into 10 disjoint sets each containing 1 instance of every acttyi In order to test the
recognition for each set, we rst learn the model parametersdm the remaining
nine sets and then perform recognition for the test sequences. W&peat the
process for each of the 10 sets. Thus we ensure that there is no agbetween the
training set and the test sequences. Figure 3.3 shows the 10 X 100ikinty matrix
for using the function space algorithm with the uniform distritlution on the space
of temporal warps. Each column corresponds to a di erent test saegnce while
each row corresponds to a di erent activity. The strongly blok diagonal nature
of the similarity matrix indicates that the recognition algarithm performs well. In

fact, on this database we obtained 100% recognition using botlur algorithms.

3.5.2 INRIA iXmas dataset

The INRIA multiple-camera multiple video database of the PEREPTION group
consists of 11 daily-live motions performed each 3 times by 16tars. The actors

freely change position and orientation. Every execution ohe activity is done at
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(a) (b) © ©) (€ ® () (h) @ )

(a) Pick up Object (b) Jog in Place (c) Push (d) Squat (e) Wave
(f) Kick (g) Bend to the side  (h) Throw (i) Turn around (j) Talk on Cellphone

Figure 3.3: 10 X 100 Similarity matrix of 100 sequences and 1Dedent activities

using the function space algorithm.

a dierent rate. For this dataset, we extract 16 16 16 circular FFT features
as described in [170]. Since the actors were free to perfornethctions the rate
at which these actions were performed varied signi cantly asag shown in Figure
3.1. So most approaches that cannot handle this vast temporahte variations,
instead model the entire segment as a single motion history volenil70]. Instead,
we build a time series of the circular FFT features described i{170]. This allows
us to learn the nature of the temporal rate changes betweenn@us executions
of an action. Using these features, we performed a recognitionpeximent on the
provided data similar to those done in [170]. For the recogn@n experiment, we
used only one segment for each activity which best representedathactivity as
in [169]. The recognition results are summarized in table 5. Wesed 16 16 16
circular FFT features in all our experiments here while theesults reported in [170]
used 32 32 32 features. The confusion matrix showing confusion between the
activities using both the wrapped-Gaussian and the dynamic pgnbamming based
uniform distribution model are shown in Table 3.2. Note that urform distribution
based model described in Section 3.4 is signi cantly more comntptionally e -
cient compared to the Monte-Carlo based inference using the apped-Gaussian

distribution on the tangent space of warp space.
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Activity PCA Mahalanobis | LDA System Punit PGauss
[170] [170] [170] Dis- (This (This
tance paper) paper)
[152]
1 || Check Watch 53.33 73.33 76.67 93.33 100 93.33
2 || Cross Arms 23.33 86.67 100 100 100 100
3 || Scratch Head | 46.67 86.67 80 76.67 100 100
4 || Sit Down 66.67 93.33 96.67 93.33 96.67 100
5 || Get Up 83.33 93.33 93.33 86.67 96.67 100
6 || Turn Around 80 96.67 96.67 100 100 100
7 || Walk 90 100 100 100 100 100
8 || Wave Hand 50 70 73.33 93.33 96.67 96.67
9 || Punch 70 86.67 83.33 93.33 83.33 90
10 || Kick 50 86.67 90 100 80 100
11 || Pick Up 60 90 86.67 96.67 90 100
Average 61.21 87.57 88.78 93.93 94.85 98.18

Table 3.1: Comparison of view invariant recognition of activities in the INRIA dataset

using our approaches Pynis and Pgauss) With the approaches proposed in [170] and [152].

Motifs 1 2 3 4 5 6 7 8 9 10 11
Sit Down 30(28) | 0(0) 0(1) 0(2) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
Get Up 0(0) | 30(30) | 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
Turn Around 0(0) 0(0) | 30(30) | 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
Check Watch 1(0) 0(0) 0(0) | 29(30) | 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
Cross Arms 1(0) 0(0) 0(0) 0(0) | 29(30) | 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)
Scratch Head 0(0) 0(0) 0(0) 0(0) 0(0) | 30(30) | 0(0) 0(0) 0(0) 0(0) 0(0)
Walk 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) | 30(30) | 0(0) 0(0) 0(0) 0(0)
Wave Hand 1(1) 0(0) 0(0) 0(0) 0(0) 0(0) 0(0) | 29(29) | 0(0) 0(0) 0(0)
Punch 3(1) 0(1) 0(0) 0(0) 0(0) 0(0) 0(0) 1(1) | 2527) | 0(0) 0(0)
Kick 5(0) 0(0) 0(0) 0(0) 1(0) 0(0) 0(0) 0(0) 0(0) | 24(30) | 0(0)
Pick Up 1(0) 0(0) 0(0) 0(0) 2(0) 0(0) 0(0) 0(0) 0(0) 0(0) | 27(30)

Table 3.2: Confusion matrix using Pgauss (Outside parenthesis andPy s (inside paran-

thesis) on the INRIA dataset.
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3.5.3 USF Gait Database

Note on gait-based person identi cation Since the model for learning the
function space time-warpings is not explicitly dependent othe choice of features,
one could potentially use the same model to learn individual spiec function spaces
in order to perform activity-based person identi cation. Theonly di erence would
be that we would choose a feature that is person-specic (e.g.Jgiuette). The
nominal activity trajectory would be individual speci c in t his case. Various exter-
nal conditions (like surface, shoe) induce systematic time-wang variations within
the gait signatures of each individual. The function space oétporal warpings for
each individual amounts to learning the class of person specivearping functions.
By learning the function space of these variations we are able account for the
e ects of such external conditions. This will allow the same basiapproach to be
applied for both action recognition and activity based persordenti cation by the
use of appropriate features.

In order to compare the performance of our algorithm with theurrent state of
the art algorithms, we also performed a gait-based person idegftion experiment
on the publicly available USF gait database [136]. The USF datalse consists
of 71 people in the Gallery. Various covariates like cameraogition, shoe type,
surface and time were varied in a controlled manner to design at s¢ challenge
experiments [136]. We performed a round-robin recogniticexperiment in which
one of the challenge sets was used as test while the other 7 weredus training
examples. The process was repeated for each of the 7 challentge@ewhich results
have been reported. Table 3.3 shows the identi cation rated our algorithm with
a uniform distribution on the space of warpsPyni ), our algorithm with a wrapped

Gaussian distribution on the tangent space of warps with shape asfeature and
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with binary image feature Pgauss and Pgaussim ). FOr comparison the table also
shows the baseline algorithm [136], simple DTW on shape featurfd$1] and the
image-based HMM [84] algorithm on the USF dataset for the 7 probésG. Since
most of these other algorithms could not account for the systematvariations in

time-warping for each class the recognition experiment thegerformed was not
round robin but rather used only one sample per class for learmgn Therefore, to
ensure a fair comparison, we also implemented a round-robin @jpnent using the

linear warping (PLW).

Table 3.3: Comparison of Identi cation rates on the USF dataset

Pr- | Base-| DTW | HMM | HMM | pHMM | Prw | Punit | Peauss | Pcaussim
obe | line | Shape| Shape| Image | [100]
Avg. 42 42 41 50 65 51.5 59 59 64
A 79 81 80 96 85 68 70 78 82
B 66 74 72 86 89 51 68 68 78
C 56 52 56 74 72 51 81 82 76
D 29 29 22 32 57 53 40 50 48
E 24 20 20 28 66 46 64 51 54
F 30 19 20 17 46 50 37 42 56
G 10 19 19 21 41 42 53 40 55

The average performance of our algorithmBy s and Pgayss are better than all the
other algorithms that use the same feature, (DTW/HMM (Shape) [61] and Linear
warping Py ) and is also better than the baseline [136] and HMM [84] algoriths
that use the image as a feature. The image based pHMM algorithmOfd] outper-

forms our algorithm. One reason for this is that the image as &dture performs
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better than shape as a feature for the USF dataset. But, it is a cqmatationally
very intensive feature (of the order of number of pixels) and oegequently leads to
algorithms that are very slow. Therefore, we prefer to use the ape as a feature.
Inspite of this obvious handicap, the performance of our algthm is compara-
ble to the image based pHMM algorithm for many probes. The impr@ment in
performance while using binary image as a feature is shown inethast column
(Pcaussim )- The experimental results presented here clearly show that agy mul-
tiple training samples per class and learning the distributiorof their time warps
makes signi cant improvement to gait recognition results. WHe most algorithms
based on learning from a single sample led to over tting and thefore performed
much better when the gallery was similar to the probe (Probe A-Cthey also per-
formed very poorly when the gallery and the probes were siggiantly di erent.
But, since our algorithm had signi cant generalization abiliy ( becasue we learn
the distribution of time warps ) the performance of our algothm did not su er
from over tting and therefore did not drop as much when movig from probes A-C

to Probles D-G.

3.6 Other applications

3.6.1 Clustering Activity Sequences

Algorithm for Clustering There are several scenarios where one requires a clus-
tering algorithm to be rate-invariant. Under such scenarios ibecomes reasonable
to use the rate-invariant model for activities described ab@vas the basis for clus-
tering. When rate-invariance is not a desirable property trditional clustering

algorithms such as K-nearest neighbour might be reasonable es for clustering.
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We performed clustering experiments on the UMD common activés dataset and
the USF gait database using the fast and computationally e cientuniform distri-
bution version of the algorithm denoted byPy ¢ . The clustering algorithm, based
on expectation maximization (EM) is very similar to the LloydMax algorithm [78]
and can be used to organize a database of sequences for e cierttieval. Let us
assume that we know the number of cluster$y and the cluster centers;; ¢; :::iCy .
Then, each of the sequences in the database can be associated with ofN clus-
ters. This can be done using a maximum-likelihood approach asstribed earlier
in (3.25). This forms the Maximization step of the EM algoritm. The Expec-
tation step of the algorithm involves recomputing the new clster centers from
cluster memberships evaluated during the Maximization step. ®iterate these 2
steps until convergence. In all our experiments, we initiaked the cluster centers
randomly.

Clustering on Common Activities Dataset We performed a clustering
experiment on the 100 activity sequences collected as a pafttbe Common Ac-
tivities dataset. We chose the number of clustersl to be 10 since there were
10 di erent activities. If clustering were perfect, then the DO activity sequences
would be clustered into 10 di erent clusters, each cluster conitsing 10 sequences
that correspond to that particular activity. But in reality, clustering would be im-
perfect and some of the 100 sequences would be misaligned in tmeng cluster.
We repeated the clustering experiment several (about 50) tirmgwith a random
initialization of cluster centers during each trial. On an aerage, the algorithm
converged in about 10 iterations and about 92% of the sequenaogere clustered
correctly. Even during some adverse initializations the clusting performance was

greater that 80%.

79



3.6.2 Organizing a Large Database of Activities

With the decreasing cost of storage, the size of activity databases increasing
rapidly. For example, the complete USF gait database [136] caists of about 122
classes and a total of more than 1000 sequences. As the size of thalokade in-
creases, the number of "distance' computations that must be pered on every
guery also increases linearly with the size of the database. Tlueses a signi cant
bottleneck for practical activity recognition systems. We showhat organizing the
database of sequences using the clustering algorithm describedbection 3.6.1 de-
creases this computational burden signi cantly. The price pd is a small decrease
in recognition performance. We organize the database of agties in the form of
a dendrogram as shown in Figure 3.4. At each level of the dendram the num-
ber of branches B) was set to 3. The number of levels to which the dendrogram
is "grown' determines the trade-o between computation andiccuracy. As the
number of levels is increased, the number of “distance' comptibns that must be
performed before nding the class membership of a given test s&ce decreases.
Therefore, the computational burden of the algorithm also dweases. But this
might introduce a decrease in classi cation performance. Whethe dendrogram
is fully grown (i.e., when each leaf of the dendrogram reprege one activity),
there will be logg N, levels and thereforeBloggs N “distance computations'. Let
us consider the USF database which consists of 122 subjects and altaf 1870
sequences. A nearest neighbour classi er on this database must pari 1870 dis-
tance computations in order to classify a new test sequence. Béitwe assume that
we organize the database in the form of a “fully grown dendragn’, with each
leaf node representing each of the 122 individuals, then one uwia just have to

perform aboutBlogg N =3 log122 14 “distance computations'. This is a very
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Figure 3.4: Dendrogram for organizing an activity database

signi cant computational saving.

We performed an experiment to evaluate the e ciency of orgaming the database
on a subset of the USF database as in Section 3.5.3. In our expentse we grow
the dendrogram upto 2 levels. We measure e ciency of organizan ( ) as a ratio
of the recognition rate before and after organization.

Identi cation rate after organization
Identi cation rate before organization

(3.26)

The e ciency is strongly related to clustering performance and it is reasobke
to expect the e ciency to increase with better clustering. Table 3.4 shows the
e ciency of organization for the various probes in the USF dadset. On this data,
the dendrogram organization of the database reduced the coatptional time by
a factor of about 30. This means that the processing time for Ige databases
will be reduced from the order of days to a matter of hours. For sh signi cant
reduction in processing time, the Table 3.4 shows that the de@se in recognition

performance is not drastic.

Table 3.4: E ciency of Organization on the USF dataset
Probe | A | B |C| D | E| F | G|Aw

76|81 |84|100| 82| 100| 95| 89
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3.7 Summary and conclusions

In this chapter, we addressed an important but often neglectegroblem in mod-
eling activity, that of temporal warping of the activity tra jectories. Our model
for an activity describes each activity using a nominal actity trajectory and a

probability distribution on the space of permissible temporal arpings. We dis-
cussed the case of a parameteric wrapped-Gaussian distribution the tangent
space of time-warps and derive Monte Carlo sampling-based Bayn algorithm
for classi cation. We then discussed the spacial case of a convexfonin distribu-

tion on the space of time-warps and show that this special caseaalls us to derive
computationally e cient algorithms for a slight decrease in nodeling e cieny and

classi cation performance. Finally, we showed several expemmis on publicly

available action recognition and gait-based person identiation datasets.
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Chapter 4

Simultaneous Tracking and

Behavior Analysis

Accurate shape dynamical models are not only e cient for the psblem of recogni-
tion, but they also serve as e ective priors that enable accuta tracking of subjects
in video. In this chapter, we show how accurate shape dynamicalodels can be
used for simultaneous tracking and behavior analysis. We applyédse principles
to the problem of tracking the position, orientation and the lkehavior of bees in a
hive. We present a system that can be used to analyze the behavidirsects and,
more broadly, provide a general framework for the represetitan and analysis of
complex behaviors.

Behavioral research in the study of the organizational structe and communi-
cation forms in social insects like the ants and bees has re@slvmuch attention
in recent years [166] [144]. Such a study has provided some piad models
for tasks like work organization, reliable distributed commauaication, navigation
etc [111] [106]. Usually, when such an experiment to study thesesétts is setup,

the insects in an observation hive are videotaped. The hourswtieo data are then
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manually studied and hand-labeled. This task of manually labieg the video data
takes up the bulk of the time and e ort in such experiments. In ths chapter, we
discuss general methodologies for automatic labeling of sucideos and provide
an example by following the approach for analyzing the moveant of bees in a
bee hive. Contrary to traditional approaches that rst track objects in video and
then recognize behaviors using the extracted trajectoriesgvpropose to simultane-
ously track and recognize behaviors. In such a joint approach¢@urate modeling
of behaviors act as priors for motion tracking and signi carly enhances motion
tracking while accurate and reliable motion tracking enalels behavior analysis and
recognition.

We present a system that can be used to analyze the behavior of inseand,
more broadly, provide a general framework for the represetitan and analysis of
complex behaviors. Such an automated system signi cantly speedp the analy-
sis of video data obtained from experiments and also reducesmaal errors in the
labeling of data. Moreover, parameters like the orientatio of various body parts
of the insects (which are of great interest to behavioral resedners) can be au-
tomatically extracted using such a framework. The system requs the technical
input of a behavioral researcher (who would be the end user) mging the type
of behaviors that would be exhibited by the insect being studie

The salient characteristics are the following:

We suggest a joint tracking and behavior analysis instead of theaditional
"track and then recognize" approach for activity analysis. Tl principles for
simultaneous tracking and behavior analysis presented in thgaper should
be applicable in a wide range of scenarios like analyzing spovideos, activity

monitoring, surveillance etc.
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We show how the method can be extended to tackle multiple behavs using
hierarchical Markov models to model various behaviors. We de instanta-
neous low level motion states like hover, turn, waggle etc.nd model each of
the dances as a Markov model over these low level motion statesvitshing
between behaviors (dances) is modeled as another Markov mbdeer the

discrete labels corresponding to the various dances.

We also present methods for detecting and characterizing albnwal behav-

iors.

In particular, we study the simultaneous tracking and analysisf bee dances
in their hive. This is an appropriate setting in which to study te "track
and recognize simultaneously” approach suggested by this papgnce a)
The extreme clutter and presence of several similar bees makaditional
tracking in such videos extremely di cult and consequently mat tracking
algorithms su er frequent missed tracks and b) The rich varietyof structured
behaviors that the bees exhibit enables a rigorous test of behor modeling.
We have modeled a few of the dances of the foraging bees andnested the

parameters of the waggle dance.

4.1 Bee Dances as a means of communication

When a worker honeybee returns to her nest after a visit to a noshing food

source, she performs a so-called 'dance’, on the vertical fadele honeycomb, to

inform her nest mates about the location of the food source [1]66This behavior

serves to recruit additional workers to the location, thus embling the colony to

exploit the food source e ectively. Bees perform essentiallywb types of dances,
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in the context of communicating the location of food sites. Whethe site is very
close to the nest (typically within a radius of 50 metres), the b® performs a so-
called 'round dance'. This dance consists of a series of alteting left-hand and
right-hand loops, as shown in Figure 4.1(a). It informs the neghates that there
is an attractive source of food located within a radius of ab@ab0 m from the
nest. When the site is at a considerable distance away from the ngsgpically
greater than 100 meters) the bee performs a di erent kind of dee, the so-called
'waggle dance’, as shown in Figure 4.1(b). In this dance, theansition between
one loop and the next is punctuated by a 'waggle phase' in whithe bee waggles
her abdomen from side to side whilst moving in a more-or-less siét line. Thus,
the bee executes a left-hand loop, performs a waggle, exesua right-hand loop,
performs a waggle, executes a left-hand loop, and so on. Dyyithe waggle phase,
the abdomen is waved from side to side at an approximately constdrequency of
about 12 Hz. The waggle phase contains valuable information @it the location
of the food source: The duration of the waggle phase (or, equieatly, the number
of waggles in the phase) is roughly proportional to the bee'spceived distance of
the food source: the longer the duration, the greater the distge. The orientation
of the waggle axis (the average direction of the bee's longisxduring the waggle
phase) with respect to the vertically upward direction convey information about
the direction of the food source. The angle between the wagghis and the
vertically upward direction is equal to the azimuthal anglebetween the sun and
the direction of the food source. Thus, the waggle dance is usea ¢onvey the
position of the food source in a polar co-ordinate system (in tesrof distance and
direction), with the nest being regarded as the origin and theun being used as a

directional compass [166]. The 'attractiveness’ of the food sme is also conveyed
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3%
a) Round Dance b) Waggle Dance

Figure 4.1: lllustration of the 'round dance’, the ‘waggle dace' and their meaning.

in the waggle dance: the greater the attractiveness, the gresitis the number of
loops that the bee performs in a given dance, and the shorterdtduration of the
return phase (the non-waggle period) of each loop. The wag@ilequency of 12 Hz is
remarkably constant from bee to bee and from hive to hive [166The attractiveness
of a food source, however, may depend upon the speci ¢ foragioigcumstances,
such as the availability of other sources and their relative prtability, as well as
an individual's knowledge and experience with the varioustes. Thus, the number
of dance loops and the duration of the return phase may vary fno bee to bee, and
from one day to the next in a given bee [166].

There are additional dances that bees use to communicate othends of infor-
mation [166]. For example, there is the so-called ‘jostling dae', where a returning
bee runs rapidly through the nest, pushing nest mates aside, appatly signaling
that she has just discovered an excellent food source; the 'trelabdance [138],
where a returning forager shakes her body from side to side, atettsame time

rotating her body axis by about 50 deg every second or so, is usedéreturning
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bee to inform her nest mates that there is too much nectar congnin, and she is
consequently unable to unload her food to a food-storing bee3gl; the 'grooming
dance' in which a standing bee raises her middle legs and shakes hody rapidly
to and fro, beckoning other bees to assist her with her groomingtavities; and the
'jerking dance’, performed by a queen, consisting of up-and@n movements of the
abdomen, usually preceding swarming or a nuptial ight. Howevethe pinnacle of
communication in insects resides undoubtedly in the waggle mee. The surpris-
ingly symbolic and abstract way in which this dance is used to ceay information

about the location of a food source has earned it the status of laniguage' [166].

4.1.1 Organization of the chapter

In Section 4.2, we discuss the shape model to track insects in wadeand show
how using the model helps in inferring parameters of interesbaut the motions
exhibited by the insects. Section 4.3 discusses the issue of modgloehaviors,
detecting and characterizing abnormal behaviors. Sectiordddiscusses the tracking
algorithm. Detailed experimental results for the problem ofracking and analysing

bee dances are provided in Section 4.5.

4.2 Anatomical/Shape Model

Modeling the anatomy of insects is very important for reliald tracking, because
the structure of their body parts and their relative positionspresent some physical
limits on their possible relative orientations. In spite of thai great diversity, the
anatomy of most insects is rather similar. All insects possess six legsn insect

body has a hard exoskeleton protecting a soft interior. The bgds divided into
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Abdomen

Bee Ant Beetle  Shape Mode

Figure 4.2. A Bee, an Ant, a Beetle and Shape Model

three main parts- the head, thorax and the abdomen. The abdomés divided into
several smaller segments. Figure 4.2 shows the image of a bee, dmad a beetle.
Though there are individual di erences in their body structue, the three main
parts of the body are evidently visible. Each of these three parcan be regarded
as rigid body parts for the purposes of video based tracking. €hnterconnection
between parts provide some physical limits for the relative nvement of these
parts. Most insects also move towards the direction of their headTherefore,
during speci ¢ movements such as turning, the orientation ofrte abdomen usually
follows the orientation of the head and the thorax with some @ Such interactions
between body parts can be easily captured using a structural meldfor insects.

We model the bees with three ellipses, one for each body part. \Weglect the
e ect of the wings and legs on the bees. Figure 4.2 shows the shapedel of a
bee. Note that the same shape model can be used to adequately madest other
insects also. The dimensions of the various ellipses are xed thg initialization.
Currently the initialization for the rst frame is manual. It consists of clicking two
points to indicate the enclosing rectangle for each ellipse. famatic initialization
is a challenging problem in itself and is outside the scope of ocurrent work.

The location of the bee and its parts in any frame can be giverybve parameters-
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namely, the location of the center of the thorax(2 paramets), the orientation of
the head, the orientation of the thorax and the orientation 6the abdomen (refer
Figure 4.2). Tracking the bee over a video essentially amourtis estimating these
ve model parametersX = [X1 X, X3 X4 Xs5]9) for each frame. This 5 parameter
model has a direct physical signi cance in terms of de ning thdéocation and the
orientation of the various body parts in each frame. These pbical parameters

are of importance to behavioral researchers.

4.2.1 Limitations of the Anatomical Model

We have assumed that the actual sizes of these ellipses do not cleamgth time.

This would of course be the case as long as the bee remains at theealistance
from the camera. Since the behaviors we study in our work (likhe waggle
dance) are performed on a vertical plane inside the beehiveydathe optical axis
of the video camera was perpendicular to this plane, the bepsjected the same
part sizes during the entire length of video captures. Neverthess, it is very easy
to incorporate the e ect of distance from the camera in our shap model, by
introducing a scale factor as one more parameter in our state s;ga Moreover,
the bees are quite small and were far enough from the camera theerspective
e ects could be ignored. The spatial resolution with which théees appear in the
video also limit the accuracy with which the physical model pameters can be
recovered. For example, when the spatial resolution of the \ed is low, we may

not be able to recover the orientation of the body parts indindually.
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Figure 4.3: A Bee performing a waggle dance and the behavibraodel for the

Waggle dance
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4.3 Behavior Model

Insects, especially social insects like bees and ants, exhibithricehaviors as de-
scribed in Section 4.1. Modeling such behaviors explicitly ielpful in accurate and
robust tracking. Moreover, explicitly modeling such behavis also leads to algo-
rithms where position tracking and behavior analysis are tatéd in a uni ed frame-
work. Several algorithms use motion models (like constant ity model, random
walk model etc) for tracking [75] [88] [13] [179]. We proposkd use of behavioral
models for the problem of tracking insects. Such behavioral mels have been
used for certain other speci ¢ applications like human locontion [22] [177] [125].
The di erence between motion models and behavioral models the range of time
scales at which modeling is done. Motion models typically metithe probability
distribution (pdf) of the position in the next frame as a functon of the position in
the current frame. Instead, behavioral models capture the pbability distribution
of position over time as a function of the behavior that the traked object is ex-
hibiting. We believe that the use of behavioral models present signi cant layer
of abstraction that enhances the variety and complexity of tb motions that can

be tracked automatically.

4.3.1 Deliberation of the Behavior model

The state space for tracking the position and body angles of thesect in each frame
of the video sequence is determined by the choice of the shapeleio In our speci ¢
case, this state space comprises of the x,y position of the centéitlee thorax and
the orientation of the three body parts in each frameX = [X1 X» X3 X4 X5]9. A
given behavior can be modeled as a dynamical model on this spaét one extreme

one can attempt to learn a dynamical model like an autoregressi model or an
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autoregressive and moving average (ARMA) model directly on thistate space. A
suitably and carefully selected model of this form might be aélto capture large
time scale interactions that are a characteristic of complexdiaviors. But these
models constructed directly on the position state space su er fno two signi cant
handicaps. Firstly, to incorporate long range interactions ltese models would
necessarily have a large number of parameters and learning thikse parameters
from limited data would be brittle. 1t would be nice to somehowearn a compact set
of parameters that can capture such large time range interaons. Secondly, these
models are opaque to the behavioral researcher who is contogly interacting
with the system during the learning phase. Since the system does meplace the
behavioral researcher but rather assists him by tracking and alyaing behaviors
of bees that the researcher selects, it is very important for theodel to be easily
amenable to the intended user of the system.

One can achieve both these objectives by abstracting out locadotions like
turning, hovering, moving straight ahead etc, and modelinghte behavior as a dy-
namical model on such local motions. Such a model would be simpl&d intuitive
to the behavior researcher and the number of parameters reced to model behav-
iors would be dependent only on the number of local motions meled. When the
need to specify and learn new behaviors arises, he/she would hawéocus only on
the dynamical model of the local motions, since the model for ¢hlocal motions
themselves would already be a part of systenin short, the local motions act as
some sort of a vocabulary that enables the end user to e eclveteract with the

system.
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4.3.2 Choice of Markov Model

As described in the previous section, we rst de ne probability dstributions for
some basic motions such as moving straight ahead, turning, waggind hovering
at the same location. Once these descriptions have been learrgé @e ne each
behavior using an appropriate model on this space of possibledbmotions. Prior
work [47] on analyzing the behaviors of bees has used Markovdets to model the
behaviors. That study reports promising results on recognizingehaviors using
such Markov models. More recently, [115] used SLDS to model andatyze bee
dances. They then noted that the models can be made more specand accurate
by incorporating a duration model within the framework of a inear dynamical
system. They use this parametrized duration modeling with a swihed linear
dynamical system and show improved performance [116]. We coudprinciple
choose any of these models for analyzing bee dances. Note that thecking
algorithm would be identical irrespective of the speci ¢ chae of model since it is
based on particle Itering and therefore just requires that webe able to e ciently
sample from these motion models. The various dances that the lsggerform are
very structured behaviors and consequently we need these madi& have enough
expressive power to capture these structures. Nevertheless, we alsterthat at
this stage these models are acting as priors to the tracking algthm and therefore
if these models were very peaky/speci c, then even a small chanin the actual
motion of the bees might cause a loss of track. Therefore, the de must also be
fairly generic, in the sense that it must be able to continue trdéng even if the
insect deviates from the model. Taking these factors into aaaat we used Markov
models very similar to those used by [47] to model bee behaviors. eWoticed

that even such a simple Markov model signi cantly aided trackig performance
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and enabled the tracker to continue to maintain track in sevedl scenarios where
the traditional tracking algorithms failed (see Section 4.8). Another signi cant
advantage of choosing a simple Markov model to act as behaviorigrs rather
than more sophisticated and speci ¢ models, is the fact that theery generality
of the model makes the tracking algorithm fairly insensitive #h respect to the
initialization of the model parameters. In practice, we foud that the tracking
algorithm was fairly insensitive to the initialization of the model parameters and
was quickly able to re ne the corresponding model parametersithin about 100-

200 frames.

4.3.3 Mixture Markov Models for Behavior

Mixture models have been proposed and used successfully for tiagk[76] [14].

Here, we advocate the use of Markovian mixture models in ordes enable persis-
tent tracking and behavior analysis. Firstly, basic motions arenodeled creating a
vocabulary of local motions. These basic motions are then redgad as states and
behaviors are modeled as being Markovian on this motion stagpace. Once each
speci ¢ behavior has been modeled as a Markov process, then awacking system

can simultaneously track the position and the behavior of insextin videos.

We model the probability distributions of location parametes X for certain ba-
sic motionsfm; my). We model four di erent motions- 1) Moving straight ahead,
2) Turning, 3) Waggle, and 4) Motionless. The basic motions, strght, waggle
and motionless are modeled using Gaussian pdi$,(; Pm3; Pma) While a mixture

of two Gaussians fn,») is used for modeling the turning motion (to accommodate
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the two possible turning directions).

N(Xt 1+ mi; mi)ifori =1;34 (4.1)

Pmi (X=Xt 1)

Pm2(X =Xt 1) 05N(Xt 1+ ~m2; m2)+

05N (Xt 1 ~m2i m2) (4.2)

Each behaviorB; is now modeled as a Markov process of ord&; on these
motions, i.e.,
Xi

s= A§S « (4.3)
k=1

wheres; is a vector whosg ™ element isP (motion state = m;) and K; is the model
order for thei™ behaviorB;. The parameters of each behavior model are made of
autoregressive parameterA'éi for k = 1::K;. We discuss methods for learning the
parameters of the behavior model later.

We have modeled three di erent behaviors - the waggle dandie round dance
and a stationary bee using a rst order Markov model. For illustréion, we discuss
the manner in which the waggle dance is modeled. Figure 4.3 sisothe trajectory
followed by a bee during a single run of the waggle dance. It alshows some
followers who follow the dancer but do not waggle. A typical rkov model for
the waggle dance is also shown in Figure 4.3.

The trajectory of the bee can now be viewed as a realizationofn a random
process following a mixture of behaviors. In addition, we assurtieat the behavior

exhibited by the bee changes in a Markovian manner, i.e.,
B:= Tg Bt 1; (4.4)

whereTg is the transition probability matrix between behaviors. Note hat Tg has

a dominant diagonal. Estimating the trajectory and the specic behavior exhibited
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by the bee at any instant is then a state inference problem. Thisan be solved
using one of several techniques for estimating the state giveretiobservations.
Thus the model consists of a 3 tier hierarchy. At the rst level, he dynamics
of local motions are characterized. These act as a vocabulayabling the behav-
ior researcher to easily interact with the system in order to addew behaviors,
and analyze the output of the tracking algorithm without behg bogged down by
the particulars of the data capture. Behaviors that bees exbit are modeled as
Markovian on the space of local motions forming the second tief the hierarchy.
Finally, switching between behaviors is modeled as a diagdrdominant Markov
model completing the model. The rst two tiers of the hierarcly, dynamics and
behavior may be collapsed into a single tier. But this would beishdvantageous
since it would a) couple the speci cs of data capture with the devior models and
b) also make it signi cantly more di cult for the behavior researcher (end user)

to e ciently interact with the system.

4.3.4 Limitations and Implications of the choice of Behav-

ior model

As described above, the choice of Markov model on a vocabulafyacset of low level
motions was motivated primarily from two design consideratios - a) ease of use for
the end user b) generality of the model allowing the trackinglgorithm to be robust
to initialization parameters. But this choice also leads to atain limitations. For
one, it might indeed be possible to collapse the entire three tikierarchy of motion
modeling into one large set of motion models all at the dynanscstage. But, such
a model would su er from signi cant disadvantages since the nundr of required

parameters would signi cantly increase. Moreover, each newebavior must be
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modeled from scratch, while if we maintained the hierarchyhen the vocabulary
of local motions learnt at the lower tiers of the hierarchy aa be used to simplify
the learning problem for new behaviors. [50] provides a deled characterization of
the limitations and expressive power of such hierarchical Maok models while [90]
describes a methodology to analyze such linear hybrid dynaralcsystems. The
hierarchical model also assumes that the various tiers of theenarchy are semi-
independent and that the particular current motion state dos not have a direct
in uence on the behavior in subsequent frames. This would not nessarily be
true, since particular behaviors might have speci c end patmms of motion. In

future, we would like to study how one might introduce such statbased transition
characteristics into the behavior model, while retaining bib the hierarchical nature

of the model itself and keeping complexity of the model manaagjele.

4.3.5 Learning the parameters of the Model

Learning the behavior model is now equivalent to learning #hautoregressive pa-
rametersA'g5i for k = 1::K;. for each behaviorB; and also learning the transition
probability matrix between behaviors given byTg. This step can either be super-

vised or unsupervised.

Unsupervised Learning/Clustering

In unsupervised learning we are provided only the sequence oftrap states that
are exhibited by the bee for frames 1 tdN, i.e., we are provided with a time
seriess;; Sy; Ss; il Sy, where eachs; is one of the motion statesn:::m4. We are
not provided with any annotation of the behaviors exhibitedby the bee, i.e., we

do not know the behavior exhibited by the bee in each of theseafnes. This is
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essentially a clustering problem. A maximum likelihood appraz to this clustering
problem involves maximizing the probability of the state segence given the model
parameters.

Q=arg max P (sn =Q); (4.5)

where Q = [A§ 1,755 represents the model parameters. Such an approach to
learning the parameters of a mixture model for a "juggling segnce" was shown
in [15]. They show how expectation-maximization(EM) can beanbined with
CONDENSATION to learn the parameters of a mixture model. But aghey point
out there is no guarantee that the clusters found will correspal to semantically
meaningful behaviors. For our specic problem of interest, viz tracking and
annotating activities of insects we would like to learn modslfor speci ¢ behaviors
like waggle dance. Therefore, we use a supervised method to tetire parameters
of each behavior. Nevertheless, unsupervised learning is usefhilev attempting

to learn anomalous behaviors and we will revisit this issue late

Supervised Learning

Since it is important to maintain the semantic relationship beveen learnt models
and actual behaviors exhibited by the bee, we resort to supesed learning of
the model parameters. For a small training database of videos bée dances, we
obtain manual tracking and labeling of both the motion stateand the behaviors
exhibited, i.e., for a training database we rst obtain the lakeling over the three
tiers of the hierarchy. For each framg of the training video we have the position
X1, the motion state m! and the behaviorB!.
Learning Dynamics: The rst tier of the three tier model involves the local

motion states like moving straight, turning, waggle and motioless. As described in
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(4.1) and (4.2), each of these local motion states is modeletherr using a Gaussian
or using a mixture of Gaussians. The mean and the variance of therasponding

Normal distributions are directly learnt from the training as

Ami = E[(XT X3 Hjmi = ] (4.6)
1 mie mi _ _
—R—— (X1 xih 4.7)
N; .
j=1;2;:N
mio= E[X] XI 1o (xtoxEt T (4.8)
_ ,-mzjf;gf;i;;N (xj X1t Ami)(xj X1t Ami)T
= N1 (4.9)

where, the summations are carried out only for the frames in wdh the annotated
motion state for that frame ismi, and the total number of such frames is denoted
by N;i. In the case of a mixture of Gaussians model (for turning), we usbeé EM
algorithm to learn the model parameters. In practice, learnig dynamics is the
simplest of the three tiers of learning.

Learning Behavior:  The second tier of the hierarchy involves the Markov
model for each behavior. For thé™ behavior B; we learn the model parameters
using maximum likelihood estimation. As an example let us assumiedt the insect
exhibited behaviorB; for frame 1 toN. In the training database, we have obtained
a corresponding sequence of motion states, s,; Sg; ::::; Sy Wheres; is one of the
four possible motion states (straight,turn,waggle,motionles®xhibited in framej .

We can learn the model parameters of the Markov model for bekar B; by
Qi =arg man P(sin=Q); (4.10)

where Q; = [A'gi]k:l“Ki represents the model parameters for behavi@;. In our
current implementation, we have modeled behaviors for walggdance, round dance
and a stationary bee. We have used Markov models of order 1, so tihvee need

to only estimate the transition probabilities between each ntmn state. These are
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estimated as given below.

As (k) = E(P(st=k=s 1=1)) (4.11)
_ Ny
= (4.12)

where, E is the expectation operator,N, is the number of frames in which the
annotated motion state wasml and Ny, is the number of times in which the an-
notated motion state mk appeared immediately after motion stateml. Note that
since this step of the learning procedure concerns only a patlar behavior B;,
only the frames whose annotated behavior iB; are taken into account. Learn-
ing the model parameters of a particular behavior depends ap two factors -the
inherent variability in the behavior and the amount of training data available for
that particular behavior. Some behaviors have signi cant vaability in their ex-
ecutions and learning model parameters for these behaviorsutd be unreliable.
Moreover, some behaviors are uncommon and therefore, the ambof training
data available for these behaviors might be too little to acaately learn the model
parameters. Experiments to indicate the minimum number of &mes one needs to
observe a behavior before one can learn the model parametees shown in Section
4.3.7.

Switching between behaviors  The third tier of the model involves the
switching between behaviors. The switching between behaviois also modeled
as being Markovian with the transition matrix denoted asTg. The transition

matrix Tg can be learned as,
Te(l;k) = E[B} = kjB! *=1]: (4.13)

Learning the switching model is the most challenging part of # learning phase.

Firstly, within a given length of training data, there might be very few transitions
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observed and therefore, su cient data might not be available® learn the switching
matrix Tg accurately. Secondly, there is really no particular ethofpcal justi ca-
tion to model the transitions between behaviors using a Markomodel, though
in practice the model seems adequate. Therefore, once we thedlre transition
matrix Tg from the training data, we also ensure that every transition is pssible,
i.e.,, Tg(I;k) 6 08(l; k), by adding a small value to every element in the matrix
and then normalizing the matrix so that it still represents a traisition probability

matrix (sum of each row =1).

4.3.6 Discriminability among Behaviors

The disadvantage in using supervised learning is that since leang for each be-
havior is independent of others, there is no guarantee that ¢hlearnt models are
su ciently distinct for us to be able to distinguish among di erent behaviors.
There is reason, however, to believe that this would be the casence in actual
practice these behaviors are distinct enough. Nevertheless weed some quantita-
tive measure to characterize the discriminability between nuels. This would be

of great help especially when we have several behaviors.

Rabiner-Juang Distance

There are several measures for computing distances between Hidd/arkov Mod-
els. In particular, one distance measure that is popular is the d@iner-Juang
distance [82]. But such a distance measure is based on the KL distarand there-
fore captures the distance between the asymptotic observatiolensities. However,
in actual practice, we are always called upon to recognizedlsource model using

observation or state sequences of nite length. In fact, in our gei c scenario, we
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need to re-estimate the behavior exhibited by the bee everywerames. There-
fore, in such situations we need to know how long a state/observan sequence is

required before we can disambiguate between two models.

Probability of N-Misclassi cation

Suppose we have D di erent Markov model$/1:::Mp, M; being of orderK;. We
de ne the Probability of N-Misclassi cation for Model M; as the probability that a
state sequence of length that is generated by modeM; is misclassi ed to some
modelM;, j 6 i using a maximum likelihood rule.

X
Pl\/li (N Miscl ) =1 P(S]_;N :Mi)l (SliN ; |) (414)

SLN
where the summation is over all state sequences of length N ah(s,.\ ;1) is an
indicator function which is 1 only whenP (s;.n =M;) is greater thanP (s1.n =M;) for
all j & i. The number of terms in the summation isSN where S is the number
of states in the state space. Even for moderate sizes®fand N, this is di cult
to compute. But the summation will be dominated by few of the mst probable
state sequences. So a tight lowerbound can be obtained by Montard methods
of sampling. An approximation to Probability of N-Misclassi cation can also be
obtained using Monte-Carlo sampling methods. This is done by igerating K
independent state sequenceSeq; Seg::Seg each of lengthN randomly using
model M;. For reasonably large K,
X
Pu,(NMiscl) 1 1=K I (Seq;i) (4.15)
k=1;:K

Figure 4.4 shows the Probability of N-Misclassi cation for the thhee modeled be-

haviors Waggle, Round and the Stationary bee for di erent iaes ofN. We choose

a window lengthN = 25 which provides us with su ciently low misclassi cation

103



Probability of N-Misclassification
0.45 T T T

0.4

—¥— Waggle
< Round 7
Stationary

0.35

0.3
WAGGLE

0.25

02 ¢

Probability of N-Misclassification

0.15

0.1}
ROURID®

0.05
STATIONARY

0 | I | | X
0 5 10 15 20 25 30 35 40 45 50

Sequence Length N

Figure 4.4: Probability of N-Misclassi cation

errors while being small enough compared to average lengthbafhaviors so as to

not smooth across behaviors.

4.3.7 Detecting/Modeling Anomalous Behavior

A change in behavior of the insect would result in the behavior adel not being
able to explain the observed motion of the insect. When this hggns we need to
be able to detect and characterize these abnormal behaviorstbat the tracking
algorithm is able to continue to maintain track. A change in lehavior can either
be slow or drastic. We use the observation likelihood and the ELLEkpected
negative log-likelihood of the observation given the modebpameters) as proposed
in [156] [155] in order to detect drastic and slow changes in kshor.

Drastic Change: When there is a drastic change in the behavior of the insect,

104



this would cause the tracking algorithm to lose track. Once itdses track, the image
within the shape model of the bee does not resemble the bee anyendrlherefore,

the observation likelihood decreases rapidly. This can be used a statistic to

detect drastic changes in behavior. Once the anomalous belmvis detected, it

would of course be left to the expert to manually identify and ltaracterize the

newly observed behavior.

Slow Change: When the change in system parameters is slow, i.e., the anoma-
lous behavior is not drastic enough to cause the tracker to loseatk, we use a
statistic very closely related to the ELL proposed in [156] [155]Let us assume
that we have modeled behavioM 0. Supposing the actual behavior exhibited by
the insect isM 1. We are required to decide whether the behavior exhibited M 0
or not with knowledge of the state sequencr;.y alone. Let HypothesisHO be
that the behavior being exhibited isM 0 while HypothesisH 1 be that the behav-
ior exhibited is not M 0, i.e.M 0. The likelihood ratio test for such a hypothesis is

given below. The state sequence, was generated by modeM O i,

P (M_O:X1:N )

B (M 0=xn) > 0 (4.16)

) 1P(PM('\S:?(=:;“)N) > 0 (4.17)

) P(MO=x1n) 1 +1) (4.18)

) P(Xan=MO)P(MO)=P(x1n) 1 +1) (4.19)

) P(xun=MO) > 0 (4.20)

) D= log(P(x;n=M0)) T T= log() (4.21)

where, D is the decision statistic andT is the decision threshold.
When the bee exhibits an anomalous behavior, then the likebod that the

state sequence observed was generated by the original modelreases as shown
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Figure 4.5: Abnormality Detection Statistic

above. Therefore, we can us® as a statistic to detect slow changes. When
D increases beyond a certain threshol@ we detect anomalous behavior. Once
slow changes are detected, they can then be automatically meded. This can be
done by learning a mixture model for the observed state sequentgng principles
outlined in [15].

Since we did not have any real video sequence of an abnormal &ebr we
performed an experiment on synthetic data. We generated antacial sequence
of motion states for 500 frames. The rst 250 frames correspond the model
learnt for the waggle dance. The succeeding 250 frames werenfra Markov
model of order 1, with transition probability matrix A. We computed the nega-
tive log-likelihood of the windowed state sequence, with a wdow length of 25.

This statistic D is shown in gure 4.5. Changes in model parameters are clearly

106



visible at around frame 250 resulting in an increase in the negat log-likelihood
(equivalent to an exponential decrease in the probability adhe windowed sequence
being generated from the waggle model). The anomalous belawvas automati-
cally detected at frame 265. Moreover, we also used the next 1fs@mes to learn
the parameters of the anomalous model(A). The estimated tran&n probability

matrix(A) was very close to the actual model parameters.

0 1 0 1
:30 :30 :20 :20 :30 :22 :23 :25
:20 25 25 :30 :30 :18 :22 :30
A= A:
:80 :10 :05 :05 78 :13 04 :05
;50 :10 :20 :20 47 :06 :28 :19

4.4 Shape and Behavior Encoded Particle Filter

We address the tracking problem as a problem of estimating theage X | given the
image observationsy;. Since both the state transition model and the observation
model are non-linear, methods like the Kalman lIter are inadquate.

The particle Iter [60] [39] [75] provides a method for recgively estimating
the posterior pdf P(X=Y{) as a set ofN weighted particlesfxt(”; t(i)gi’\':1 ., from
a collection of noisy observation&' {. The state parameters to be estimated are
the position and orientation of the bee in the current frameX). The observation
is the color image of each frameY(;) from which the appearance of the beeZ(fi))
can be computed for each hypothesised positionf)). The state transition and

the observation models are given by,

State Transition Model: X; = Fg (Xt 1;Ny) (4.22)

Observation Model:Y; = G(X¢; W) (4.23)
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where, N; is the system noise andV,; is the observation noise. The state
transition function Fg characterizes the state evolution for a certain behavior B.
In usual tracking problems, the motion model is used to characiee the state
transition function. In our current algorithm, the behavioral model described in
Section 3.1 is used as the state transition function. Therefqréhe state at time t,
(X¢) depends upon the state at the previous frameX(; ), the behavioral model
and the system noise. The observation functio® models the appearance of the
the bee (in the current frame) as a function of its current posbn(state X;), and
observation noise. Once such a description for state evolutiondhbeen made, the
particle Iter provides a method for representing and estimang the posterior pdf
P(X=Y}) as a set ofN weighted particlesf X”; {’g,. Then the state X, can

be estimated as the MAP estimate as given below,

XMAP = arg max 10 (4.24)
The complete algorithm is given below
1. Initialize the tracker with a sample set according to a prior distribution p(Xy).
2. For Frame =1,;2;:::
(a) For samplei =1;2;3;:::N
Resample X; ;= f t(i)lg
Predict the samplexfi) by sampling from Fg (Xt(i)l; N:) where Fg is a Markov

model for the behavior B estimated in the previous frame.

Compute Weights  for the particle using the likelihood model i.e., t(i) =
p(Yt:Xt(i)). This is done by rst computing the predicted appearance of the bee
using the function G and then evaluating its probability from the observation
noise model.
. . () W (D WL N O i
(b) Normalize the weights using ;' = ;’= ;; {  so that the particles represent

a probability mass function.
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(c) Estimate the MAP or MMSE estimate of the state X;. using the particles and

their weights.

(d) Compute the maximum likelihood estimate (&')for the current motion state given

the position and orientation in the current and previous frame.

(e) Estimate the behavior of the bee using a ML estimate from the various behavior
models asB = arg max; P(8 ,,=Bj):, whereBjforj =1;2;:: indicate the behaviors

modeled.

4.4.1 Prediction and Likelihood Model

In typical tracking applications it is customary to use motionmodels for prediction
[75] [88] [13] [179]. We use behavioral models in addition tootton models. The
use of such models for prediction improves tracking performe signi cantly.
Given the location of the bee in the current frameX,) and the image observa-
tion given by (Y;), we rst compute the appearance Z;) of the bee in the current
frame (i.e., the color image of the three ellipse anatomical adel of the bee ).
Therefore, given this appearanceZ(f”) for each hypothesised positior)(t(i), the

weight for the i™ particle ( t(i)) is updated as
= p(YEx ) = pz{"=x{") (4.25)

where, Y; is the observation. Since the appearance of the bee changeastcally
over the video sequence, we use an appearance model consistinguitiple color
exemplars@i; A; ::; As). The RGB components of color are treated independently
and identically. The appearance of the bee in any given frams assumed to be
Gaussian centered around one of these ve exemplars, i.e.,
1X°
P(Z)= ¢ 02 N(Z:A; 1) (4.26)

i=1
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whereN (Z; A;j; i) stands for the Normal distribution with meanA; and covariance
i. In practice, we modeled the covariance matrix as a diagonalatrix with equal
elements on the diagonal, i.e.,; = | , wherel is the identity matrix. The mean
observation intensitiesA1l A5 are learnt by specifying the location of the bee
in 5 arbitary frames of the video sequence. In practice, we alssed 4 of these 5
exemplars from the training database, while the's exemplar was estimated from
the initialization provided in the rst frame of the current video sequence. In either
case the performance was similar. For extremely challengingysences, with large

variations in lighting the former method performed better han the latter.

4.4.2 Inference of Dynamics, Motion and Behavior

Inference on the three tier hierarchical model is performagsing a greedy approach.
The inference for the lower tiers is rst performed independwly and these esti-
mates are then used in the inference for the next tier. Estimatg the current
position and orientation of the insect K!) is performed using a particle lter with
observation and state transition models as described in the prieus section. Once
the position and the orientation are estimated using the partie Iter, we then use
these estimates to infer about the current motion state. The mamum likelihood
estimate for the current motion state given the position and oentation in the

current and previous state is estimated as

8, =arg max PX! X! s = mi) (4.27)

mii =1;2;3:::
Finally, we also need to estimate the behavior of the insect in ¢hcurrent frame.
Once again, we assume that the inference for the lower tiers hasen completed
and based on the estimated motion states'®, we infer the maximum likelihood

estimate for the current behavior. In order to perform this, wealso need to decide
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an appropriate window lengthW. From section 4.3.7, we see that a window length
W of 25 is a good trade-0 between recognition performance aisthoothing across
behavior transitions. Therefore, we do a maximum likelihoodséimation for the

behavior using a window length of 25 frames as
B = argmaxP (8 .,jB)): (4.28)
j

Since the behavior modeB;, is a simple Markov model of order 1 given by the

transition matrix Tg,, this maximum likelihood estimate is easily obtained as

B = argmjaxP(é} w+iTs;) (4.29)
Y
= argmax Te; (8 781 i) (4.30)
J i=1:2;:W

4.5 Experimental Results

45.1 Experimental Methodology

For a training database of videos, manual tracking was perforu, i.e., at each
frame the position, motion and the behavior of the bee was maally labeled.
Following the steps outlined in Section 4.3.5, the model forydamics, behavior
and the behavior transitions was learnt. During the test phasdor every test video
sequence, the user rst identi es the bee to be tracked and indiizes the position
of the bee by identifying four extreme points on the abdomerthorax and head
respectively. Then the tracking algorithm uses this initialzation with a suitably
chosen variance, as the prior distributiorp(X o) and automatically tracks both the
position and the behavior of the bee as described in Section 4Fhis is a signi cant
di erence in experimental methodology from most other prewaus work. In [47],

they rst obtain manually tracked data for the entire video seaience to be analysed.
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Then the Markov model is used in order to classify the various batiors. In other
related work, like [115] and [116], for each test video sequencdhe tracking is
independently accomplished using a tracking algorithm [88hat has no knowledge
of the behavior models. Once the entire video sequence is tradkthen analysis of
the tracked data is performed using speci ¢ behavior models. €htraining phase
for our algorithm is similar to those in [47], [115] and [116] ithe sense that all
these algorithms use some kind of labeled data to learn the mogelrameters for
each behavior. But, our algorithm di ers from all the othersmentioned above in
that the behavior model thus learnt is used as a prior for tragkg, thus enhancing
the tracking accuracy. Moreover, this also means that manuébeling is required

only for the training sequences and not for any of the test vidso

45.2 Relation to Previous Work

Previous work in tracking and analyzing the behaviors of beehave dealt either
with the visual tracking problem [88] or with that of accuratdy modeling and
analyzing the tracked trajectories of the insects [115] [1LB47]. This is the rst

study that tackles both tracking and behavior modeling in a dsed loop manner.
By closing the loop, and enabling the tracking algorithm to baware of the behavior
models, we have improved the tracking performance signi cagt Experiments in

the next section will demonstrate the improvement of the tradkig performance for
two video sequences that have drastic motions. Once the resultstbe tracking

algorithm are available, one can in principle analyze the &cked trajectories using
any appropriate behavior model - the hierarchical Markov mael or the p-SLDS. In
all the experiments reported in this paper, we have used thedrarchical Markov

motion model to analyze the behavior of the bees.
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4.5.3 Tracking dancing bees in a hive

We conducted tracking experiments on video sequences of biees hive. In all the
experiments reported the training data and the test data werenutually exclusive.
In the videos, the bees exhibited three behaviors- the wagglartte, the round
dance and a stationary bee. In all our simulations we used 300 tO® particles.
The video sequences ranged between 50 frames to about 700 &arong. It is
noteworthy that when a similar tracking algorithm without a behavioral model
was used for tracking, it lost track within 30-40 frames (See Tée 4.1 for details).
With our behavior-based tracking algorithm, we were able torack the bees during
the entire length of these videos. We were also able to extract naaneters like
the orientation of the various body parts during each framewer the entire video
sequences. We used these parameters to automatically identifhetbehaviors. We
also veri ed this estimate manually and found it to be robust andaccurate.
Figure 4.6 shows the structural model of the tracked bee supemmsed on the
original image frame. In this particular video, the bee wasxaibiting a waggle
dance. The results are best viewed in color since the trackinggatithm had
color images as observations. The gure shows the top ve traceparticles (
blue being the best particle and red being the fth best partiat). As is apparent
from the sample frames the appearance of the dancer varies sicamtly within
the video. These images display the ability of the tracker to matain track even
under extreme clutter and in the presence of several similar king bees. Frames
30-34 show the bee executing a waggle dance. Notice that the abten of the bee

waggles from one side to another.
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Figure 4.6: Sample Frames from a tracked sequence of a bee ineative. Images
show the top 5 particles superimposed on each frame. Blue dersotie best
particle while red denotes the fth best particle. Frame Numbes row-wise from

top left :30, 31, 32, 33, 34 and 90. Figure best viewed in color.

Occlusions

Figure 4.7 shows the ability of the behavior based tracker to nidain track during

occlusions in two di erent video sequences. There is signi caatcclusion in frames
170, 172 and 187 of video sequence 1. In fact, in fame 172, asiolu forces the
posterior pdf to become bimodal (another bee in close proximjt But we see
that the track is regained when the bee emerges out of occlusim frame 175.
In frame 187, we see that the thorax and the head of the bee arechmled while
the abdomen of the bee is visible. Therefore the estimate of tlidddomen is very
precise (all ve particles shown indicate the same orientatioof abdomen). Since
the thorax is not visible we see that there is a high variance irhe estimate of the

orientation of the thorax and the head. Structural modelinghas ensured that, in
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Figure 4.7: Ability of the behavior based tracker to maintain tacking during
occlusions in two di erent video sequences. Images show the topérticles super-
imposed on each frame- Blue denotes the best particle and rechdees the fth

best particle. Row 1: Video 1- Frames 170, 172, 175 and 187 andaR®. Video
2- Frames 122, 123, 129 and 134. Figure best viewed in color.

spite of the occlusion, only physically realizable orientatits of the thorax and the
head are maintained. In frame 122 of video sequence 2, we sed #rather bee
completely occludes the bee being tracked. This creates tusion in the posterior
distribution of the position and orientation. But, behavior modeling ensures that
most particles still track the correct bee. Moreover, at the eh of occlusion in
frame 123, the track is regained. Frame 129 in video sequengesBows another
case of severe occlusion. But, once again, we see that the tragka&intains track
during occlusion and immediately after occlusion ( Frame 134)Thus behavior

modeling helps to maintain tracking under extreme clutter ad severe occlusions.
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Table 4.1: Comparison of our Behavior based tracking algorith(BT) with Visual
tracking (VT) [179] and the same visual tracking algorithm enhaced with our

shape model (VT-S)
Video Name Video 1 Video 2

Total Frames 550 200

Algorithm VT | VT-S | BT | VT | VT-S | BT

Number of 500| 500 | 500 500| 500 | 500

Particles

Successful No No | Yes| No No | Yes

Tracking

Number of 14 10 0 5 5 0

Missed Tracks

Average No. of | 37 50 | 550 33 33 | 200

Frames Tracked

4.5.4 Importance of Shape and behavioral Model for Track-

ing

To quantify the importance of the shape and the behavioral mad in the
above-mentioned tracking experiments, we also implementeaaher recent and
successful tracking algorithm also based on a particle- Iter badeinference. We
implemented the visual tracking algorithm based on an adaptevappearance model
described in [179]. We also implemented a minor variation of igalgorithm by
incorporating our shape model within their framework. In ether case we spent a

signi cant amount of time and e ort in varying the parameters of the algorithm so
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as to obtain the best possible tracking results with these algohims. We compare
the performance of our tracking algorithm to the two approdtes mentioned above
on two di erent video sequences in Table 4.1. Both these videa®nsisted of a
hand-held camera held over the vertical face of the bee-hiv&here were several
bees within the eld of view of each of these videos, but we werderested in track-
ing the dancing bees in both videos. So, we initialized the ttking algorithm on the
dancers in all these experiments. Moreover, these video sequeswere also specif-
ically chosen since the bees exhibited drastic motion changasidg the videos and
the illumination and lighting remained fairly consistent duting the course of these
videos. This gives us a nice testbed to evaluate the performanof the shape and
behavior model fairly independent of other challenges indcking like illumina-
tion. The incorporation of the shape constraints improves thperformance of the
tracking algorithm showing that an anatomically correct moel improves tracking
performance. We declared that a tracking algorithm "Lost Trak" when the dis-
tance between the estimated position of the bee and the actuabgition of the bee
on the image was greater than half the length of the bee. We sd®at while the
proposed tracking algorithm was able to successfully track theeb over the length
of the entire video sequences, the other approaches implenmezhivere not able to.
The table also clearly shows that the behavior aided trackinglgorithm that we

propose signi cantly outperforms the adaptive appearance ad tracking [179].

4.5.5 Comparison with Ground Truth

We validated a portion of the tracking result by comparing it wth a "ground
truth” track obtained using manual ("point and click™) track ing by an experienced

human observer. We nd that the tracking result obtained using he proposed
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method is very close to manual tracking. The mean di erencesebween manual
and automated tracking using our method are given in Table 4.2The positional
di erences are small compared the average length of the beehieh is about 80

pixels (from front of head to tip of abdomen).

Table 4.2: Comparison of our tracking algorithm with Ground Tuth

Average positional di erence
between Ground Truth

and our algorithm

Center of Abdomen 4.5 pixels

Abdomen Orientation 0.20 radians (11.5 deg)

Center of Thorax 3.5 pixels

Thorax orientation 0.15 radians (8.6 deq)

45.6 Modes of failure

Even in the presence of the improved behavior model based trawi algorithm,
there are some extremely challenging video sequences, whegeithproved tracking

algorithm resulted in some missed tracks. The primary modes of lizie are

lllunination: We are interested in studying and analyzing be@lances. Bee
dances are typically performed in the dark environment of # bee-hive.
Since the bees typically prefer to dance only in minimal liging, some of
the videos end up being quite dark. Moreover, there are also sigant il-

lumination changes depending upon the exact position of theadcer on the
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bee hive. These illumination changes posed the most signi carttallenge for
the tracking algorithm and most of the tracking failures can b attributed to

illumination based challenges in tracking. Even in such vidspthe tracking
algorithm with the behavior and anatomical model, outperfons the adap-
tive appearance based tracking algorithm [179]. Recently, lat of research
e ort has been invested in studying and developing appearanceodels that
are either robust or invariant to illumination changes [52]173]. Augmenting
the appearance model with illumination invariant appearace models might
reduce some of the errors caused due to illumination changesnc® the focus
of this work was on behavior modeling, we did not systematicgllanalyze
the e ect of incorporating such illumination invariant appearance models in

our algorithm.

Occlusions: Another reason for some of the observed tracking fads, is
occlusions. The bee hive is full of several bees which are very iEamin

appearance. Sometimes, the dancing bee disappears below iottees and
then reappears after a few frames. As described in Section 4,5x#en the
dancing bee is occluded for a relatively small number of frasehe algorithm
is able to regain track when the bee emerges out of occlusionsfér Figure
4.7). Butin some videos, the dancing bee remains occluded foep30 frames
or more. during such cases of extreme occlusions, the trackingaithm is

unable to regain track. During such cases of extreme occlusiotise only
reasonable way to regain track would be to design an initialigan algorithm

that can potentially discover dancing bees in a hive. This wddi be an
extremely challenging task, considering the complex naturd motions in a

bee hive and the fact that there are several moving bees in eydrame of the
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video. In practice, it might be a good idea to perform manualeinitialization

in such videos.

4.5.7 Estimating Parameters of the Waggle Dance

Foraging honeybees communicate the distance, direction atfte attractiveness of
the food source through the waggle dance. The details of the ggde dance were
discussed in detail in Section 4.1. The duration of the waggle pion of the dance
and the orientation of the waggle axis are some of the paramedeof interest while
analyzing the bee dances. The duration of the waggle portioffi ine dance may be
estimated by carefully Itering the orientation of the thorax and the abdomen of
a honeybee as it moves around in its hive. Moreover, the ortation of the waggle
axis can also be estimated from the orientation of the thorax ding the periods
of waggle.

Figure 4.8 shows the estimated orientation of the abdomen antd thorax in a
video sequence of around 600 frames. The orientation is measingth respect to
the vertically upward direction in each image frame and a ctikwise rotation would
increase the angle of orientation while an anticlockwise ratan would decrease the
angle of orientation.

The waggle dance is characterized by the central waggling nion which is
immediately followed by a turn, a straight run another turn ard a return to the
waggling section as shown in Figure 4.3. After every alternateaggling section the
direction of the turning is reversed. This is clearly seen in thorientation of both
abdomen and the thorax. The sudden change in slope (from poséivo negative
or vice-versa) of the angle of orientation denotes the revets# turning direction.

During the waggle portion of the dance, the bee moves its abaden from one side
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Figure 4.8: The orientation of the Abdomen and the Thorax of a &e in a video

sequence of about 600 frames

to another while continuing to move forward slowly. The largdocal variation in
the orientation of the abdomen just before every reversal of réiction shows the
waggling nature of the abdomen. Moreover, the average angiethe thorax during

the waggle segments denotes the direction of the waggle axis.

In order to estimate the parameters of the waggle dance, we usensoheuristics
described below. During the waggling portion of the dance, ¢hbee moves its
abdomen from one side to another in the direction transverse tdé direction of
motion. The average absolute motion of the center of the abd@n about an axis
transverse to the axis of motion is used as a waggle detection ss&it. When this

statistic is large then the probability of waggle during that @rticular frame is large.
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Table 4.3: Comparison of Waggle Detection with hand labelingy expert

Automated Labeling | Expert Labeling
(Frame Numbers) | (Frame Numbers)

Waggle 1 46 - 55 46 - 56

Waggle 2 88 - 95 89 - 97

Waggle 3 127 - 141 127 - 140
Waggle 4 171 - 180 171 - 181
Waggle 5 210 - 222 211 - 222
Waggle 6 255 - 274 257 - 274
Waggle 7 406 - 424 407 - 423
Waggle 8 444 - 461 444 - 461
Waggle 9 486 - 502 486 - 502
Waggle 10 532 - 543 534 - 544

Moreover, we also recognize that the waggle portion of the damis followed by a
change in the direction of turning. Therefore, only those fraes that are followed
by a change in direction of turning and have a high ‘waggle dettion statistic' are

labeled as waggle frames. Once the frames in which the bee waggre estimated,
it is then relatively straightforward to estimate the waggle ais. The waggle axis
is estimated as the average orientation of the thorax during single waggle run.
Table 4.3 shows the frames that were detected as waggle framaatomatically. We

also hand-labeled the same video sequence by an expert. The €hlso shows
the frames that were labeled as 'waggle' by the expert. Themgere a total of 138
frames that were labeled as 'waggle' by the expert. Of these88ames, 133 frames

were correctly labeled automatically using the procedure deribed above.
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4.6 Conclusions and Future Work

We proposed a method using behavioral models to reliably trattke position/orientation
and the behavior of an insect and applied it to the problem of &cking bees in a
hive. We also discussed issues in learning models, discriminatingween behav-
iors and detecting and modeling abnormal behaviors. Specalty, for the waggle
dance, we also proposed and used some simple statistical measuresstimate

the parameters of interest in a waggle dance. The modeling rhedology is quite
generic and can be used to model activities of humans by usingpappriate fea-
tures. We are working to extend the behavior model by modelingteractions
among insects. We are also looking to extend the method to probie like analyz-

ing human activities.
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Chapter 5

Coded Aperture Photography for
Light-Field Capture

In this chapter, we describe a theoretical framework for rev&bly modulating 4D
light elds using an attenuating mask in the optical path of a les based camera.
Based on this framework, we present a novel design to reconstrtiog 4D light eld
from a 2D camera image without any additional refractive elaents as required
by previous light eld cameras. The patterned mask attenuatesight rays inside
the camera instead of bending them, and the attenuation recexably encodes the
rays on the 2D sensor. Our mask-equipped camera focuses just asaalitional
camera to capture conventional 2D photos at full sensor resoioh, but the raw
pixel values also hold a modulated 4D light eld. The light eld can be recovered
by rearranging the tiles of the 2D Fourier transform of sensor \@es into 4D planes,
and computing the inverse Fourier transform. In addition, onecan also recover

the full resolution image information for the in-focus partof the scene.
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5.1 Introduction

The trend in computational photography is to capture more ofical information
at the time of capture to allow greater post-capture image peessing abilities.
The pioneering work of Nget al. [112] has shown a hand-held plenoptic camera
where the user can adjust focus and aperture settings after thécfure has been
taken. The key idea is to capture the entire 4D light eld enteing via the lens
and incident on the camera sensor. In a conventional cameragtBensed 2D image
is a 2D projection of the 4D light eld [113] and it is not possil# to recover the
entire 4D light eld. Using a clever arrangement of optical el@ents, it is possible
to re-bin the 4D rays and capture them using a 2D sensor [57,112These lens
arrays perform the optical implementation of the two plane arameterization of
the light eld [61,95].

Eventually, advances in computational photography may freeus from nearly all
of the adjustments, settings, and hard choices a photographer stunake before
"taking the picture”. Recent publications explain ways to diange long-standing
photographic procedures so that we can re-light, re-color,fb,127], re-expose, re-
position, re-arrange [3], re-time [133], and gently re-anee our captured visual
experiences long after the time of capture itself. We are pactlarly interested in
how conventional single-lens Im-like cameras might bettecapture what we want
to see when we press the camera's shutter release.

For example, inspired by Adelson's early plenoptic camera [2Ylg et al. [112]
and Georgievet al. [57] both developed a hand-held SLR camera that gathers a
fully 4D light eld in a single shutter-click. 'Re-binning' sensor data from these
cameras can approximate the output of a conventional 2D camae but it also allows

users to modify their focussing distances, change the depth ofdeqaperture), and
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make mild viewpoint changes. This adjustability comes at a higcost in image
resolution, however. Each camera uses clever sets of lens efegm® arrange the
4D set of rays that enter the camera into an interleaved set of 'Beimages’ on the
sensor, and both apply the 2-plane parameterization introded with light elds
and lumigraphs [61,95]. The number of interleaved imagesviies the resolution
of each; Ng's 16Mpixel camera achieves ne angular resoluti¢b4x14) but modest
spatial resolution (320x240), while Georgieet al. chose lower angular resolution
and higher spatial resolution. This tradeo is di cult to modi fy for either camera
design, because it would require precise replacements for lansys.

However, optical re-binning of rays forces a xed and permanttradeo be-
tween spatial and angular resolution via the array of lenses. Irhis chapter, we
describe novel hybrid imaging/light eld camera designs thatre much more easily
adjustable; users change a single attenuating mask rather thamrays of lenses.
We call this Dappled Photographyas the mask shadows the incoming light and
dapples the sensor. We exploit the fact that light rays can berlearly combined:
rather than sense each 4D ray on its own pixel sensor, our desigroai sensing
linearly independent weighted sums of rays, rays combined incaded fashion that
can be separated by later decoding. Our mapping from 4D ray spato a 2D sensor
array exploits heterodyningmethods [49] that are best described in the frequency
domain. By exploiting the modulation and convolution theoems [119] in the fre-
guency domain, we derive simple attenuating mask elements thean be placed
in the camera'’s optical path to achieve Fourier domain re-npging. No additional
lenses are necessary, and we can compute decoded rays as neadsaftiare.

The mask-encoded 2D/4D hybrid camera provide: (a) 4D light & at low

spatial resolution, in addition to a full resolution 2D image ofthe parts of the
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scene that were in focus at capture time; and (b) full resolutiodigital refocusing

for layered Lambertian scenes.

5.1.1 Contributions

We present a set of techniques to encode and manipulate usefuttpms of a 4D

light eld.

We derive a 4D Fourier domain description of the e ect of placg an atten-

uating mask at any position within a conventional 2D camera.

We identify a new class of 4D cameras that re-map the Fourieransform of
4D ray space onto 2D sensors. Previous 4D cameras used 2D lens artay

project 4D ray-space itself rather than it's Fourier transform

We achieve this frequency domain re-mapping using a single mismissive
mask, and our method does not require additional optical eleants such as

lens arrays.

Heterodyne Light Field Camera: This design is based on the modulation
theorem in the 4D frequency domain. We capture the light eldising a 4D version
of the method known as 'heterodyning' in radio. We create speal tiles of the
light eld in the 4D frequency domain by placing high-frequacy sinusoidal pattern
betweenthe sensor and the lens of the camera. To recover the 4D light c&lwe
take the Fourier transform of the 2D sensed signal, re-assemble t#B tiles into
a 4D stack of planes, and take the inverse Fourier transform. Unékprevious 4D
cameras that rely on lens arrays, this hybrid imaging/light eld design does not

force resolution tradeo s for in-focus parts of the scene. Thmask does not bend
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rays as they travel from scene to sensor, but only attenuates ttmen a ne, shadow-
like pattern. If we compensate for this shadowing, we retain aiffi-resolution 2D
image of the parts of the scene that were in focus, as well as tlosver-resolution
4D light eld we recover by Fourier-domain decoding. A prottype for this design

is shown in Figure 5.1.

5.1.2 Benets and Limitations

Mask-based hybrid imaging/light eld cameras o er several adantages over pre-
vious methods. An attenuating mask is far simpler and less costly dh lenses or
lens arrays, and avoid errors such as spherical, chromatic atsion, coma, and

mis-alignment. Simpler mounts and exible masks may allow caena designs that
o er user-selectable masks; photographers could then select athysired tradeo

in angle vs. spatial resolution. The design of Ngt al. [112] matches main-lens
aperture (f-stop) to the micro-lens array near the detectord avoid gaps or overlaps
in their coverage of the image sensor; mask-only designs avoiédk concerns. Our
mask based designs also impose limitations. Masks absorb roughly 56Rtisable

light that enters the lens.

5.2 Basics

The Plenoptic function [1] is a 5D function (ignoring wavelegth, polarization, and
time) that represents the radiance in every direction (, ), at every point (X, Y,
z ) in free space. This function is redundant in a space free of duders, and
reduces to a 4D function called the light eld [95] [61]. Thidight-eld is a 4D

guantity that completely characterizes light transport in aspace free of occluding
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Light Field Camera Encoded Blur Camera

Figure 5.1: Prototype camera designs. (Top Left) Heterodynegit eld camera
holds a narrowband 2D cosine mask (shown in bottom left) near theew camera's
line-scan sensor. (Top Right) Encoded blur camera holds a coalseadband mask

(shown in bottom right) in the lens aperture.
objects. A popular light eld parameterization is the two-plane parameterization.

Two parallel planes separated by a nite distance describe alhé rays between
them. This 4D parameterization,L(u;v;s;t), is frequently used to describe and
understand image formation in cameras and image based renaderitechniques.
For visualization purposes, we consider a 2D light eld space (LSyvith one

spatial dimensionx and one angular dimension and a 1D detector as shown
in Figure 5.2. We denote variables by lower case letters andetn corresponding
Fourier domain representations by upper case letters. Léfx; ) denote the 2D
light eld parameterized by the twin plane parameterization as shown in Figure 5.2.
The -plane is chosen to be the plane of the main lens (or the aperéustop
for cameras composed of multiple lens) of the camera. For theseaof planar

Lambertian object, we assume that thex-plane coincides with the object plane.
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Figure 5.2: (Top) In ray-space, focused scene rays from a scenénpoonverge
through lens and mask to a point on sensor. Out of focus rays imptimask
pattern on the sensor image. (Bottom) In Fourier domain. Lambian scenes lack
variation & form a horizontal spectrum. Mask placed at the apdure lacks x
variation & forms a vertical spectrum. The spectrum of the modiated light eld
is a convolution of two spectrums. A focused sensor measures a hanial spectral

slice that tilts when out-of-focus.
5.2.1 E ects of Optical Elements on the Light Field

We now discuss the e ect of various optical elements such as legerture and
sensor to the 2D light eld in frequency domain, which we referssFourier domain
light eld space (FLS). The (x; ) space is referred to as the primal domain.

Sensor: The image formed on a 1D sensor is a 1D projection of the 2D light
eld entering the camera, which also corresponds to a slice ofeHight eld in
Fourier domain. For di erent focus settings, the obtained imges correspond to
slices at di erent angles/trajectories [113].

Lens: A thin lens shifts the x-plane of the light eld to the conjugate plane
according to the thin-lens equation. The lens also inverts #wx-plane of the light
eld.

Aperture: The aperture of a camera acts as a limiter, allowing only theght

rays that pass through the aperture to enter the camera. Thedht eld | after
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passing through the aperture is given by
la(x; ) = 1(x; )a(x; ); (5.1)

where a(x; ) is the aperture modulation function given bya(x; ) = rect (5-),
and 2 o is the size of the aperture. From (5.1), the Fourier transformfahe light

eld after the aperture is given by
La(fx:f )= L(fx;f ) A(fxf ), (5.2)

where denotes convolution.L and A are the Fourier transforms of the light eld
(before the aperture) and the aperture modulation functiorrespectively. Since

a(x; )is arect function,

A(fy;f ) =2agsinc (2aqf ): (5.3)

5.2.2 FLS and Information Content in the Light Field

A light eld is a 4D representation of the light rays in the freespace. A 2D
sensor can only sample a 2D slice of this light eld. Depending ohé scene, the
information content in the light eld is concentrated in di erent parts of the light

eld.

Planar Lambertian Object

Let us assume that the scene being imaged consists of a planar Lartiaa object
at the focus plane. Since there are no angular variations imé irradiance of rays
from a Lambertian object, the information content of its lidht eld is restricted to
be along thef, axis (Figure 5.2). Thus,L(fy;f ) =0;8f 6 0. SinceL(fy;f )

is independent off and A(fy;f ) is independent off,, from (5.2) and (5.3) we
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obtain,

La(fx;f ) = L(f;f)  A(ff ) (5.4)
= L(fx;0)A(0;f ); (5.5)
= 2aglL(fy; 0)sinc (2af ): (5.6)

The sensed image is a slice of this modulated light eld. When thgensor is in
focus, all rays from a scene point converge to a sensor pixel. Thtise in-focus
image corresponds to a slice afa(fy;f ) alongfyx (f = 0). Let y(s) and Y (fs)
denotes the sensor observation and its Fourier transform respeely. For an in-
focus sensor

Y(fs) = La(fs;0) = 2a0L (fs; 0): (5.7)

Thus, no information is lost when the Lambertian plane is in fags.
When the sensor is out of focus, the sensor image is a slanted slice hef t
modulated light eld as shown in Figure 5.2, where the slant arlg depends on

the degree of mis-focus. Thus,

Y(fs) = La(fscos;f ssin );
(5.8)

=2agL (fscos; 0)sinc (2agfssin )

Thus, for out of focus setting, the light eld gets attenuated ly the frequency
transform of the aperture modulation function, which is a sindunction for an
open aperture. This explains the attenuation of the high spé&il frequencies in
the captured signal when the scene is out of focus. Thus, we neednodify
the aperture so that the resulting aperture modulation functon has abroadband
frequency response, ensuring that high spatial frequencies ameserved in out of

focus images.
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Incidentally, for a pinhole camera, the aperture functiond a Dirac delta func-
tion and the aperture modulation function is broadband inf . This explains why
the images captured via a pinhole camera are always in-fociidowever, a pinhole
camera su ers from severe loss of light, reducing the signal toige ratio (SNR) of

the image.

Bandlimited Light Fields

For general scenes, we assume that the light eld is bandlimitea o andf ¢ as
shown in Figure 5.4:L(f«;f ) =0 8jfyj fxo;jf | f o. A traditional camera
can only take a 2D slice of the 4D light eld. To recover the ente information
content of the light eld, we need to modulate the incoming fjht eld so as to

redistribute the energy from the 4D FLS to the 2D sensor.

5.3 Heterodyne Light Field Camera

In this section, we show that the required modulation can be agved in frequency
domain by the use of an appropriately chosen 2D mask placed at appsopriate
position between the lens and the sensor. Although a mask is only @ thodulator,
in tandem with the lens, it can achieve the desired 4D modulatio We believe
that this is the rst design of a single-snapshot light eld camerathat does not

use any additional lenses or other refractive elements.
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Figure 5.3: Heterodyne light eld camera. (Top) In ray-spacethe cosine mask at
d casts soft shadows on the sensor. (Bottom) In Fourier domain, scesgectrum
(green on left), convolved with mask spectrum (center) made ahpulses creates
0 set spectral tiles (right). Mask spectral impulses are horizaal at d = 0, vertical
at d = v, or tilted.

5.3.1 Modulation Theorem and its Implications

According to the modulation theorem [119], when a baseband sa&jrs(x) is multi-

plied by a cosine of frequency, it results in copies of the signal at that frequency.
1
Flcos(2f ox)s(X)I(fx) = S5(F(fx  fo) + F(fx+ fo)); (5.9)

where F[s(x)](fx) = F(fyx) denotes the Fourier transform ofs(x). This principle

has been widely used in telecommunications and radio systems. elbaseband
signal is modulated using aarrier signal of much higher frequency so that it can
be transmitted over long distances without signi cant loss of eergy. The receiver

demodulate the received signal to recover the baseband signal. essence, what
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Figure 5.4. Spectral slicing in heterodyne light eld camera (Left) In Fourier
domain, the sensor measures the spectrum only along the horizalnaxis f = 0).
Without a mask, sensor can't capture the entire 2D light eld spettum (in blue).
Mask spectrum (gray) forms an impulse train tilted by the angle . (Middle)
By the modulation theorem, the sensor light eld and mask spectraonvolve to
form spectral replicas, placing light eld spectral slices alansensor's broad =0
plane. (Right) To re-assemble the light eld spectrum, transla¢ segments of sensor

spectra back to their originalf,;f locations.

we wish to achieve is very similar. We would like to modulate thaformation in
the angular variations of the light eld (f frequencies) to higher frequencies iy
so that the high resolution 1D sensor may be able to sense this infation.

Figure 5.4 shows a bandlimited light eld in frequency domainFor simplicity,
let us assume thex plane to be the conjugate plane, so that the sensor image
corresponds to a slice alonfy, (horizontal slice). Now consider a modulator whose
frequency response is composed of impulses arranged on a slaritezl ds shown
in Figure 5.4. If the light eld is modulated by such a modulate, each of these
impulses will create a spectral replica of the light eld at itscenter frequency.
Therefore, the result of this convolution will be several spe@l replicas of the light
eld along the slanted line. The elegance of this speci ¢ modation is that the
horizontal slice (dashed box) of the modulated light eld specum now captures

all the information in the original light eld. Note that the a ngle is designed
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Figure 5.5: Ray space and Fourier domain illustration of lighteld capture. The
atland scene consists of a dark background planar object ocded by a light
foreground planar object. In absence of a mask, the sensor onlyptaes a slice
of the Fourier transform of the light eld. In presence of the mak, the light eld
gets modulated. This enables the sensor to capture informatidn the angular
dimensions of the light eld. The light eld can be obtained byrearranging the

1D sensor Fourier transform into 2D and computing the inverse Foier transform.

based upon the required frequency resolution in and x, and the bandwidth of

the incoming light eld.
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Heterodyne receivers in telecommunications demodulate tircoming signal to
recover the baseband signal. In our case, demodulation must alsdlistribute the
energy in the sensed 1D signal to the 2D light eld space. The praasof demod-
ulation consists of rearranging the frequency response of the sento recover the

bandlimited light eld as shown in Figure 5.4.

5.3.2 Mask based Heterodyning

Now we show that the required modulation can be achieved by piag a suitably
chosen attenuating mask in the optical path of a conventionalatnera.

Masks as Light Field Modulators: A mask is essentially a special 1D code
c(y) (2D for 4D light eld) placed in the optical path. In atl and, although the
mask is 1D, its modulation function is 2D (Figure 5.3). The masla ects the
light eld dierently depending on where it is placed. If the mask is placed at
the aperture stop ( plane), then the e ect of mask is to multiply the aperture
modulation function by the mask modulation function. The maskmodulation
function m(x; ) is then given bym(x; )= c(y = ), i.e., the modulation function
is independent ofx. Intuitively, when placed at the -plane, the mask a ects all
rays at an angle in similar way, independent of the scene point from which they
are originating.

If the mask is placed at the conjugate plane, it attenuates athys (independent
of ) for samex equally. This is because at the conjugate plane, all rays oimgting
from a point on the plane of focus converge to a single point. Th, the mask
modulation function changes tom(x; )= c(y = x).

Thus, we see that the modulation function corresponding to plaay the same

code at the aperture and the conjugate plane are related by atation of 90 in the
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2D light eld space. Moreover, as the 1D code is moved from theparture plane
to the plane of the sensor, the resulting mask modulation functiogets rotated in
2D as shown in Figure 5.3.

Let v be the distance between the aperture and the conjugate planéf the
maskc(y) is placed at a distanced from the conjugate plane, the mask modulation

function is given by

q
M(fx;f )= 2C( f2+f2) (f cos fysin ); (5.10)

whereC denotes the Fourier transform of the 1D mask and = 1:p (d=v)2+ (1 (d=v))2
The angle is given by

= arctan(d=<v d)) (5.11)

In other words, the mask modulation function has all its energgoncentrated
on aline in the 2D FLS space. The angle of this line with respect to thef, axis
depends upon the position of the mask. When the mask is placed aetconjugate
plane d = 0), the angle is equal to 0. As the mask moves away from the
conjugate plane towards the aperture, this angle increases 90 at the aperture
plane as shown in Figure 5.3,

Optimal Mask Position: In order to capture the 2D light eld, we need the

modulation function M (f,;f ) to be a series of impulses at an angle given by

fr

= arctan
2f x0

; (5.12)

wheref,q is the bandwidth of the light eld along the f, axis andf g represents
the desired frequency resolution along the axis. For example, in Figure 5.4, the
frequency resolution has been depicted as being equafte = (2=5)f o, wheref
is the bandwidth of the light eld along the f axis. Thus, for capturing a light

eld of a given bandwidth, the physical position of the mask can & calculated

138



from (5.12) and (5.11). In practice, since the spatial resoluin is much larger than
the angular resolution, is very small, and therefore the mask needs to be placed
close to the sensor.

Optimal Mask Pattern: To achieveM (f4;f ) as a set of 1D impulses on
a slanted 2D line, the Fourier transformC(f ) of the 1D mask should be a set
of impulses. Let »+ 1 be the number of impulses inM (fy;f ). The Fourier

transform of the 1D mask is then given by

¥ep
C(f)= (f  kfo); (5.13)
k= p

p
wheref, denotes the fundamental frequency and is given iy = 4f % + f g 2.
From Figure 5.4, (p+1)f g = 2f . The bandwidth in f is discretized byf .

Hence, the number of angular samples obtained in the light elaill be equal to

2t
fr

= 2p+1. Since the Fourier transform of the optimal mask is a set of symetric
Dirac delta functions (along with DC), this implies that the physical mask is a
sum of set ofcosinesof a given fundamental frequency, and its harmonics. The
number of required harmonics is in facp, which depends upon the band-width of
the light eld in the f axis and the desired frequency resolutiohg .

Solving for 2D Light Field: To recover the 2D light eld from the 1D
sensor image, we compute the Fourier transform of the sensor imageshapethe
1D Fourier transform into 2D as shown in Figure 5.4 and computehe inverse

Fourier transform. Thus,
I[(x; )= IFT(reshape(FT(y(s)))); (5.14)

whereFTand IFT represent the Fourier and inverse Fourier transforms respecly,

and y(s) is the observed sensor image. Figure 5.5 shows a simple exampliggbt

139



—f

0.8 —

0.6} pr

0.4f —DC
—Sum

ORI

-0.2
0 0.2 0.4 0.6 0.8 1
cycles/mm

o

Figure 5.6: (Left) Zoom in of a part of the cosine mask with four &rmonics.
(Right) Plot of 1D scan line of mask (black), as sum of four harmaos and a

constant term.

eld capture where the scene consists of a dark background planecluded by a

light foreground plane.

5.3.3 Note on 4D Light Field Capture

Even though the analysis and the construction of mask-based hegdyning for light
eld capture was elucidated for 2D light elds, the procedureremains identical
for capturing 4D light elds with 2D sensors. The extension to the4D case is
straightforward. In case of a 4D light eld, the information cantent in the 4D light
eld is heterodyned to the 2D sensor space by the use of a 2D mask @ddetween
the aperture and the sensor. The Fourier transform of the 2D maskowld contain

a set of impulses on a 2D plane.

kye 1 kye p2
C(fl,fg) = (f]_ k]_f())(,fz szg) (515)

ki= pi1kae= pz
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Figure 5.7: (Top Left) Magnitude of the 2D Fourier transform & the captured
photo shown in Figure 5.8. i; , denote angular dimensions and;; X, denote
spatial dimensions of the 4D light eld. The Fourier transform tas 81 spectral
tiles corresponding to 9 9 angular resolution. (Bottom Left) A tile of the Fourier
transform of the 4D light eld corresponding tof ; = 1;f , = 1. (Top Right)

Refocused images. (Bottom Right) Two out of 81 views. Note that faeach view,
the entire scene is in focus. The horizontal line depicts the sithparallax between
the views, being tangent to the white circle on the purple conia the right image

but not in the left image.
Since negative values in the mask cannot be realized as regdirwe need to boost

the DC component ofC(f ;f,) so as to make the mask positive throughout. Fig-
ure 5.6 shows a part of the 2D cosine mask we used for experimentsngl with
the plot of one of its scanline. This 2D mask consists of four harmigs in both
dimensions p; = 4;p, = 4) with fundamental frequenciesf ¥ and f§ being equal
to 1 cycle/mm. This allows an angular resolution of 9 9 in the 4D light eld.
Figure 5.7 shows the magnitude of the Fourier transform of theaptured photo
of the cones (as shown in Figure 5.8). The Fourier transform eldy shows 9 9

spectral tiles created due to the modulation by the mask. These asgtral tiles
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Figure 5.8: Our heterodyne light eld camera provides 4D ligt eld and full-
resolution focused image simultaneously. (First Column) Raw semsmage. (Sec-
ond Column) Scene parts which are in-focus can be recoverddfdl resolution.
(Third Column) Inset shows ne-scale light eld encoding (top) and the corre-
sponding part of the recovered full resolution image (bottom)(Last Column) Far
focused and near focused images obtained from the light eld.

encode the information about the angular variation in the ioident light eld. To
recover the 4D light eld, demodulation involvesreshaping of the sensor Fourier
transform in 4D. Lett; = 2p; +1 and t, = 2p, + 1 be the number of angular
samples in the light eld and let the captured 2D sensor image bld N pixels.
We rst compute the 2D FFT of the sensor image. Then we rearrange t, tiles
of the 2D Fourier transform into 4D planes to obtain a N=t;) (N=t;) t; t;
4D Fourier transform. Inverse FFT of this 4D Fourier transform gves the 4D light
eld. In Figure 5.8, using a 1629 2052 pixel image captured with a cosine mask
having four harmonics, we obtain a light eld with 9 9 angular resolution and

181 228 spatial resolution.

5.3.4 Formal Derivation for Mask based Heterodyning

This analysis is done for a 1D mask placed in front of a 1D sensor tapture a

2D light eld. Let v be the total distance between the aperture and the sensor
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Schematic Layout of Lens, Mask and Sensor
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Figure 5.9: Schematic showing a 1D code place in front of a 1D sento capture
a 2D light eld. The light eld is parameterized as twin-plane, with the x plane

aligned with the sensor and the plane aligned with the aperture.
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and d be the distance between the mask and the sensor. De ne= g From
Figure 5.3.4, if we place the 1D code(y) at a distance d from the sensor, the

resulting 2D light eld gets attenuated by the 2D maskm(x; ) given by
m(x; )=c +( )X): (5.16)

As we will derive below, the Fourier transform of the mask lies oa line in the 2D
Fourier light eld space.

Let C(fy) be the 1D Fourier transform ofc(y)
z inf .
C(ty)= f c(y)exp( j2f yy)dy (5.17)
n
and let M (f;f ) be the 2D Fourier transform ofm(x; ):
Z inf Z inf
M(fg;f )= m(x; )exp( j2f yx)exp( j2f )dxd: (5.18)

inf inf

We wish to nd the expression ofM (f,;f ) in terms of C(y). Let

y= +(1 )X (5.19)
Use auxiliary variable
z=(1 ) X (5.20)
De ne
o 1
= p a7 (5.21)
Then
= 2( Yy + (1 )Z) (522)
x= X1 )y z) (5.23)
Jacobian
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2 3
@ @
J=det§ @ % (5.24)
@x  @x
@y @z
J= 2 (5.25)
By change of variables, we have
YA inf z inf
M(fy;f)=1J cly)exp( j2f yy)exp( j2f ,z)dydz (5.26)
inf inf

Substituting x and from (5.22) and (5.23) in (5.18), and comparing common
terms, we get

fy= 2(fx( )+f ) (5.27)

f,= 2( f, +f (@1 ) (5.28)

Integrating out z term will give a term. Thus
M(fx;f )= JC(fy) (f2) (5.29)

Now substitute tan = — Then sin = andcos = (1 )

Substituting in equation for f,, we get

fy= (fxcos +f sin ) (5.30)
Simplifying (f,), we get

(f,)= (f cos fysin ) (5.31)
Finally

M(fy;f )= 2C( (fycos +f sin )) (f cos fysin ) (5.32)
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The function constraints the 2D Fourier transform of mask to lie alog a line

given by f cos  fysin = 0 Using this constraint the above equation can be

simpli ed to
q
M(fx;f )= 2C( f2+1f2) (f cos fysin ): (5.33)
Thus,
tan = - 9. (5.34)
1 v o d '
and
1 1

(5.35)

Practical Design

In a practical design, rst is calculated using the frequency resolution in, f g
and the bandlimit f,, of the light eld in the spatial dimension. f g is relate to
the size of the apertureA. f g = 1=A.

fr

tan = 5.36
o o (5.36)

Once we know and the total distance between the sensor and the aperture
v, we can nd d using (5.34). The fundamental frequency can be obtained using
(5.33) by substituting fy = 2f,c andf = f
q__
fo=  4f2+f2 (5.37)

In practice, isclosetoland is 4 5 degrees.

146



5.3.5 Aliasing

Traditionally, undersampling results in masquerading of higér frequencies as lower
frequencies in thesamechannel and leads to visually obtrusive artifacts like ghost-
ing. In heterodyne light eld camera, when the band-limit assmption is not valid
in the spatial dimension, the energy in the highespatial frequencies of the light
eld masquerade as energy in the loweangular dimensions. No purely spatial
frequency leaks to other purely spatial frequency. Thus, we dwt see familiar
jaggies, moire-like low-frequency additions and/or blockpess in our results. The
e ect of aliasing is discussed in detail in [162], where using theasistics of nat-
ural images, it is shown that the energy in the aliasing componenis small. To
further combat the e ects of aliasing, we post- lter the recoered light eld using

a Kaiser-Bessel lIter with a lter width of 1:5 [113].

5.3.6 Light Field based Digital Refocusing

Refocused images can be obtained from the recovered Fourianisform of the light
eld by taking appropriate slices [113]. Figure 5.8 and Figw 5.7 shows refocused
cone images. The depth variation for this experiment is quitarge. Notice that
the orange cone in the far right was in focus at the time of capte and we are
able to refocus on all other cones within the eld of view. Figre 5.11 shows the
performance of digital refocusing with varying amounts of br on the standard
ISO-12233 resolution chart. Using the light eld, we were ableot signi cantly
enhance the DOF. It is also straightforward to synthesize noveliews from the
recovered light eld. Two such views generated from the recexed light eld are
also shown in the bottom right part of Figure 5.7. The horizonthline on the

images depicts small vertical parallax between the two viewdDigital refocusing
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Figure 5.10: Our heterodyne light eld camera can be used tofiecus on complex
scene elements such as the semi-transparent glass sheet in frorthefpicture of
the girl. (Left) Raw sensor image. (Middle) Full resolution imge of the focused
parts of the scene can be obtained as described in Section 5.3(Right) Low
resolution refocused image obtained from the light eld. Notehat the text on the
glass sheet is clear and sharp in the refocused image.

based on recovered light elds allow us to refocus even in thase of complicated
scenes such as the one shown in Figure 5.10. In this example, a posf the girl
in the back is occluded by a glass sheet in front. Notice that theekt 'Mask based
Light Field" written on the glass sheet is completely blurredn the captured photo.
By computing the light eld, we can digitally refocus on the dass sheet bringing

the text in focus.

5.3.7 Recovering High Resolution Image for Scene Parts

in Focus

Our heterodyne light eld camera has an added advantage thate can recover high
resolution information for the in-focus Lambertian parts of the scene. Consider a
scene point that is in sharp focus. All rays from this scene point aeh the same

sensor pixel but are attenuated di erently due to the mask. Thesfore, the sensor
pixel value is the product of the scene irradiance and the awge value of the mask

within the cone of rays reaching that pixel. This attenuatio (x;y) varies from
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pixel to pixel and can either be computed analytically or remvered by capturing a
single calibration image of a uniform intensity Lambertian sgee. We can recover

the high resolution imagel (x;y) of the scene points in focus as

L(x;y) = s(x;y)= (X;y); (5.38)

where s(x;y) is the captured sensor image. Parts of the scene that were not in
focus at the capture time will have a spatially varying blur inl (x;y). We use the
image of a uniform intensity Lambertian light box as .

In Figure 5.8, zoomed in image region shows the attenuation dfe sensor
image due to the cosine mask. The recovered high resolution pict is also shown
in Figure 5.8 and the inset shows the ne details recovered in ¢hparts of the
image that were in focus. Figure 5.11 shows the recovered higisolution picture
of a resolution chart that was in focus during capture. This abty to obtain high
resolution images of parts of the scene along with the 4D lighteld makes our

approach di erent from previous light eld cameras.

5.4 Non Rectangular Band-Limits for Light-Field

The design in [159] was optimized assuming that the shape of thenoblimit was
rectangular as shown in Figure 5.4. But in real-world scenaspthe incident light
eld spectrum has speci ¢ shape characteristics that are heayildependent upon
the depth of objects in the scene [26,44]. We show how to optiraizhe mask
S0 as to match the shape of the band-limit in the frequency dommai Usually, the
spatial resolution of light eld is reduced by a factor equal tahe number of angular
samples in captured light eld. However, by optimizing the maskbetter spatial

resolution can be achieved as shown below. For illustration, vessume 2D light
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Figure 5.11: Analysis of the refocusing ability of the heteroahe light eld camera.
(Left) If the resolution chart is in focus, one can obtain a fulfesolution 2D image
as described in Section 5.3.7, along with the 4D light eld. (Midle) We capture
out of focus chart images for three di erent focus settings. (ight) For each setting,
we compute the 4D light eld and obtain the low resolution refeused image. Note

that large amount of defocus blur can be handled.

elds captured by 1D sensor, but it easily extends to 4D light etls captured by
2D sensor.

Let us assume that the band-limit light eld is shaped as shown inigure 5.12(a),
with reducing spatial bandwidth as the angular frequency ineases. Let the
band-limits be given by xo;fx1;fx2) corresponding to the angular frequencies
(f =0;f =fgr;f =2f ) as shown in Figure 5.12. Now consider a ray modu-

lation function given by
R(fx;f ;)= (fx fisf  fitan( );2); (5.39)

wheref; =0; i=0andf; =f,n+2 j 1' 1ij + fy,;8i> 0. This ray modula-
tion function will lead to a series ofunequally placed impulses and corresponding
spectral copies of the light eld as shown in Figure 5.12. The ssor image (red
box) is a slice of the modulated light eld (from Fourier SliceTheorem [113]).

Note that the modulation function is now optimized so that the sgctral copies are
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Figure 5.12: Optimal sampling of light elds. (Left) The bandimit of the light eld
is not rectangular as in [159]. (Middle) The light eld is modilated with cosines of
appropriate frequencies (non-harmonics) so that the spectregplicas abut tightly
on the sensor slice and there is no wastage of sensor pixels. Note tlng spectral
replicas could overlap in other parts of the spectrum which arnot captured by
the sensor. (Right) Demodulation involves reshaping the sensootiier transform

as before accounting for unequal spectrum width in di erent agular samples.

tightly abut on the sensor without any gaps. If we have used a mask twiimpulses
equally placed, it would have resulted in gaps on sensor slice rie@ponding to no
information in the light eld. Moreover, if the depth range of the scene is known
apriori, this leads to a speci c shape of the light eld band-lmit [26,44] and one

can potentially use this information to optimally sample the ight eld.

5.5 Implementation and Analysis

Heterodyne Light Field Camera: We build a large format camera using a
atbed scanner (Canon CanoScan LIDE 70) similar to [168,174hd place a8 10
inch? mask behind the scanner glass surface. The mask was printed at a hason
of 80 dots/mm using Kodak LVT continuous tone Im recorder (BowHas Inc.).
The scanner itself was then placed on the back of a large formaéw camera tted

with a 210 mm /5.6 Nikkor-W lens as shown in Figure 5.1. In praate, the motion
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of the scanner sensor is not smooth leading to pattern noise (hantal/vertical
lines) in the captured photo. This may lead to some artifacts irthe recovered
light elds. However, many of these issues will disappear with a nmemask placed
inside a conventional digital camera. Calibration involvesccounting for the in-
plane rotation and shift of the mask with respect to the sensor whicmanifest as
search for the rotation angle of the captured 2D image and thehpse shift of the
Fourier transform. Since the computation of the light eld ard refocusing is done
in Fourier domain, computational burden is low.

Failure Cases: The heterodyne light eld camera assumes a bandlimited light
eld. When this assumption is not true, it leads to aliasing artfacts in the recovered
light eld. To recover larger angular resolution in the light eld, the 2D cosine mask

needs to be moved away from the sensor, which might result in daction.

5.6 Applications of captured Light-Fields

In this section, we show two examples of captured light- eld usg the implemen-
tation described. Firstly, we printed a 2D sum of cosines mask witfrequencies
of 5;10; 15; 20 cycles/mm allowing us to obtain 2 4 +1 = 9 angular samples in
the light eld with spatial resolution of 240 180 (Results shown in Figure 5.13).
We also printed another 2D sum of cosines mask with frequencies8l6; 24 cy-
cles/mm allowing us to obtain 2 3+1 =7 angular samples in the light eld with

spatial resolution of 340 250 (Results shown in Figure 5.14).
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(a) Captured Modulated Image

(b) Focus on Doll (d) Depth map

(c) Focus on face (e) All in Focus

Figure 5.13: (a) Captured Modulated Image (b) Low ResolutioRefocussed Image
- Focus on Doll (c) Low Resolution Refocussed Image - Focus ondad) Raw
Depth labels quantized to 10 depth levels. (e) All in focus ima&g

5.6.1 Depth from Focus

Once we have captured the light eld, images focused at any dédypcan be obtained
by taking appropriate slices from the Fourier transform of thecaptured light eld

[113]. Figure 5.13(a) and 5.14(a) show the captured imagestafo scenes with
signi cant texture and depth variations. Figures 5.13(b,c) ad 5.14(b,c,d) show
di erent refocused images for each dataset. We can extract diapfrom refocussed
images since scene points that are not in focus are blurred vehBcene points in
focus are sharp in the refocused images. So for a given pixel iptye study a small

region around the pixel, then, this region will be sharp in theefocused image at
the correct depth while it will be blurred at all other depths. We use the variance
of the neighborhood around each pixel as a measure of sharpnesachEpixel is

assigned the depth corresponding to the refocused image in whtble variance of

its neighborhood is maximum. Such an assignment (10 depth léskeis shown in
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(a) Captured Modulated Image

(e) Estimated Depth Map

(f) All in Focus Image

(b) Focus Back (c) Focus Center (d) Focus Front

Figure 5.14: (a) Captured Modulated Image (b) Refocussed Imag Focus on back
poster (c) Refocussed Image - Focus on doll (d) Refocussed Imagecus on front
Scotch box (e) Raw Depth labels quantized to 10 depth levelse)(All in focus

image.
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5.13(d) and 5.14(e).

5.6.2 All Focus Image

We can also obtain the all-in-focus image just as is obtained {i13] from the
estimated depth map and the corresponding refocussed images. €ach pixel we
choose the intensity from the refocused image corresponding t® @éstimated depth
resulting in an all-in-focus images as shown in Figure 5.13(ahd Figure 5.14(f).
Supplementary materials include Matlab code and input imaas as well as videos

showing digital refocusing.

5.6.3 3D Texture mapped model

We can also obtain a 3D texture mapped estimate of the scene, singe have
the depth estimates and the corresponding irradiance(intertg) estimates. This
allows us to recover a 3D texture mapped surface corresponditigthe scene by
appropriately combining the depth and irradiance estimate® create a 3D texture
mapped surface. We can also synthesize novel views from the esteda3D texture

mapped model.

5.7 Discussion

Future Directions:  To capture the light eld, we need to use masks that match
the resolution of the sensor. It is already possible to print RGB Beger mosaics at
pixel resolution. This is ideal for the future trend of digitd cameras where pixels
are becoming smaller to achieve higher resolution. Such higésplution masks will

support heterodyning as well as Bayer mosaic operations in a gie@ mask. Our
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current masks are e ectively 2D in a 4D space, but in the futureree may use masks
that are angle and location dependent like a hologram to a@ie a complete 4D
e ect. We hope our work in broadband and cosine masks will also stulate more

ideas in mask functions including colored and polarized masks estimate scene
properties.

Our broadband coding can be pushed in higher dimension, for emple, by
coding both in time [133] and space. The benet of masks comparéo lenses is
the lack of wavelength dependent focusing and chromatic albations. This fact is
commonly used in astronomy. Hence, masks can be ideal for hypeespal imag-
ing. Shallow depth of eld is a serious barrier in medical and smnti ¢ microscopy.
The facility to refocus while maintaining full resolution wil be a great bene t. In
combination with confocal coded aperture illumination onenaybe able to capture
digitally refocused images in a fewer incremental steps of tiecal planes.

Conclusions: We showed that two di erent kinds of coded masks placed inside
a conventional camera will each allow us to make a di erent kd of computational
improvement to the camera'’s pictures. First, if we place a nenparrowband mask
slightly above the sensor plane, then we can computationallyaever the 4D light
eld that enters the main camera lens. The mask preserves our cam's ability
to capture the focused part of the image at the full resolutionfahe sensor, in the
same exposure used to capture the 4D light eld. Second, if we pla coarse,
broadband mask at the lens aperture, we can computationallyefocus an out of
focus image at full resolution. As this refocusing relies on dawvolution, we can
correct the focusing for images that require constant or piesgse-planar focusing.
These and other masks are not magical: mask reduces sensor illuation by 1

f-stop and refocusing exacerbates noise. However, high-quahhasks may be less
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demanding than lens arrays to mount, align, or arrange in ierchangeable sets and
they avoid optical errors such as radial error, spherical anchromatic aberration,
and coma. We believe that masks o er a promising new avenue fasraputational

methods to substantially improve digital photography.

Appendix: Source Code

% Source Code for Computing 4D Light-Field from Captured 2D Photo
% Mask contains Cosines with 4 Harmonics leading to 9X9 Angular Samples

m = 2133; n=1719 % Size of Captured Image

nAngles = 9; cAngles = (nAngles+1)/2; % Number of Angular Samples

F1Y = 237; F1X =191; %Cosine Frequency in Pixels from Calibration Image
phil = 300; phi2 = 150; % PhasesShift due to Mask In-Plane Transltn wrt Sensor
F12X = floor(F1X/2); F12Y = floor(F1Y/2);

%Compute Spectral Tile Centers, Peak Strengths and Phase
for i=1:nAngles ; for j=1:nAngles
CentY(i,j) = (m+1)/2 + (i-cAngles)*F1Y;CentX(i,j) = (n+1)/2 + (j-cAngles)*F1X;
Mat(i,j) = exp(sqrt(-1)*((phil*pi/180)*(i-cAngles) + (phi2*pi/180)*(j-cAngles)));
end; end
Mat(cAngles,cAngles) = Mat(cAngles,cAngles) * 20;

f = fftshift(fft2(imread(‘InputCones.png’))); %Read Photo and Perform 2D FFT
%Rearrange Tiles of 2D FFT into 4D Planes to obtain FFT of 4D Light-Field
for i = 1: nAngles; for j = 1. nAngles
FFT_LF(:,,ij) = f(CentY(ij)-F12Y:CentY(i j)+F12Y,...
CentX(i,j)-F12X:CentX(i,j)+F12X)/Mat(i,j);
end; end

LF = ifftn(ifftnshift(FFT_LF)); %Compute Light-Field by 4D Inverse FFT
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Chapter 6

Discussions and Future Directions

The rst part of this dissertation studied the problem of characerizing, learning
and classifying dynamic patterns that appear in video. Spea attention was
paid to apllications such as gait based person identi cation, divity recognition,
comparing shape sequences, simultaneous tracking and behawabpalysis. It was
shown that solutions to these issues may be posed as a problem innmfg and
mathematically characterizing the nature of the dynamicsfahe relevant patterns

in video. Some of the areas for future work are listed below.

6.1 Comparing ShapeSequences

6.1.1 Shape descriptor for Comparing Shape Sequences

We used Kendall's statistical shape as the shape feature for comipg shape se-
guences. Kendall's statistical shape is a sparse descriptor of theaph. We could,
in theory choose a denser shape descriptor like the shape contéesdt \Wwhich has

been proven to be more resilient to noise. But, such a dense deswmialso intro-
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duces signi cant and non-trivial relationships between thendividual components
of the descriptor. This usually makes learning the dynamics medi cult. Since
the emphasis of this proposal is on modeling the dynamics in sleapequences, we
restricted ourselves to the treatment of dynamics in Kenda#' statistical shape.
We could look at models for comparing shape sequences that assé&d on more
complex shape descriptors like the shape context. It is expedtéhat using such
complex and robust shape descriptors will improve the performae of these algo-
rithms signi cantly while also making the learning and the inérence tasks more

complex.

6.1.2 View-Invariance

The models developed for comparing shape sequences in this diaen have

not incorporated the important property of view invariancethat is usually highly

desirable in several computer vision applications. Incorporag view invariance
into these models is an important avenue for future research. n® way to make
these models view-invariant is to use features that are themses$ view invariant.
Once the feature chosen is view-invariant, then all the algitihms described in the
previous sections in turn become view invariant. Another wayotincorporate view-
invariance is to build these models for a discrete set of views segtely. Once we
have a model for each activity in every possible view, then thaference algorithms
could be suitably modi ed to incorporate view-invariance. Bit, this would require

a huge amount of data to learn the model for each activity, siecthe learning
algorithm must learn the activity from every possible viewpoih Which of these
two approaches turn out to be more e cient would depend upontie application

being considered. For applications in far eld surveillanceral activity analysis,
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where the number of discrete views required is small, learniegmodel for each of
these discrete viewpoints might be a viable alternative. Forpgplications in near
eld activity analysis, where the number of discrete views one ust account for is

large, the best alternative might be to choose appropriate weinvariant features.

6.2 Action Analysis and Recognition

6.2.1 Noise Sensitivity of the Activity Model

The noise sensitivity of the learning algorithm for simultaneosl inference of the
nominal activity trajectory and the activity speci c time warping space has not
been studied in detail. It would be interesting to study and angise the sensitivity
of the learning algorithm to noise in the data. Noise in the dataauld be of
two forms. There could be observation noise because of the chaeaistics of the
imaging sensors and the limited resolution o ered by these sensorghere could
also be labelling noise because of incorrect labelling of advsequences. Robust
techniques to detect incorrect labelling need to be develeg so that the inference
process is robust to outliers. Moreover, studying the noise seneity of the learning
algorithm will also enable us to improve the learning algoritm. This issue is
related to modeling the distribution of time-warping transfamations and we are

looking at algorithms that are able to tackle both these issuesmsultaneously.

6.2.2 Spatial Alignment of Activities

Another issue of concern is the spatial alignment of sequences. Ténes signi cant
variety in the spatial alignment within an activity. For example the action of sitting

might be accompanied by the two legs being very close to eactet or further
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apart as is the preference of the individual. Since the actty model proposed
corrects only the temporal misalignments in the execution adn activity, in its
current form it is not adequate to reliably tackle spatial algnment preferences
of an individual. In the current model, small spatial misalignnents are tackled
as temporal misalignments. We are addressing the larger spatiaisalignments,
using a mixture of models, where each mixture represents one &mf spatial
alignment preference. It might also be possible to simultaneoysperform both
spatial and temporal alignments, though this would be at the 1 of signi cant
computational expense. The method would, in principle, be we similar to the
clustering of activity sequences described earlier. The van® sequences of an
activity would be clustered into several di erent clusters edt cluster representing

one particular spatial alignment preference.

6.3 Clustering and Indexing of Action Videos

The focus of this dissertation has been on the problem of recdtyn or classi -
cation with respect to activity analysis. Another allied problen is the problem
of automatic activity baased video clustering or indexing wigch has applications
in several domains such as surveillance, tra ¢ monitoring and mitimedia enter-
tainment. This problem is gaining in importance because of thever increasing
role of videos in our everyday lives with applications rangg from broadcast news,
entertainment, scienti ¢ research, security and surveillanceThere has been signif-
icant research into indexing of multimedia data such as newsigs, sports videos
etc according to their content. Applications for automatic dscovery of activity
patterns are numerous. For example, security and surveillancgdeos typically

have repetitive activities. If the typical activities can beclustered, then several
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problems such as unusual activity detection, e cient indexig and retrieval can be
addressed. In applications of video forensics, instead of expegtan analyst to
sift through the voluminous data, we ask - can “clusters' of aciies be presented

that embody the essential characteristics of the videos.

6.3.1 An Approach we are exploring

Given a continuous video stream, if we knew what activities @ar in it, we can

discover the boundaries between them and if we were given theumdaries, the
individual activities could be learnt as well. For unsupensged video clustering, we
need to solve the segmentation and model estimation problems sitaneously. We

use coherent patterns of motion to discover individual segmehbundaries and the
transitions between segments are used to learn activity model&ach individual

segment is modeled using a linear dynamical system. Each actyihen consists
of a speci c sequence of dynamical systems.

The entire video is rst segmented in short coherent patterns. Té entire set of
segments is assumed to be derived from an underlying vocabulafhis vocabulary
is learnt using unsupervised clustering of the segments. Once thecabulary is
learnt, we then learn grammatical rules from the video to diswer longer activities.
In our case, the grammatical rules are simple sequences of segnarels.

We augment the traditional dynamical systems model in importat ways. We
derive methods to incorporate view and rate invariance intthese models so that
similar actions are clustered together irrespective of the wgoint or the rate of
execution of the activity. We also derive algorithms to learthe model parameters
from a video stream and demonstrate how a single video sequenceyna clustered

into di erent clusters where each cluster represents an acttyi We show here
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some preliminary results using our approach on a dataset of skagirvideos. We
performed a clustering and retrieval experiment on the guraskating dataset. This
data is very challenging since it is unconstrained and involsgapid motion of both
the skater and real-world motion of the camera including partjlt and zoom.

We built color models of the foreground and background usingormalized
color histograms. The color histograms are used to segment the kgwund and
foreground pixels. Median lItering followed by connected aaponent analysis is
performed to reject small isolated blobs. From the segmented rdisy we t a
bounding box to the foreground pixels by estimating the 2D memand second
order moments along x and y directions.We perform temporal smthing of the
bounding box parameters to remove jitter e ects. The nal fedure is a rescaled
binary image of the pixels inside the bounding box.

Clustering Experiment: Most gure skating videos consist of a few estab-
lished elements or moves such as jumps, spins, lifts and turns. A tgpl perfor-
mance by skater or pair of skaters includes several of these eletaeach performed
several times. Due to the complex body postures involved it is dallenge even
for humans to identify clear boundaries between atomic acins. It was di cult
even for us to semantically de ne temporal boundaries of an tadty, let alone
de ne a metric for temporal segmentation. Thus, this makes it ery di cult to
break the video into temporally consistent segments. Instead ofegdorming ex-
plicit segmentation, we build models for xed length subsequees using sliding
windows. The results of a temporal segmentation algorithm thatan split such
a complex video into meaningful segments, can be easily pluggad We use 20
frame long overlapping windows for building models of the deo. Also, most of

the interesting activities such as sitting spins, standing spins, d@s etc are usually
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few and far between. Further, due to the subsequence approathere will neces-
sarily be several segments that do not contain any meaningfultan. As a simple
example, a subsequence that contains the transition from a spio & jump will

not t into either of these action-clusters. To discover the inteesting activities,

we rst need to remove these outlier segments. First, we cluster dhe available
subsequences into a xed number of clusters (say 10). Then, fromach cluster
we remove the outliers using a simple criterion of average distze to the cluster.
Then, we recluster the remaining segments. We show some sample sege® in
the obtained clusters in gures 14 18. We observe that Clusters-14 correspond
dominantly to Sitting Spins, Standing Spins, Camel Spins andials respectively
(in a spiral the skater glides on one foot while raising the freed above hip level).

Cluster 5 on the other hand seems to capture the rest of the unimissting actions.

6.4 Computaional Imaging

6.4.1 Coded Aperture Imaging for Glare Aware Photogra-
phy

Glare arises due to multiple scattering of light inside the camas body and lens
optics and reduces image contrast. While previous approachleave analyzed glare
in 2D image space, we have begun analysing glare as a 4D ray-sga@nomenon.
By statistically analyzing the ray-space inside a camera, we cafassify and remove
glare artifacts. In ray-space, glare behaves as high frequgngoise and can be
reduced by outlier rejection. While such analysis can be perfoed by capturing

the light eld inside the camera, it results in the loss of spatiafresolution. Unlike

light eld cameras, we do not need to reversibly encode the spalistructure of
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Figure 6.1: Shown above are a few sequences from Clusterl. Each row
shows contiguous frames of a sequence. We see that this clast dominantly
corresponds to °Sitting Spins'. Image best viewed in color. Please see

http://www.umiacs.umd.edu/  pturaga/VideoClustering.html for video results.
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Figure 6.2: Shown above are a few sequences from Cluster2. Each row
shows contiguous frames of a sequence. Notice that this clies dominantly
corresponds to "Standing Spins'. Image best viewed in color Please see

http://www.umiacs.umd.edu/  pturaga/VideoClustering.html for video results.
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Figure 6.3: Shown above are a few sequences from Cluster3. Each row
shows contiguous frames of a sequence. Notice that this cligs domi-
nantly corresponds to Spirals'. Image best viewed in color Please see

http://www.umiacs.umd.edu/  pturaga/VideoClustering.html for video results.

167



the rayspace, leading to simpler designs. We explore masks forfarm and non-
uniform ray sampling and show a practical solution to analyze # 4D statistics
without signi cantly compromising image resolution. Althoughdi use scattering
of the lens introduces 4D low-frequency glare, we can proguaseful solutions in
a variety of common scenarios. Such an approach handles phaotghy looking
into the sun and photos taken without a hood, removes the e eatf lens smudges
and reduces loss of contrast due to camera body re ections. Frgu6.4 shows a
comparison of glare formation in ray-space. It shows how insery a high frequency
occluder in the optical path of the camera the low frequencylare components are
converted to high frequency 2D image information and can thefore be easily
removed by simple ltering. Figure 6.5 shows an example of an age captured
in the presence of a high frequency occluder. Using a 4D analysigytare inside
the camera, we can emphasize or reduce glare. The photo in théddie shows
a person standing against a sunlit window. We extract re ection lgre generated
inside lens and manipulate it to synthesize the result shown on tHeft. On the
right we show the glare-reduced component. Notice that the fads now visible

with improved contrast.

6.4.2 Coded lllumination

This dissertation was focussed on the e ect of a non-refractiveded aperture and
how to enhance the exibility available during photographyusing such coded aper-
tures. In some applications such as capturing Bidirection Reatance Distribution
Functions (BRDF) it might be acceptable to use active illumimtion. Bidirection
Re ectance Distribution Function (BRDF) is a 4-dimensional tinction that de-

scribes how an opaque surface point re ects incoming light 3B The incoming
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Figure 6.4: Comparison of glare formation in ray-space and sensmage for a
traditional camera and our mask based camera. A focused blue segratch could
contribute to scattering (cyan), re ection (purple) and body glare (green). Since
the sensor image is a projection of the ray-space along angulamdnsions, the
sum of these components creates a low frequency glare for a ttiathal camera.
However, by inserting a high frequency occluder (gray), in frh of the sensor, these

components are converted into a high frequency 2D pattern drcan be separated.
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Figure 6.5: We extract glare components from a single-exposuphoto in this
high dynamic range scene. Using a 4D analysis of glare inside theneaa, we
can emphasize or reduce glare. The photo in the middle shows agma standing
against a sunlit window. We extract re ection glare generatednside lens and
manipulate it to synthesize the result shown on the left. On the ght we show
the glare-reduced component. Notice that the face is now visgbwith improved

contrast.

lighting direction is a two-dimensional quantity (azimuth and elevation) while
the outgoing lighting direction is another two-dimensional quantity making the
BRDF 4-dimensional functionB(; ). The slice of the BRDF corresponding to
the viewing direction being xed ( as would be the case when thecene is being
observed by a xed camera ), while the incident illumination banges freely, is
called the re ectance eld and is a two-dimensional functiorR( ). Observing and
measuring the re ectance eld of an object or a scene typicalljnvolves acquiring
images of the object/scene under varying illumination contons. Typical meth-
ods for capturing such re ectance elds are based on acquiringhages with a single
light source 'ON' in each image. Recently, [137] have shown thasing multiple
light sources per each acquired image and performing a linéawversion in order
to recover the re ectance eld results in higher signal to noiseatios of the cap-

tured re ectance elds. Nevertheless, the number of images to laequired to infer

170



the re ectance eld remains identical to the number of illumnation sources. Re-
cently, we have been working on a method for acquiring accteare ectance elds
of objects with signi cantly lower number of captured imageshan the number of
illumination sources. This reduction in the number of requiré images is achieved
by exploiting recent developments in compressive sensing, whiessentially show
that if the signal to be acquired is sparse in some basis, then the sigiican be
accurately reconstructed using sub-Nyquist linear samples of tlsggnal. We have
emperically found that re ectance elds are sparse in the Haar avelet basis. We
wish to motivate our analysis using the Phong illumination modeand empirically
verify the degree of sparsity. We are currently developing a setme for capturing
re ectance elds using multiplexed illumination, thereby achieving the signal-to-
noise ratio advantages of multiplexed illumination and use aompressive sensing
based recovery algorihm to infer re ectance elds. Such metlos using active il-
lumination to capture visual properties of surfaces might bermther avenue for

active future research.
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