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Abstract

We present an approach for comparing two sequences of defpshapes using both parametric
models and non-parametric methods. In our approach, Kéndefinition of shape is used for feature
extraction. Since the shape feature rests on a non-Euclideaifold, we propose parametric models like
the autoregressive model and autoregressive moving avemadel on the tangent space and demonstrate
the ability of these models to capture the nature of shapermiattions using experiments on gait-
based human recognition. The non-parametric model is basddynamic Time-Warping. We suggest
a modification of the Dynamic time-warping algorithm to ndé the nature of the non-Euclidean
space in which the shape deformations take place. We alse steefficacy of this algorithm by its
application to gait-based human recognition. We explatshape deformations of a person’s silhouette
as a discriminating feature and provide recognition resusing the non-parametric model. Our analysis
leads to some interesting observations on the role of shapkiaematics in automated gait-based person

authentication.
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I. INTRODUCTION

Shape analysis plays a very important role in object re¢mgnimatching and registration.
There has been substantial work in shape representationoraddfining a feature vector which
captures the essential attributes of the shape. A desmripgif shape must be invariant to
translation, scale and rotation. Several features desgrib shape have been developed in the
literature that provide for all or some of the above mentébirezariants and are very robust to
errors in the silhouette extraction process. Most of thesthads compare individual shapes on
one or two frames. But, there has been very little work on giterg to capture the dynamics
in this shape feature, as is available in a video and use ithisredirectly for object recognition
or for activity classification.

In typical video processing tasks the input is a video of ajeatbor a set of objects that
deform or change their relative poses. The essential irdobam conveyed by the video can
be usually captured by analyzing the boundary of each olggdt changes with time. In this
paper, we consider scenarios where the time variation ottiage of an object provides cues
about the identity of the object and/or the activity perfedrby the object and sometimes even
about the nature of the interaction between different dbjecthe same scene. We describe both
parametric and non-parametric methods to compute meanidgtance measures between two
such sequences of deforming shapes. We illustrate our agiprosing gait analysis. We treat
the silhouette of the individual during walking as a time s=ace of deforming shapes. The
methods provided are generic and can be used to charactieeizeme evolution of any set of
landmark points, not necessarily on the silhouette of thjeabh

We begin by providing a brief literature review of the resdan shape analysis. The interested
reader may refer to comprehensive surveys of the field [1],3fhce the experimental results
are for the problem of gait recognition we also provide aflsiemmary of prior work in gait-
based person authentication. Special emphasis is givenderstanding the role of shape and
kinematics in gait recognition since our experiments leadnteresting observations on this

issue.
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A. Previous Work in Shape Analysis

Pavlidis [3] categorized shape descriptors into variou®ramies according to different
criteria. Descriptors that use the points on the boundaryhefshape are called external (or
boundary)[4][5][6] while those that describe the interwir the object are called internal (or
global)[7][8]. Descriptors that represent shape as a soalas a feature vector are called numeric
while those like the medial axis transform that describesghape as another image are called
non-numeric descriptors. Descriptors are also classifseshfarmation preserving or not based
on whether the descriptor allows accurate reconstructica shape.

1) Global Methods for shape matchinglobal shape matching procedures treat the object
as a whole and describe it using some features extractedtfrerobject. The disadvantage of
these methods is that it assumes that the image given mustgoeested into various objects
which by itself is not an easy problem. In general, these odgtltannot handle occlusion and
are not very robust to noise in the segmentation processil&@omoment based descriptors of
the object such as [8],[9],[10] are global and numeric dpsars. Goshtasby [11] used the pixel
values corresponding to polar coordinates centered arthendenter of mass of the shape, the
shape matrix, as a description of the shape. Parui et. dlugetl relative areas occupied by the
object in concentric rings around the centroid of the olgi@s a description of the shape. Blum
and Nagel [7] used the medial axis transform to represenstiape.

2) Boundary methods for shape matchinghape matching methods based on the boundary
of the object or on a set of pre-defined landmarks on the olaee the advantage that they
can be represented using a one dimensional function. In dhg sixties, Freeman [13] used
chain coding (a method for coding line drawings) for the dgsion of shapes. Arkin et al. [14]
used the turning function for comparing polygonal shapessébn and Fu [5] described the
boundary as a complex function of the arc length. KashyapGimellappa [4] used a circular
autoregressive model of the distance from the centroidg¢dtundary to describe the shape. The
problem with a Fourier representation [5] and the autorssive representation [4] is that the

local information is lost in these methods. Srivastava efldl] propose differential geometric
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representations of continuous planar shapes.

Recently several authors have described shape as a set efdidired landmarks. Kendall
[16] provided a mathematical theory for the description aidmark based shapes. Bookstein
[17] and later Dryden and Mardia [18] have furthered the wsi@dading of such landmark based
shape descriptions. There has been a lot of work on plangresHd9] and [20]. Prentice and
Mardia [19] provided a statistical analysis of shapes fatrhy matched pairs of landmarks
on the plane. They provided inference procedures on the lexmgane and a measure of
shape change in the plane. Berthilsson [21] and Dryden [28¢rdee a statistical theory for
shape spaces. Projective shape and their respectiveantaare discussed in [21] while shape
models, metrics and their role in high level vision is dismain [22]. The shape context [6] of
a particular point in a point set captures the distributibthe other points with respect to it. [6]
uses the shape context for the problem of object recognifiba softassign Procrustes matching
algorithm [23] simultaneously establishes correspondgsrand determines the Procrustes fit.

3) Dynamics of shapesThe recent explosion in the area of shape discriminationsage
retrieval can be attributed to their effectiveness in abjecognition and shape based image
retrieval. Inspite of these recent developments there bas bery few studies on the variation
of object shape as a cue for object recognition and activégsification. Yezzi and Soatto [24]
separate the overall motion from deformation in a sequemchapes. They use the notion of
shape average to differentiate global motion of a shape tr@rdeformations of a shape. [25]
proposes a notion of dynamic averages for shape sequenicgs dysiamic time warping for
allignment. Vaswani et al. [26] used the dynamics of a coméiton of interacting objects to
perform activity classification. They apply the learned atyrncs for the problem of detecting
abnormal activities in a surveillance scenario. Recently, &nd Ahuja [27] have proposed
using autoregressive models on the Fourier descriptorieéoning the dynamics of a 'dynamic
shape’. They use this model for performing object recognijtisynthesis and prediction. Refer
to [28],[29] and references therein for the treatment of s@elated work in the area of tracking

subspaces. Mowbray and Nixon [30] use spatio-temporali€odescriptors to model the shape
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descriptions of temporally deforming objects and perforait gecognition experiments using
their shape descriptor. In this paper, we provide a mathealdtamework for comparing two

sequences of shapes with applications in gait-based huheatification and activity recognition.

B. Prior Work in Gait recognition

The study of human gait has recently been driven by its piateude as a biometric for person
identification. We outline some of the methods in gait-balsechan identification.

1) Shape based methodsiyogi and Adelson [31] obtained spatio-temporal solidsabgning
consecutive images and use a weighted Euclidean distanaedognition. Phillips et al. [32]
provide a baseline algorithm for gait recognition usingailette correlation. Han and Bhanu [33]
use the gait energy image while Wang et al. use Procruste® siraalysis for recognition [34].
Foster et al. [35] use area based features. Bobick and JofB&Jomse activity specific static and
stride parameters to perform recognition. Collins et alldbaisilhouette based nearest neighbor
classifier [37] to do recognition. Several researchers[8®]have used Hidden Markov Models
(HMM) for the task of gait based identification. Another sbadpased method for identifying
individuals from noisy silhouettes is provided in [40].

2) Kinematics based method#part from these image based approaches Cunado et al. [41]
model the movement of thighs as articulated pendulums ah@atxa gait signature. But in
such an approach robust estimation of thigh position fromdaos can be very difficult. [42]
provides a method for gait recognition using dynamic affimeariants. In another kinematics
based approach [43], trajectories of the various parasetea kinematic model of the human
body are used to learn a dynamical system. A model invatidedpproach for recognition using
a model similar to [43] is provided in [44]. Tanawongsuward &vobick [45] have developed
a normalization prcedure that maps gait features acrots et speeds in order to compensate
for the inherent changes in gait features associated wehsgeed of walking. All the above
methods have both static (shape) aspects and dynamicdsaised for gait recognition. Yet

the relative importance of shape and dynamics in human mdtas not been investigated. The
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experimental results of this work shed some light on thigass

3) Prior work on role of shape and kinematics in human gdithansson [46] attached light
displays to various body parts and showed that humans cantifidenotion with the pattern
generated by a set of moving dots. Since Muybridge [47] eaptyphotographic recordings
of human and animal locomotion, considerable effort hasnbeade in the computer vision,
artificial intelligence and image processing communiteethe understanding of human activities
from videos. A survey of work in human motion analysis can twentl in [48].

Several studies have been done on the various cues that Bumsanfor gait recognition.
Hoenkamp[49] studied the various perceptual factors tbatribute to the labeling of human
gait. Medical studies[50] suggest that there are 24 diffecmmponents to human gait. If all
these different components are considered then it is cthithat the gait signature is unique.
Since it is very difficult to extract these components rdjiadeveral other representations have
been used. It has been shown [51] that humans can do gaitnidoageven in the absence of
familiarity cues. Cutting and Kozlowski also suggest thahayic cues like speed, bounciness
and rhythm are more important for human recognition thaticstzues like height. Cutting
and Proffitt [52] argue that motion is not the simple compatof static forms and claim
that it is a dynamic invariant that determines event peroapMoreover, they also found that
dynamics was crucial to gender discrimination using galter€fore, it is intuitive to expect
that dynamics also plays a role in person identification gioshape information might also be
equally important. Interestingly, Veres et al. [53] red¢emtid a statistical analysis of the image
information that is important in gait recognition and cardgd that static information is more
relevant than dynamical information. In the light of suclvelepments, our experiments explore
the importance of shape and dynamics in human movementssdipm the perspective of
computer vision and analyze their role in existing gait gggbon methodologies.

This paper is concerned with situations where the mannerhapes change of an object
provides clues about its identity and/or about the naturghefactivity performed by the object.

In such scenarios we need to be able to compute distancesamnpare two sequences of
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deforming shapes by considering the entire sequence as rditg imstead of performing a
frame-wise shape comparison. Thus, we present methodsofoputing distances between
such sequences of deforming shapes. The non-parametrliodnér comparing two shape
sequences is an extension of the Dynamic time warping (DT\YOrahm[54], initially used

in the speech recognition literature. We propose a modiicaif the algorithm to account for
the non-Euclidean nature of the shape-space. We also mquametric models for learning
the dynamics of the deformations of shape sequences. Wenearcompute distances between
learned models in the appropriate parametric space in todsympute distances between shape
sequences.

We suggest new gait recognition algorithms by computingdiséances between two shape
sequences. A sequence of a walking person is representecseguance of shapes and the
distance between shape sequences is used to perform gagnitéan. Experiments on gait
recognition were performed 1) to show the efficacy of our shegquence matching algorithms
and 2) to learn the importance of the role of shape and kinemat automatic gait recognition.

Section Il provides a brief introduction to Kendall’s landrk based shape descriptor used as
a shape feature. In Section Il and IV, we discuss our panaenahd non-parametric methods
for comparing shape sequences. In the experimental se¥tiome show the efficacy of our
algorithms by providing recognition results using staddgait recognition databases. Finally

section VI deals with conclusions and future work.

1. KENDALL’S SHAPE THEORY - PRELIMINARIES
A. Definition of Shape

“Shape is all the geometric information that remains wheation, scale and rotational effects
are filtered out from the object’[18]. We use Kendall's staitial shape as the shape feature in
this paper. [18] provides a description of the various taolstatistical shape analysis. Kendall’s
statistical shape is a sparse descriptor of the shape. Wd, aouheory choose a denser shape

descriptor like the shape context [6] which has been provdretmore resilient to noise. But, such
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a dense descriptor also introduces significant and noiatriglationships between the individual
components of the descriptor. This usually makes learrieglynamics very difficult. Since the
emphasis of this paper is on modeling the dynamics in shagpeesees, we restrict ourselves
to the treatment of dynamics in Kendall's statistical shagendall’s representation of shape
describes the shape configuration of k landmark points in afinmensional space asfaxm
matrix containing the coordinates of the landmarks. In cualgsis we have a 2 dimensional
space and therefore it is convenient to describe the shagervas ak dimensional complex
vector.

The binarized silhouette denoting the extent of the objedn image is obtained. A shape
feature is extracted from this binarized silhouette. Thaatdire vector must be invariant to
translation and scaling since the objects identity shoolkddepend on the distance of the object
from the camera. So any feature vector that we obtain mugtJagiant to translation and scale.
This yields the pre-shape of the object in each frame. Papeslis the geometric information
that remains when location and scale effects are filtered loett the configuration of a set
of k landmark points be given by a k-dimensional complex eecbntaining the positions of
landmarks. Let us denote this configuration as X. Centeredlpape is obtained by subtracting

the mean from the configuration and then scaling to norm ohe.cEntered pre-shape is given

by
CcX 1
Z, = h = I, — —1;1] 1

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

B. Distance between shapes

The pre-shape vector that is extracted by the method desciabove lies on a spherical
manifold. Therefore a concept of distance between two shapest include the non-Euclidean
nature of the shape space. Several distance metrics havedeéeed in [18]. Consider two

complex configurations X and Y with corresponding corresjpog preshapes and 5. The full
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Procrustes distance between the configurations X and Y isatkfas the Euclidean distance

between the full Procrustes fit of and 5. Full Procrustes fit is chosen so as to minimize
d(Y, X) =|| 8 — ase’” — (a+ jb)1x |, (2)

wheres is a scaley is the rotation anda + jb) is the translation. Full Procrustes distance is

the minimum Full Procrustes fit i.e.,

dp(Y,X) = inf d(Y,X). (3)

5,0,a,b
We note that the preshapes are actually obtained afterirftesut effects of translation and
scale. Hence, the translation value that minimizes theFtdcrustes fit is given byu + jb) = 0,
while the scales = |a*{| is very close to unity. The rotation anghethat minimizes the Full
Procrustes fit is given by = arg(|a*g)|).

The partial Procrustes distance between configurationsdXYais obtained by matching their

respective preshapesand  as closely as possible over rotations, but not scale. So,

dp(X,Y) = inf "I 8—alll. 4)

It is interesting to note that the optimal rotatién is the same whether we compute the full
Procrustes distance or the partial Procrustes distanoe.PFocrustes distancg X,Y') is the
closest great circle distance betweemand on the preshape sphere. The minimization is done
over all rotations. Thugp is the smallest angle between complex vectoand 5 over rotations

of a and 3. The three distance measures defined above are all triganoatlg related as
dF(X7 Y) = sin Ps (5)
dp(X,Y) = ZSin(g). (6)

When the shapes are very close to each other there is veeydifterence between the various
shape distances. In our work we have used the various shstpacks to compare the similarity of
two shape sequences and obtain recognition results ussg gimilarity scores. Our experiments

show that the choice of shape-distance does not alter rémogperformance significantly for
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the problem of gait recognition since the shapes of a singividual lie very close to each
other. We show the results corresponding to the partial rBstes distance in all our plots in

this paper.

C. The tangent space

The shape tangent space is a linearization of the sphetheglesspace around a particular
pole. Usually the Procrustes mean shape of a set of similgestY) is chosen as the pole for
the tangent space coordinates. The Procrustes mean ghapebtained by minimizing the sum

of squares of full Procrustes distances from each shgpe ¥he mean shape, i.e.,
p=arg inf Ndp(Yip). (7)

The pre-shape formed Bypoints lie on a — 1 dimensional complex hypersphere of unit radius.
If the various shapes in the data are close to each other bese fpoints on the hypersphere
will also lie close to each other. The Procrustes mean ofdhtaset will also lie close to these
points. Therefore the tangent space constructed with theristes mean shape as the pole is
an approximate linear space for this data. The Euclidegardis in this tangent space is a good
approximation to various Procrustes distancgsd} andp in shape space in the vicinity of the
pole. The advantage of the tangent space is that it is Eaclide

The Procrustes tangent coordinates of a preshasegiven by

vla, 1) = aa*p — plapl?. (8)

whereu is the Procrustes mean shape of the data.

I[1l. M OTIVATION FOR SHAPE SEQUENCEPROCESSING

There are several situations where we are interested ityistuthe way in which the shape
of an object changes with time. The manner in which this stdy@nge occurs provides clues
about the nature of the object and sometimes even about tivéyaperformed by the object. In

[24] this shape change is considered to be a result of globibmand shape deformation. They
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separate the global motion by introducing a notion of terapsinape average and study the nature
of both global motion of a shape and deformations. In [26] itinner of this shape change
is captured parametrically using their tangent space gtiojes. They also had an overview of
how to model non-stationary shape sequences, but assuateghatity in their examples. In this
section we describe the motivation for our formulation ane $cenarios that we are interested
in tackling.

Consider the manner in which the shape of the lip changes wleespsak. The manner in
which the shape of the lip changes during speech providesfisgnt information about the
actual words that are being spoken. Consider the two wordarige’ and ‘ranger’. If we take
discrete snapshots of the shape of the lip during each oétivesds we see that the two sets
of snapshots will be identical(or almost identical) thougk ordering of the discrete snapshots
will be very different for these two utterances. Therefony anethod that inherently does not
learn/use the dynamics information of this shape changedetlare that these two utterances
are very close to each other while in reality these are veffgrént words. Therefore, in cases
such as this, where shape change is critical to recognitios important to consider the entire
shape sequence, i.e., the shape sequence is more impbgarthe individual shapes at discrete
time instants. There are many such cases where the natur@jpé €hanges of silhouette of a
human provides information about the activity performedtiy human. Consider the images
shown in Fig:1. It is not very difficult to perceive the factthithese represent the silhouette of
a walking human. These and many other examples can be thofijgivhere the shape change
captured in the shape sequence provides information aheuwdtivity being performed.

Apart from providing information about the activity being@nformed, there are also several
instances when the manner of shape changes provides \alusijhts regarding the identity
of the object. Even though the outline of the shape of botlora dind a cheetah are very similar
(with four legs etc) especially in its profile view, the manne which a lion and a cheetah
move are so drastically different. The discrimination begw two such classes is significantly

improved if we take the manner of shape changes into accobaos there are several situations
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Fig. 1. Sequence of shapes as a person walks frontoparallely

where it is important to be able to learn the dynamics of shamnges or at the least to be
able to compute meaningful distances between such shaperssss. Here, we present some

parametric and non-parametric methods for tackling siatip shape sequences.

V. COMPARISON OFSHAPE SEQUENCES

In this section we provide a method based on dynamic time mgrfm compute distances
between shape sequences. We also provide methods basetbmegeessive and autoregressive
moving average models to learn the dynamics of these shamegeb and use the distance
measures between models as a measure of similarity betivess shape sequences. The methods
described here can be used generically for any landmarkdbdescription of shapes, not just

to silhouettes.

A. Non-Parametric method for comparing shape sequences

Consider a situation where there are two shape sequences emndisiv to compare how
similar these two shape sequences are. We may not have amyspiicific information about
these sequences and therefore any attempt at modelinggbgsences is difficult. These shape
sequences may be of differing length (number of frames) &edefore in order to compare

these sequences we need to perform time normalizationir(gtah linear time scaling would
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be inappropriate because in most scenarios this time gcalould be inherently non-linear.
Dynamic time warping which has been successfully used bysgieech recognition [54] com-
munity is an ideal candidate for performing this non-lingare normalization. However, certain
modifications to the original DTW are also necessary in otdeaccount for the non-Euclidean
structure of the shape space.

1) Dynamic time warping:Dynamic time warping is a method for computing a non-linear
time normalization between a template vector sequence dadtaector sequence. These two
sequences could be of differing lengths. [55] shows expamisi that indicate that the intra-
personal variations in gait of a single individual can betdretaptured by DTW rather than
by linear warping. The DTW algorithm which is based on dymapriogramming computes the
best non-linear time normalization of the test sequencederao match the template sequence,
by performing a search over the space of all allowed time atmations. The space of all time
normalizations allowed is cleverly constructed using aiartemporal consistency constraints.
We list the temporal consistency constraints that we hawesl s our implementation of the

DTW below.

. End point constraints: The beginning and the end of eachesmguis rigidly fixed. For
example if the template sequence is of length N and the testesee is of length M then
only time normalizations that map the first frame of the teatglto the first frame of the
test sequence and also map the Nth frame of the template sagte the Mth frame of
the test sequence are allowed.

. The warping function (mapping function between the testusage time to the template
sequence time) should be monotonically increasing. Inrotleeds the sequence of "events’
in both the template and the test sequences should be the same

« The warping function should be continuous.

Dynamic programming is used to efficiently compute the bemtpying function and the global

warping error.
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Pre-shape, as we have already discussed lies on a spheao#blih. The spherical nature
of the shape-space must be taken into account in the impletiem of the DTW algorithm.
This implies that during the DTW computation the local dista measure used must take into
account the non-Euclidean nature of the shape-space.foheré is only meaningful to use the
Procrustes shape distances described earlier. It is iamoid note that the Procrustes distance
is not a distance metric since it is not commutative. Moreotlee nature of the definition of
constraints make the DTW algorithm non-commutative eveerwive use a distance metric for
the local feature error. IfA(¢) and B(t) are two shape sequences then, we define the distance

between these two sequend@sA(t), B(t)) as
D(A(t), B(t)) = DTW(A(t), B(t)) + DTW (B(t), A(t)); 9)

where DTW (A(t), B(t)) = 1/T X, d(A(f(t)), B(g(t))) (f and g being the optimal warping
functions). Such a distance between shape sequences isutative The isolation property i.e.,
D(A(t), B(t)) = 0iff A(t) = B(t), is enforced by penalizing all non-diagonal transitionshe

local error metric.

B. Parametric models for shape sequences

In several situations, it is very useful to model the shaperdeations over time. If such a
model could be learned either from the data or from the pBysfche actual scenario, then it
would help significantly in problems such as identificationl dor synthesizing shape sequences.
[27] learn the nature of shape changes of a fire sequence.al$@gynthesize new sequences of
fire using the model that they learned. This section desemb@k with very similar objectives.
We describe both autoregressive(AR) and autoregressivaranthg average(ARMA) models
on tangent space projections of the shape. We describe dsetbolearn these models from
sequences and compute distances between models in thimgidacasetting. Our approach for
parametric modeling differs from that of [27] in two impantaways. The shape feature on

which we build parametric models preserves locality while Fourier descriptors that they use
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is a global shape feature. Therefore our method can in pianciapture the dynamics of shape
sequences locally and is better suited for applicationsrevidéfferent local neighborhoods of
the shape exhibit different dynamics. We use parametricefivagl for modeling human gait, a
very specific example where different local neighborhodiffgfent parts of the body) exhibit
different dynamics. Moreover, we also extend the parametaodeling from AR to the ARMA
model. The advantage of the ARMA model is that it can be used&racterize systems with
both poles and zeros while the AR model can be used to chamectystems with zeros only.

1) AR Model on tangent spacefhe AR model is a simple time-series model that has
been used very successfully for prediction and modelingaaply in speech. The probabilistic
interpretation of the AR model is valid only when the spac&iglidean. Therefore, we build
an AR model on the tangent space projections of the shapeeseguOnce the AR model is
learned we can use this either for synthesis of a new shapeiseg or for comparing shape
sequences by computing distances between the model paramet

The time series of the tangent space projections of the lmpes vector of each shape is
modeled as an AR process. Le&f, j = 1,2,...M be the M such sequences of shapes. Let us
denote the tangent space projection of the sequence of shdpéth mean ofs; as the pole)

by «;. Now, the AR model on the tangent space projections is giyen b

a;(t) = Aj&(t — 1) +w(t) (20)

where,w is a zero mean white Gaussian noise process.ane the transition matrix corre-
sponding to thej’h sequence. For convenience and simplicity is assumed to be a diagonal
matrix.

For all the sequences in the gallery, the transition mairiaee obtained and stored. The
transition matrices can be estimated using the standard-Wiallker equations [56]. Given a
probe sequence, the transition matrix for the probe seguisrmmputed. The distances between
the corresponding transition matrices are added to obtaweasure of the distance between the

models. IfA and B (for j = 1,2,...N) represent the transition matrices for the two sequences,
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then the distance between the models is definef)@$, B)
D(AvB):HAj_BjHFﬂ (11)

where||.||r denotes the Frobenius norm. The model in the gallery thaloisest to the model
of the given probe is chosen as the correct identity.

2) ARMA Model: We pose the problem of learning the nature of a shape sequ@snoee
of learning a dynamical model from shape observations. \§e edgard the problem of shape
sequence based recognition as one of computing the disthetgeen the dynamical models thus
learned. The dynamical model is a continuous state, des¢mete model. Since the parameters
of the models lie in a non-Euclidean space, the distance atahpns between the models is
non-trivial. Let us assume that the time-series of tangeojeptions of shapes(about its mean

as the pole) is given bw(¢),t =1,2,,,,,7. Then an ARMA model is defined as [57] [43]
a(t) = Cz(t) + w(t);w(t) ~ N(0, R) (12)
z(t+ 1) = Az(t) + v(t);v(t) ~ N(0,Q). (13)

Also, let the cross correlation betweenandv be given byS. The parameters of the model
are given by the transition matrit and the state matrixXC. We note that the choice of
matricesA, C, R, (), S is not unique. However, we can transform this model to thediration
representation”[58] which is unique.

3) Learning the ARMA modelWe use the tools from the system identification literature
to estimate the model parameters. The estimate can be ettainclosed form and there-
fore is simple to implement. The algorithm is described i8][&nd [59]. Given observations
a(l),a(2),....a(T), we have to learn the parameters of the innovation reprasentgiven by
A, C andK, whereK is the Kalman gain matrix of the innovation representaB8f[Note that in
the innovation representation, the state covariance xiatni, .., F[z(t)z” (¢)] is asymptotically
diagonal. Let fu(1)a(2)(3).....a()] = ULV be the singular value decomposition of the data.
Then

C(r)=U (14)
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A=xvVT'D,V(VTD, V) 'x! (15)

whereD,; = [0 0;/._; O] and D, = [I,_; 0;0 0O].

4) Distance between ARMA ModelSubspace angles [60] between two ARMA models are
defined as the principal angleg;,; = 1,2, ....n) between the column spaces generated by the
observability spaces of the two models extended with themability matrices of the inverse
models [61]. The subspace angles between two ARMA moddls, ([;, K] and [A,, Cs, K]
can be computed by the method described in [61]. Using thésspace angle%,: = 1,2, ...n,
three distances, Martin distandg/(), gap distancel;,) and Frobenius distanceg{) between the

ARMA models are defined as follows:

=1 16
. H (3082 (16)

dg = sin Opaz, (17)
di =2 sin*6;. (18)

i=1

The various distance measures do not alter the resultdisagtiy. We present the results using

the Frobenius distancéy).

C. Note on the limitations of Proposed Techniques

The parametric models AR and ARMA were both done on the tangeate of the shape
manifold with the mean shape of the sequence being the pdledangent space. In problems
like gait analysis, where the several shapes in the sequienclese to each other, this would be
sufficient. But to model sequences where the shapes varyadlgstvithin a sequence, it might
be necesssary to develop tools to translate the tangerdrsesgppropriately so that modeling is
performed on a tangent space that varies with time. Predinpiexperiments in this direction
indicate that performing such complex non-stationary rlingdefor a single activity like gait
leads to over-fitting while for studying multiple activiighis is significantly helpful.

The AR model for shape sequences due to its inherent sitypfiaght not be able to capture

all the temporal structure present in activities such as Bait, as is shown in [27], it can handle
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stochastic shape sequences with little or no spatial streictn fact, [27] also used a similar
AR model as a generative model for the synthesis of a fire bayndequence. The ARMA
model is better able to capture the structure in motion padtsuch as gait since the "C” matrix
encodes such structural details. The DTW algorithm cantadsalle such highly structured shape
sequences such as gait, but is not directly interpretabke generative model.

For the AR and ARMA models the shapes are initially projectethe tangent spaces of their
respective mean shape. Models are fitted in these tangetg#sspad their parameters are learnt.
If the mean shapes for different sequences are differeaty these parameters are modeling
systems in two different subspaces. This fact must be barmeind while computing distances
between models. The ARMA model elegantly does this by inwpkime theory of comparing
models on different subspaces from system identificatitaraiure. Thus, it is able to handle
modeling on different subspaces. (Note that ¢henatrix encodes the subspace and is used in
the ARMA distance computation). The AR model does not accéaminodeling in different
subspaces and therefore produces meaningful distancairasasly when the two mean shapes
are similar. The DTW method works directly on the shape nwdehiénd not on the tangent space.
Therefore, the DTW is also general and does not suffer framattove-mentioned limitation of

the AR model.

V. EXPERIMENTS ONGAIT RECOGNITION

We describe the various experiments we designed using ¢joeithins previously discussed
in order to study gait-based human recognition. We also smoextension of the same analysis
for the problem of activity recognition. The goals of the ements were:

1) Show the efficacy of our algorithms in comparing shape seges by applying it to the

problem of automated gait recognition.

2) Study the role of shape and kinematics in automated gedigration algorithms.

3) Make a similar study on the role of shape and kinematicabivity recognition.
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Continuing our approach in [62] we use a purely shape basdthitpee called the Stance
Correlation to study the role of shape in automated gait neitiog.

The algorithms for comparing shape sequences were appli¢adi@ standard databases. The
USF database [32] consists of 71 people in the Gallésgrious covariates like camera position,
shoe type, surface and time were varied in a controlled nratinéesign a set of challenge
experimentq32]. The results are evaluated using cumulative matchest{@MS) curves and
the identification rate. The CMU database [37] consists of @jjexts. Each of the 25 subjects
perform four different activities (slow walk, fast walk, &g on an inclined surface and walking
with a ball). For the CMU database we provide results for redegn both within an activity
and across activities. We also provide some results onigctecognition on this dataset. Apart
from these, we also provide activity recognition resultstioem MOCAP dataset (available from

Credo Interactive Inc. and CMU) which consists of differenamyples of various activities.

A. Feature Extraction

Given a binary image consisting of the silhouette of a persanneed to extract the shape
from this binary image. This can be done either by uniform @arg along each row or by
uniform arc-length sampling. In uniform sampling, landiaoints are obtained by identifying
the edges of the silhouette in each row of the image. In umifarc length sampling, the silhouette
is initially interpolated using critical landmark pointelniform sampling on this interpolated
silhouette provides us with the uniform arc-length sangplemdmarks. Once the landmarks are
obtained, the shape is extracted using the procedure deddn 2.1. The procedure for obtaining
shapes from the video sequence is graphically illustrateBigure 2. Note that each frame of

the video sequence maps to a point on the spherical(hyperispl) shape manifold.

1A more expanded version is available on which we haven't yet expetadeHowever we do not expect our conclusions to
alter significantly.
2Challenge Experiments:Probes A-G in increasing order of difficulty.

3Plot of percentage of recognition Vs rank.
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Fig. 2. Graphical illustration of the sequence of shapes obtained dunvegking cycle

B. Experiments on Gait Recognition

1) Results on the USF Databas@n the USF database we conducted experiments on recog-
nition performance using these methods- Stance CorrelddidW/ on shape space, Stance based
AR (a slight modification of the AR model [62]) and the ARMA maddé&ait recognition
experiments were designed for challenge experiments Al@&sd@ experiments featured and
tested the recognition performance against various catesilike the camera angle, shoe type,
surface change etc. Refer to [32] for a detailed descriptioth® various experiments and the
covariates in these experiments. Figure 3 shows the CMS €tovéhe challenge experiments A-

G using DTW and the ARMA model. The recognition performancéhefDTW based method is
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Fig. 4. Average(average of Probes A-G) CMS curves(Percerbgecognition Vs Rank) using various methods.

comparable to the state of art algorithms that have beeadtest this data [38]. The performance
of the ARMA model is lower since human gait is a very complexacand the ARMA model
is unable to capture all these details.

In order to understand the significance of shape and kinemat gait recognition, we
conducted the same experiments with other purely shape armdypdynamics based methods

as described in [62]. Figure 4 shows the average CMS cuneas@e of the 7 Challenge
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experiments:Probes A-G) for the various shape and kinematised methods.

The following conclusions are drawn from Figure 4:

The average CMS curve of the Stance Correlation method shatsshiape without any
kinematic cues provides recognition performance belovelbgs The baseline algorithm is
based on image correlation [32].

The average CMS curve of the DTW method is better than thataricet Correlation and
close to baseline.

The improvement in the average CMS curve in the DTW over thét@fStance Correlation
method can be attributed to the presence of this impliciekiatics, because the algorithm
tries to synchronize two warping paths.

Both methods based on kinematics alone (Stance based AR andAARMIel) do not
perform as well as the methods based on shape.

The results support our belief that kinematics helps to boasognition performance but
is not sufficient as a stand-alone feature for person ideatifin.

The performance of the ARMA model is better than that of then&tabased AR model.
This is because the observation maffix(encodes information about the features in the
image, in addition to the dynamics encoded in the transinarix(A).

Similar conclusions may be obtained by looking at the CMS esiffor the 7 experiments

(Probes A-G) separately. We have shown the average CMS consnfiplicity.

Figure 5 shows a comparison of the identification rate (raploflthe various shape and

kinematics based algorithms. It is clearly seen that shased algorithms perform better than

purely kinematics based algorithms. Note however, that seroemparison of the identification

rates will not lead to the conclusions above. For that we rteedompare the average CMS

curve of various methods (Figure 4). Also, as expected,gutsia images directly as the feature

vector gives better results but with very high computatioerguirements.

2) Results using Joint angledn this section we describe experiments designed to veniy t

fact that our inference about the role of kinematics in gadognition was not dependent on
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Comparison between the AR,ARMA Baseline,Stance Correlation,DTW(Shape),HMM(Image)
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Fig. 5. Bar Diagram comparing the identification rate of various algorithms.

the feature that we chose for representation (Kendalltssstal shape). In order to test this, we
performed some experiments on the actual physical parasnitat are observable during gait
i.e., the joint angles at the various joints of the human b&lg used the manually segmented
images provided in the USF dataset for these experimentsniéked the angles (angle in the
image plane) of eight joints (both shoulders, both ElbowsthiHips and both Knees) as the
subjects walked frontoparallel to the camera. We used thAegkes (which are physically realiz-
able parameters) as the features representing the kiresnwdtgait. We performed recognition
experiments using the DTW directly on this feature. Figuia) 8hows the CMS curves for three
probes for which the manual segmented images were avail@b&recognition performance is
comparable to purely kinematics based methods using oyresteature vector (refer to Figure
3(b) ).

We also generated synthetic images of an individual walkisigng a truncated elliptic cone
model for the human body and using the joint angles extratted the manually segmented
images. Figure 7 shows some sample images that were gaherste this truncated elliptic
cone model. We also performed recognition experiments @nsimulated data using the DTW

based shape sequence analysis method described in sedtioRigure 6(b) shows the CMS
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Fig. 6. CMS curve using (a) DTW on joint angles and (b) Shape segubi®V on simulated data

curves for this experiment. The results of these experimard consistent with the experiments
described earlier (3(b) and 6(a)), indicating that for theposes of gait recognition, the amount
of discriminability provided by the dynamics of the shapatige is similar to the discriminability
provided by the dynamics of physical parameters like jomdlas. This means that there is very
little (if any) loss in using the dynamics of the shape featunstead of dynamics of the human
body parts. Therefore, our inferences about the role ofrkatees will most probably remain
unaffected irrespective of the features used for reprasent

The USF database does not contain any significant variatiderms of activity. Therefore,
we cannot make any claims about the significance of kinesati shape cues for activity
modeling and recognition based on the experiments on the d#s&base. The CMU dataset
enables this.

3) Results on the CMU DataseT.he CMU dataset has 25 subjects performing four different
activities- fast walk, slow walk, walking with a ball and Wwalg on an inclined plane. We
report the results of a recognition experiment (i.e., ideation rate) using the Stance Correla-

tion(pure shape) method and compare our results with HMMdbascognition results available
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Fig. 7. Sequence of silhouettes simulated using joint angles and trundiyéid eone human body model

at http://degas.umiacs.umd.edu/hid/cmu-eval.html.

The following conclusions are drawn from Table I:

« On a database of 25 people, the pure shape based methode(&arrelation) provides
almost 100% recognition when the Gallery and the Probe sdts to the same activity.
The improvement in performance over the USF dataset is secaiuthe higher quality of
input video data.

« When we move across activities that change in shape alsol¢agwalk vs walking with a
ball), we see that there is considerable degradation ingrétton performance as expected.

« When we move across activities that differ only in their kirsics (eg. slow walk vs fast
walk), we see that there is a slight degradation in recagmiperformance. The decrease
in recognition performance of the purely shape based St@wreelation method is not
as drastic as is observed in the HMM method. This is becawsédiMM implicitly uses
kinematics information for recognition. We can attribukee treduction in performance of
the shape based method to the change in the shape of startbespefson due to a change

in the walking speed [63].
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Activity Slow Fast | Walk with | Inclined
Walk Walk Ball plane
Slow Walk 100(72) | 80(32) 48 48
Fast Walk 84 100(68) 48 28
Walk with Ball 68 48 92 12
Inclined plane 32 44 20 92
TABLE |

IDENTIFICATION RATES ON THECMU DATA USING STANCE CORRELATION (BRACES DENOTEHMM IDENTIFICATION

RATES)

4) Inferences about the role of shape in human movement sisalyhe gait-based human
recognition experiments using the USF database clearlicatel that given an activity (eg.
gait), shape is more significant for person identificatioanttkinematics. The experiment also
indicates that kinematics does aid the task of recognitiohgure kinematics is not enough
for identification of an individual. The experiments on the GMlataset indicate that when
performing the same activity at differing speeds, a purg@shzmsed approach tends to perform

better than some other approaches that use kinematics also.

C. Experiments on Activity Recognition

There are several scenarios where the manner in which tipe sth@n object changes provides
clues about the nature of the activity being performed. Uridese scenarios, we can use the
methods we have proposed to perform activity recognitioe. d&scribe one such scenario in
this section and report the results of experiments on &gtréicognition using the models we
have built. The experiments on activity recognition arefggened using the CMU and MOCAP
datasets.

1) Results on the CMU dataset:
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Activity Slow Walk | Fast Walk | Walk with Ball
Slow Walk 100 72 64
Fast Walk 75 100 60
Walk with Ball 70 50 100
TABLE I

IDENTIFICATION RATES ON THECMU DATA USING ARMA MODEL

Slow Walk Fast Walk Ball

i

"

Fast Walk | =
I

Ball

Fig. 8. Similarity matrix for the CMU data using the ARMA model

On the CMU dataset we did two experiments. First we conductestagnition experiment
using the ARMA model. In Figure 8 we have shown the similaritgtrix that we obtained. The
similarity matrix shown is &5 x 75 matrix with the rows/columns numbered 1-25 representing
different individuals performing slow walk, while rowsfoonns numbered 26-50 represent the
corresponding individuals performing fast walk and rowsions 51-75 representing the same
individuals walking with a ball in their hand. The strong ginal diagonal line indicates that
identification performance for similar activities is verigh. The four dark lines parallel to the
diagonal indicate that identification is possible even when activity performed is different.

The actual identification rates are indicated in Table II.
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Fig. 9. Similarity matrix using the ARMA model with (a)Top half oflsbuette and (b)Bottom half of silhouette

Consider the three activities slow walk, walk with a ball andlkvon an inclined plane.
Considering the shape and kinematics of these three aesivite expect that the ball alters the
shape of the silhouette of the top half of the body, while ti@imed plane alters the kinematics
(and to a lesser extent shape) of the lower half of the bodyhénfirst experiment we build
an ARMA model for the shape of the top half of the body. Frobgniistance between the
principal angles of the ARMA models is computed. Figure 9¢@ves the similarity matrix for
the database of 25 people performing the three above meqdtiaativities when the model is
built for the shape of the top half of the silhouette. Figufle)3hows a similar similarity matrix,
when the model is built for the shape of the bottom half of titteosiette. The activity fast walk
is distinctly different from all the other three activitigsits kinematics (both in the top and the
bottom half of silhouette) and therefore we did not use ithe turrent experiment.

The following conclusions may be drawn from Figure 9:

« From Figure 9(a), we see that walking with the ball is verysuiislar to both inclined plane

and slow walk. Moreover both inclined plane and slow walkntselves are quite similar

to each other since the inclined plane would significanttgrabnly the leg kinematics.
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Similarity Between Activities using a Simple AR Model
12 3 4 5 8 7 8 ¢ 10 1 12 13 14

jwalki
Dywalk?
3jwalkd
4) walkd
5) walks
6) walks
7iblind walk
8isitl
ojsit2
10)irerview
11jbroomi
12jbroom2

13}jog

14jcraw!

Fig. 10. Similarity matrix for the MOCAP data using the AR model

« From Figure 9(b), we see that walking on an inclined planeery dissimilar to ball and
slow walk. This indicates that a change in the kinematic$eflower half of the silhouette
affects the model. Moreover, we see that activities slowkveald ball remain quite similar

to each other as expected.

2) Results on the MOCAP datasethe MOCAP dataset consists of locations of 53 joints
during a typical realization of several different actiggi We use these joint locations to build
an AR model and an ARMA model for each activity. The similantatrix computed using
both of these models, for the different activifiés shown in Figures 10 and 11. We notice that
the discriminating power of a simple AR model (Fig.10) is mstgood as that of the ARMA
model (Fig.11). For example, we see that several differestainces of walking are closer to each
other in the ARMA model than in the AR model. This is becauseARMA model implicitly
contains both shape and kinematics information. From thelagity matrix in Figure 11, we
notice that the different kinds of walk are very similar tackather. The three kinds of sitting

poses are also very similar to each other. Moreover, wallksgan activity is very different

4walk1, walk2 and walk3 correspond to normal walking, while walk4 cpomds to exaggerated walking, walk5 corresponds

to walking with drooped shoulders and walk6 to prowl walk
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Similarity Between Activities using a Linear Dynamical System{ARMA)
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Fig. 11. Similarity matrix for the Mocap data using the ARMA model

from sitting. As expected, jogging is very similar to walginvhile being dissimilar to sitting.
These observations lead us to believe that the dynamic&mysontains enough information
for activity classification.

3) Inferences about the role of kinematics in human moveegilysis: The activity recog-
nition based experiment on the CMU dataset indicates thah@matics based approach does
have the ability to differentiate activities that differtte@r in shape (slow walk vs ball) or in
kinematics (slow walk vs inclined plane) because the systemmulation(4, C, K) contains
both shape information() and kinematics information{). The ARMA model is also capable
of performing person identification within a given activigshen the number of subjects is small
and the resolution of the image is high. The experiment onMECAP dataset reinforces our
belief that the ARMA model can be used for activity recogmi@even though its performance

on person identification in the USF database(large numbsulbjects in outdoor environment)

iS not very good.

VI. CONCLUSIONS ANDFUTURE WORK

We have proposed methods for comparing two stationary skageences and shown their

applicability to problems like gait recognition and adyvirecognition. The non-parametric
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method, using DTW is applicable to situations where thergeig little domain knowledge
and therefore parametric modeling of shape sequencediatlifWe have also used parametric
AR and ARMA models on the tangent space projections of a shegpeesice. The ability of these
methods to serve as pattern classifiers for sequences afshap been shown by applying them
to the problem of gait and activity recognition. We are catiye working on building complex
parametric models that capture more details about the &upea and motion of objects and
models that can handle non-stationary shape sequencegeVaésa attempting to build models
on the shape space instead of working with the tangent spagecpons.

Moreover, our experiments on gait recognition lead us toevakinteresting observation about
the role of shape and kinematics in human movement anaksis ¥ideo. The experiments on
gait recognition indicate that body shape is a significamitye important cue than kinematics for
automated recognition, but using the kinematics of humaly lomproves the person identification

capability of shape based recognition systems.
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