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Abstract

Videos play an ever increasing role in our everyday lives with applicatianging from
news, entertainment, scienti c research, security and surveillancepl€@buwvith the fact
that cameras and storage media are becoming less expensive, it hitslriespeople pro-
ducing more video content than ever before. This necessitates the gleesibof ef cient
indexing and retrieval algorithms for video data. Most state-of-the-attnigues index
videos according to the global content in the scene such as color, textigietness etc. In
this paper, we discuss the problem of activity-based indexing of videasldress the prob-
lem, rstly we describe activities as a cascade of dynamical systems whiohcsigtly
enhances the expressive power of the model while retaining many of thputational
advantages of using dynamical models. Secondly, we also derive method®tporate
view and rate-invariance into these models so that similar actions are clustgetter
irrespective of the viewpoint or the rate of execution of the activity. We dkrive algo-
rithms to learn the model parameters from a video stream and demonstratedimgiea
video sequence may be clustered into different clusters where eadéragiegresents an
activity. Experimental results for ve different databases show thatcthsters found by
the algorithm correspond to semantically meaningful activities.
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1 Introduction

Recent years have seen a tremendous explosion of multimendiant fueled by
inexpensive video cameras and the growth of the internet. drhount of video
data being recorded and accessed by the general populacedramcreasing with
the rising popularity of several video sharing websitesefa technical challenges
need to solved to enable ef cient search and retrieval irhdage and often un-
structured datasets. In the context of videos, most vidheohsg websites feature
user-supplied tags. It is assumed that the tags describeispaing on in a video.
This has several drawbacks, since tags are subjective arghthe meaning may
be conveyed by a multitude of tags. Further, it is not uncomitoecencounter tags
whose meaning is not known to a user and are sometimes &rgléy the video.
The idea of user generated tags would also not scale withnttreasing size of
the dataset. Instead of providing such textual descriptiare propose to analyze
the patterns of motion in a video and automatically extrakisters' which when
visually presented to a user can convey maximum informadimout the contents
of the video. For example, given a tennis video, short segsrapicting elements
such as fore-hand, back-hand, smash etc when visuallymessto a user would
convey more information than a set of textual descriptions.

Unsupervised activity based indexing goes far beyond tiditional problems of
activity analysis and recognition, where one knows whatismeoking for. Unsu-
pervised indexing requires that activity patterns be disoed without deciding a
priori what to look for. As a motivating example, considee foroblem of under-
standing a foreign language. If one hears only a continutaears of words, how
does one know where a word begins and where it ends. If one #reewords, the
boundaries between them can be easily perceived. And if oew khe boundaries,
then the words can be learnt as well. Similarly, given a cwdus video stream, if
we knew what activities occur in it, we can discover the baures between them
— and if we were given the boundaries, the individual agdésitould be learnt as
well. In the context of activities each action primitive isnaposed of a coherent
set of features, and an activity is de ned by the way the piiras are put together.
Activity-based indexing can bene t by gaining insight inbtow humans perceive
and recognize activities. First, we discuss a general fnarieof activity percep-
tion. Then, we discuss how the cascade of linear dynamisé¢sys model (CLDS)
can be derived from the proposed framework.

Applications for automatic discovery of activity pattersa® numerous. For exam-
ple, security and surveillance videos typically have vexyetitive activities. If the

typical activities can be clustered, then several problsuth as unusual activity
detection, ef cient indexing and retrieval can be addrds$®rensic analysis of
surveillance videos is another fast growing and importaptieation area. Current
approaches to video forensics involve linear searchestbeezntire video feed by
a human analyst and hence are not scalable when there age alanber of cam-



eras deployed at various locations. Instead of expectingnafyst to sift through
the voluminous data, we ask - can “clusters' of activitieptasented that embody
the essential characteristics of the videos ? The need ébrattivity based index-
ing stands to increase in the near future as more securigllatsons are deployed
in a wider variety of locations.

Traditionally, the problem of recognizing human activstfeom video has received
more attention than automatic discovery. One of the eariggeriments demon-
strating the richness of spatio-temporal features was tgndgmhansson [2] who
showed that it was possible to recognize humans based amtb&on. Since then
there has been an explosion of research in computer visiorautomatic analysis
and recognition of human activities from video. Parallelie development of ac-
curate and ef cient recognition techniques, there has bésen a lot of interest in
automatic discovery of patterns from raw data. Patterngeition vs pattern dis-
covery is a fundamental choice that is faced in almost alsof machine learning.
Speci ¢ to the activity analysis area, existing literatdioeuses on the recognition
problem to a large extent. In a largely unrelated settingrelnas been signi cant
research into indexing of multimedia data such as news,djpsrts videos etc ac-
cording to their content such as in [3]. The pattern discpapproach has also been
pursued for this problem domain such as in [4]. In practipgligations it is often a
combination of supervised and unsupervised approachegi¢hds the best results
[4]. In such cases, an "unsupervised' approach would irvalvery small amount
of supervision. The approach we present is largely unsigesiwhere we assume
very little about the data and the supervision is maintamtegkery low-levels - for
example in the choice of features, temporal segmentatiterion etc.

Organization of the paper: The rest of the paper is organized as follows. First,
we present a general framework of activity perception irtise@ and draw con-
nections to computational and mathematical models in@&@&ti Then, we propose
the CLDS model for the speci c purpose of activity based mgnin section 4.
The problem of learning the model parameters is addressseciion 5. Further,
in section 6 we show how invariances to view, af ne transferamd execution rate
can be built into the mining algorithm. Finally, in sectionwé describe several
experiments to demonstrate the effectiveness of our dhgosi.

2 Perception of Activities

In this section, we propose a general framework for actpéyception and recog-
nition, from which speci c algorithms can be derived. Theageption of activities

can be seen as proceeding from a sequence of 2-D images t@atgedescription

of the activity. Activity perception can be naturally degoosed into the following

three stages:



(1) Dynamic Sketches
(2) Action sketch
(3) Semantic sketch

(1) Dynamic SketchesThe purpose of early stages of vision is to construct prim-
itive descriptions of the action contents in the frame. Br@smitive descrip-
tions must be rich enough to allow for inference and recagmiof activities
[5]. Most of the sensory information that is available inead is actually un-
interesting for the purpose of activity-based video indgxand only serves to
confound the latter stages of the algorithms. One very itapbrcharacteristic
of this stage is to weed out all the unnecessary sensorymafiton and retain
just those elements that are relevant for activity-basddowindexing. Visual
encoding mechanisms present in the human brain mimic tlesghenon and
this is called predictive coding. Barlow [6] and Srinivasdrale [7] contend
that predictive coding is not just a mechanism for compagsbut actually
goes much further and enables animals to process informati@ timely
manner. We refer the interested reader to early works of Bafwinivasan
and Marr ([6], [7], [5]) on the importance of this stage of wad processing
in order to enable vision systems to react and process i@fitomin a timely
manner.

(2) Action Sketch: Studies into human behavior show that human actions can
be temporally segmented into elementary units, where eaittconsists of
functionally related movement [8]. For example, a car paglkactivity may
be considered to be formed of the following primitives - “Categs a parking
lot', "Car stops in the parking slot', "Person walks away frtm car'. Such
a description requires the ability to segment an activitp iits constituents
and then develop a description for each of the constitudrdrec Each con-
stituent action is like a word describing a short, consisteation fragment.
Hence, this stage can be interpreted as providing a "voagbuwvith which
to create sentences (activitieB).the remainder of the paper, by “action' we
refer to a short segment of consistent motion, whereas, livitgtwe refer
to a composition of such actions that leads to an activity.

Representing activities using such linguistic models han e existence
in various other elds and disciplines. Several dance nataschemes are
used in practice to interpret complex dance moves. Thougbkxicemely de-
tailed, they are easy to interpret and reproduce in actapbstt has also been
found that the most commonly observed human activities imesilance set-
tings such as reaching, striking etc are characterized $tyndiive velocity
pro les of the limbs that can be conveniently modeled as a&ispsequence
of individual segments — constant acceleration followedtystant velocity
followed by constant deceleration [9]. This lends creddndée fact that hu-
man actions can be modeled as a sequence of primitive actitrese each
action is governed by a simple model.

(3) Semantic descriptions:Semantic descriptions perform the same function as
grammatical rules for a language. They detail how sevenastttnient action



primitives may be combined together in order to construatesover com-
plex activities. The most common rules for creating comgalettvities from
constituent actions are sequencing, co-occurrence archgymzation. For
example, a single-threaded activity can be said to conkastinear sequence
of a few primitives. An example of a single-threaded acyivét "Person ap-
proaches a doot' "Person swipes the access cdrd"Person enters a build-
ing'. Similarly, a complex multi-threaded activity can bees as a collection
of several single-threaded activities with some constsanch as concurrence
and synchronization among them. Thus, this stage can beaseproviding
the rules for combining the primitives - similar to a set ocaigrmatical rules
needed to construct meaningful sentences from individaatis

In the next section, we draw connections with computatiapgkoaches and show
how several well-known mathematical tools can be used &t etihese stages.

3 Computational Models

There exists a huge wealth of literature on building comjpartal models for each
of the stages outlined above. In this section, we review sointiee important and
well-known techniques that can be used at each of the stages.

3.1 Dynamic Sketches

The search for suitable low-level features that can conhpespresent the speci c
information that we seek from images has been at the heamrapuater vision
research for many years [10]. Low-level features that canpaxtly represent the
information we seek from very short segments of videos ity 1 or 2 frames)
form the dynamic sketch or the frame sketch. The appropmesteof a speci c fea-
ture is dependent on the speci ¢ application and the natfiteeovideo sequences
being analyzed. In this paper, we are interested in cluggarideo sequences ac-
cording to the type of activity present in the video sequenddnerefore, these
low-level features must be able to compactly capture theamaneous motion of
the various scene and actor elements in a manner that erlhblasxt levels (ac-
tion sketch and the semantic sketch) to ef ciently représlea activity occurring
in these videos. We summarize in Table 1 some widely usedduei-features and
their respective characteristics.



Feature Type of Video Type of Activity lllumination In- View Robustness | Examples
variance
Background Sub-| Near Field, | Single agent or| Moderate Not Robust Gait Recognition
tracted Silhouette| Medium Field small number of ([11,12])
agents
Shape Near Field Single agent Moderate Can be incorpo-| Gait Recognition
rated by afne | ([11,13]), Far
invariance on| Field Activity
shapes Recognition
([14])
Optical Flow or | Near Field, | Single agent| Moderate Afne invariance | Trafc Moni-
Texture Flow Medium  Field, | (Near Field), can be incorpo-| toring ([15,16],
Restricted  Far-| Small number of rated Crowd Monitor-
Field agents (Medium ing ([17])
Field) and Large
number of agents
(Crowds in far
eld)
Point Trajectories| Far Field or Con-| Single agent| Strongly illumi- | Easy to incorpo-| View Invariant
strained Medium| (Constrained) or| nation insensitive | rate action  recogni-
Field small number of tion([18], Trafc
agents (far- eld) monitoring
([29]), Far-eld
surveillance [20])
Circular Fourier| Medium and Near| Single Agent Moderate View Invariant Action recogni-
Features eld tion [21]

Table 1
Various Features for the low-level representation (Dynamic Sketch}tesid properties
and applicability in various scenarios

3.2 Action-sketches

A signi cant body of work in activity recognition builds upoextracting action-

primitives and modeling the interactions between them. Qgdatwnally, auto-

matic primitive extraction may be achieved by mapping thve-level sketches to
speci ¢ model spaces. There are several choices for the hepdee such as is
reviewed below. Most of the popular approaches can be divid® two broad

classes - Spatio-temporal models and Dynamical models.

Spatiotemporal models:These approaches typically encode con gurations of spatio
temporal patterns as a model for a video segment, for exarapleepresentative
human poses or bags of spatio-temporal features etc. [g&sent human actions
using a series of codewords called ‘'movelets’ where eaclelmbencodes a par-
ticular con guration of the human body - head, torso, upped &ower limbs. A
similar approach was used in [23] to learn human actionop®add in the pro le
view from a long sequence. Temporal templates called mdtistory and mo-
tion energy which encode both the shape and temporal mokiaracteristics of
the action were proposed as features in [24]. Describingcéwity by a collec-
tion of space-time interest points which represent poiffitsigh gradient in the
three-dimensional space-time was proposed by [25]. In @dasimpproach, [26]
represent video segments as histograms of spatio-temgadients at multiple



temporal scales. Each segment of video was modeled as a datwith words
drawn from a corpus of quantized spatial motion histogramj7].

Dynamical Models: Dynamical approaches explicitly encode the temporal evolu
tion of features for each action. A method to segment humaarecinto elemen-
tary building blocks called movemes - each moveme assumaeldog to a known
alphabet of dynamical systems was presented in [28]. Mogeli complex activi-
ties using a switching linear dynamic system, where eadesysorresponding to
an action-primitive was proposed in [29] and [30]. Simyahuman gait patterns
have been modeled as linear dynamical systems in [11,31pwaRrMM's in [32].

We summarize in Table 2 some of the well-known tools and tlesipective char-
acteristics.

3.3 Semantic Sketches

In the activity recognition context, semantic sketcheaftivities essentially model
the spatio-temporal constraints between the primitivd® hajor approaches to
model such constraints fall into two classes - statistiodl ale-based.

Statistical Approaches: HMM's provide an elegant mathematical tool to model
the temporal relationships between action primitives [22B]. Dynamic belief
networks allow complex conditional dependencies betweeearsl primitives to be
expressed using directed acyclic graphs and have been arsidffc scene anal-
ysis in [19]. Complex activities can be modeled as being gerdrby a switching
linear dynamic system as in [29], [30], [34] where each syst®rresponds to a
particular primitive. Textural video sequences have beedeted as a nite collec-
tion of visual processes, each of which is a dynamic texiuf85].

Rule based approachesSyntactic approaches such as stochastic context free gram-
mars allow expressing the relationships as a set of pramuctiles and have been
used for action recognition in [36,37]. Temporal logic netlss which encode log-

ical relationships between primitives were used for re@gg events involving
multiple objects in [38]. A bag of primitives approach is dse [39] to represent
activities. Petri-nets provide rich descriptive capaieii to express complex inter-
actions such as synchronization, co-occurrence and camag, and have been
used in [40].

3.4 Discovery of Action Patterns

The approaches discussed so far are mainly concerned wibklmg and recogni-
tion of activities and not discovery of action classes. Thabfem of discovering



Property CLDS SLDS [29] [30] Grammars [36] DBNs [19] Sliding win-
dow approacheg
[27,26]

View Invariance Yes No Yes Yes No

Rate Invariance Yes No Maybe Maybe No

Activity  based | Yes No No No Yes

Clustering

Action Recogni-
tion

Yes

Yes

Yes

Yes

Yes

Frame Sketch

Any appropriate
low level feature

Any appropriate
feature

Any Appropriate

Any Appropriate

Any appropriate

Action Sketch

Linear Dynamical

Linear Dynamic

Vocabulary of

Vocabulary of

Action prototypes

System (ARMA) | System Primitives primitives
Semantic Sketch | Cascade Structure Switching Grammatical Directed Acyclic | Bag of features
Rules Graph
Sports Video Yes Yes Yes Yes Yes
Surveillance Yes Yes Yes Yes Yes
Video
Table 2

Various approaches for activity based mining from video and their chexiatics

action patterns has received less attention compared forofséem of recognition
of actions and activities. However, the modeling methoé@sadten similar in both
settings. Some of the relevant methods and approachesstmwdiring human ac-
tion patterns from video are as follows.

Stauffer and Grimson [41] presented a system to learn patt@rmotion in a far-
eld surveillance setting. They rely on tracking informari such as position, size
and velocity to describe individual entities. A sequenceladervations is consid-
ered to be a set of independent features. They use simpleatorence statistics
of feature prototypes to characterize the motion pattefnsliuicles and humans in
a far eld setting. This works well in such a setting since thetion patterns are
simple trajectories which are highly constrained in nature

Zelnik-Manor and Irani [26] presented a method to clustdews into event consis-
tent sub-sequences when the events of interest are not kiibvey model videos as
temporal objects and de ne a distance metric between vidased on histograms
of local space-time gradients. Thus, this approach candweed as approximating
a stochastic process using a rst order model i.e. the histogof features. From

this point of view, our approach which is based on dynamiceds a second or-
der model of the underlying stochastic process where teahgorrelations in the

stochastic process are also explicitly encoded. FurtherCL.DS model is more

descriptive and can be viewed as a generative model.

Another related approach is that of Zhong et al [27] who repné each segment
of video as a document with words drawn from a corpus of gmedtspatial mo-

tion histograms. They model a long video as a collection afuteents and per-
form co-clustering of documents and prototypes. Their epgh is essentially a



bag-of-words approach which ignores the dynamics of coxgdtions. A similar
approach was presented by Niebles et al [25], where the muthadel a video as a
collection of words. The words are assumed to be derived &tatent topic, where
the latent topic corresponds to a motion-class. They ptesgnaphical model to
describe the conditional dependence between a video, té@ kpic and the ob-
servable features and present a method to learn the lafgostmotion-class using
unlabeled data. However, temporally extended complexastare characterized
by complex dynamics. This dynamics information is not exighlf modeled in such
a bag-of-words approach. They also note that due to the tatale of the space-
time interest point detectors, suf ciently strong respesmare not induced for purely
translational motion and for regions that do not have seintitemporal changes.

Unsupervised learning of human action classes from stiliges has also been
proposed by several researchers (c. f. [42]). These appesaely on information
extracted from static images such as the pose of the humafetdle action being
performed. Since there is no temporal information, thepeagehes are best suited
when suf ciently informative key-poses are available fach action. We refer the
interested reader to [42] and references therein, as tledyegiond the scope of the
the current discussion.

In our approach, we explicitly model the underlying dynasnaf actions using

linear dynamic models. A further higher-level of sophiation is achieved by the
cascade structure of dynamic systems. This makes the mottigble for repre-

senting complex actions which are temporally extendedhégrnone of the above
approaches deal with view-invariance and execution rag@ri@nce in the cluster-
ing/discovery scheme. We deal with the problems of view atd mvariance in

a systematic manner which is consistent with the linear dyoal system frame-
work.

4 Cascade of Dynamical Systems

Most activities involving a single human in surveillancétisgs consist of the hu-
man executing a series of action elements in order to aclaesartain goal. For
example, a man driving a car into a parking lot, parking the @igghting from it,
walking out of the parking lot (series of action elementshjtabutes to a typical
activity. Moreover, several multi-human activities magabe adequately repre-
sented by a sequence of actions. Thus, the CLDS model is an@gie model
for representing a wide variety of common activities.

The model for an activity must be able to represent each ohttien elements
separately while simultaneously being able to detect thmb8aries between them.
As we mentioned earlier, we use the consistency of featurgsmnweach action-
element as a cue to discover the boundaries between thenspEeec way the
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Fig. 1. System Overview: (a) Input video, (b) Feature extraction éDyic Sketch), (c)
Temporal segmentation, (d) Build and learn dynamical models, (e,f) Clustevdlel space
taking into account invariances on the data, (g) Identify repetitive acgvitie

action-elements interact with each other is used to discthe activities them-
selves. The overall system overview is shown in gure 1. Eatcthe components
will be described in detail in the ensuing discussion.

4.1 Modeling Action Elements

Following the discussion presented in section 2 on "Acfietiches’ and the in-
tuition provided above, we assume that a complex activity lsa broken down
into its constituent action elements. During each actiemeint, the motion of the
actor remains consistent. In fact, it is this consistencynotion that segments an
activity into action elements. Therefore, each action eleims modeled using a
time-invariant dynamical system and the activity is modeds a cascade of dy-
namical systems.

Linear Dynamical System for Action Elements: As already discussed, the dy-
namics of each action element can be modeled using a tinaeiami dynamical
system. In several scenarios (such as far- eld surveiambjects moving on a
plane etc), it is reasonable to model constant motion in¢aéworld using a lin-
ear dynamic system (LDS) on the image plane. Given the boiesdaetween ac-
tion elements, we model each of these segments using a timeamvariant (LTI)
model. Let us assume that tRe+ 1 consecutive frames;; ::;; Sx+ p belong to the
k™ segment and let (i) denote the observations (ow/silhouette etc) from that
frame. Then, the dynamics during this segment can be repgezsas

10



witching Time witching Time
T1 T2

A1, C1 A2, C2 A3, C3

[ Observed flow feature f(t) |

Fig. 2. lllustration of a cascade of three linear dynamical systems. The tahgder of
the execution of these dynamical models and their switching times are showrrmitisa

f(t)= Cz(t)+ w(t) w(t) N(O;R) (2)
z(t+1)= Az(t)+ v(t) v(t) N(0;Q) (2)

z is the hidden state vectok the transition matrix an@ the measurement matrix.
w andv are noise components modeled as normal @itean and covariance ma-
tricesR andQ respectively. When ow is used as the feature, we can writelaim
equations for thet andy components independently. We assume independence of
ow components for simplicity and to reduce the dimensiayabdf the estimation
problem. Similar models have been successfully applieckvwersl tasks such as
dynamic texture synthesis and analysis [43], comparirgpaitte sequences [11],
[31] etc. But we differ from these as we do not assume that wevkhe temporal
span of the segments. We explicitly deal with the temporgirsntation problem
in section 5.1. In summary, the parametric model for eacmseg consists of the
measurement matri€ and the transition matriR.

4.2 Sequence of Dynamical Systems

An activity is composed of a series of action elements. Weshawdeled each
action element using an LTI system. The activity model is rammposed of a
cascade or a sequence of such dynamical systems. In readisg, activities have
a very speci c temporal order for the execution of actionnedmts. For example,
if our goal is to get to the of ce, then the sequence of actierscuted might be
- drive into parking lot, park car, alight from car, walk awtgm the parking lot.

Therefore, we model an activity as a cascade of action elenwvath each action
element modeled as an LTI system. Figure 2 illustrates thegtete model for such
an activity.

11



4.3 Relation with Switching Linear Dynamical Systems

Learning the switching instants between LTI models is alsmoantered in the
area of Switching Linear Dynamical Systems (SLDS). The psegl CLDS frame-
work is a conceptually simpler version of the more generdDSLAs will be dis-
cussed in this section there are several differences thiat tearning and inference
easier and more ef cient than the SLDS framework. But, rst discuss why the
CLDS framework is well suited for modeling human actions.

A large class of everyday human actions such as sitting,ibgnceaching etc is
naturally decomposed into a sequence of predeterminedesggrof simpler sub-
actions. This observation leads to modeling of complexoastias a sequence of
simpler action-elements, with the transitions or switghi@tween action elements
specifying the structure of the action. Moreover, more clexpctivities such as
ballet dancing or cooking can usually be decomposed intonalsr sequence of
steps. In computational terms this means that the transiti@tween actions ele-
ments can be well approximated as a nearly-deterministjoesece. Thus, in this
context CLDS is a special case of the more general SLDS frankeworrespond-
ing to cases where the transition matrix between switclestatstrongly diagonal
in nature. For example, consider the the transition matricdor two actions —
"Cross Arms' and "Sit Down' — which were estimated by traineng-state HMM
on the IXMAS dataset [21]. The transition matrices are

3

0:8796 01231 (3)
0:0469 00306 09225

CTOSS -

2
g 0:9910 0009

2 3
0:9271 00488 00241,
Slt - g

0:0094 09529 0037 (4)
0.0639 09361

We see that the transition matrix has a strong diagonal tstreicMoreover, the
transition probabilities from one state to the remaining axe usually biased more
toward one speci c state.

The second major difference between the proposed CLDS frankeamd the SLDS
framework is in the notion of "dwell times'. In the SLDS framerk, the switch-
ing between models is governed by a Markov chain. This assammduces an

12



exponential density on the dwell-times in each state whoséenis at 0. But, the
amount of time spent executing an action requires a nite-pero amount of time.
In the CLDS framework, we do not impose this restrictive angnter-intuitive ex-
ponential density form. Instead, we will discuss how moneegal and meaningful
parametric models can be learnt in this framework whichnslar in principle to
the methods presented in [44,34].

The third major difference is in the notion of switch statesSLDS, usually an
extra hidden state is used to model switches. Any changadrhitiden state cor-
responds to a switch between the LTI models such as in [45]46]dUsually, the
number of states to switch amongst is assumed to be knowal(egthe number
of distinct actions). These methods are well suited for ningenoderate length
sequences since in such cases it is reasonable to assumk aisenset of switch
states. Since we are interested in indexing very long videisdif cult to estimate
the number of switch states a priori. Thus, the CLDS framevdas not rely on
estimating the number of switch states. Instead, it simptgcts switching instants
in a recursive manner and ts linear models to each segmeamEhis point of
view, CLDS may be viewed as a recursive approximation to SL@%¥hg videos.

The fourth difference is in the computational ef ciency aioted by restricting the
model to a cascade structure as opposed to a general switstrircture. Esti-
mating the number of switch states, the model parameteradh state and the
switching instants simultaneously is computationally engive. Recently, an ap-
proach was presented in [47] for a special class of systemstimate the number
of states, the switching instants as well as the model paemér each state.
The presented method dealt with single-input single-diapto-regressive (SISO-
ARX) processes and its multi-dimensional extension is cdatmnally very ex-
pensive. In comparison, since the CLDS framework recurngigplits a complex
video sequence into smaller segments according to a predesegmentation cri-
terion, learning is computationally less expensive thanganeral SLDS model.
The structure of the activity is then discovered in the mdsstering stage where
we look for repetitive and quasi-repetitive action-labels

5 Learning Model Parameters

We have modeled an activity as a cascade of dynamical sysBarhgiven a video

sequence, we rst need to segment the video into action elesvand discover the
relationship among them. The challenge is to accomplisbf &llis in a completely

unsupervised manner while being invariant to variabgitrean activity like execu-

tion rate, resolution of video, rotation and translation &e will now describe an
algorithm to automatically segment the video and learn tbdehparameters in an
unsupervised manner.

13



5.1 Discovering Action Boundaries

As mentioned earlier, we use “consistency' of featuresiwigiach action-element
as a cue to discover boundaries between them. Naturallyextaet measure of
“consistency' is tied to the speci ¢ feature at hand. Formagke, space-time cur-
vature [18] is a widely-used metric to discover boundarmspoint trajectories.
Measures for shape deformation such as [48] are suited $opdering segment
boundaries in shape sequences. In this section, we descslmple method for
discovering action boundaries that works well for backgbsubtracted silhou-
ettes and optical- ow.

For each time-instant, we predict the current observatidh using a set oK
past observationsf; 1;:::f; g g. If the observatiori; deviates signi cantly from
the predicted value by a threshold i.e. ff; fi > thresh, then a boundary is

detected at the time instantin our case, the predictidf is derived from the past
observations as follows. For the rst few (about 5) set ofries after the beginning
of a new segment, we cumulatively learn a single set of af aeameters for the
change in the feature. For every incoming new frame, we prelde new feature
using the estimated set of af ne parameters. Learning theegfarameters for

each segment can be achieved in closed-form using the piexpef the fourier-

transform [49].

This segmentation scheme is suboptimal due to the assumgdtad ne motion. To
overcome this we iterate back and forth between learning Thenodel for each
segment and tweaking the segment boundaries till conveegsreached. Taking
the output of this initial segmentation as an starting poird learn the LTI model
for each segment. Without loss of generality,3¢t= (A1; C;) andS, = (A,; Cy)
be two adjacent segments and their corresponding LTI mo8elspose the tem-
poral span ofS; is [tq;tp) and that ofS; is [ty; t]. Heret, denotes the boundary
between the segments. As will be described in section 5l@pows of C, corre-
spond to the tom principal components (PCs) of the observations in segrkent
To evaluatethe boundary according to the learnt models, we computeetbenr
struction error of all the observations according to the RChé corresponding
segments. We move the boundary by an amountforward and backward direc-
tions and choose the one that minimizes this error. Thusgaech for the minima
of the following cost functional:

e 2 X2 2
()= Cl(CIft) fo + Cz(Cszt) fi (5)

=ty t=tp+

fi is the observation at timeand 2 [ T;T]. In our experiments, we typically
choseT to be 10. The new boundary is found 8" = t29 + argmin ( ).
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With the new boundary the models are learnt again, and theepsois repeated
till convergence, i.e. the boundary does not change anyaxgein ( ) =0.
For cases when the linear models do not provide a good t tootheervations
in each segment due to possible non-linear dynamics, cgemee can be an issue.
However, in practice we observed that convergence is alaay®ved. This further
con rms the hypothesis that most human activities can benseged into simpler
actions where each action can be modeled by a simple linedelm@/e show
some segmentation results on a near- eld video sequencawinan performing 5
different activities. Each activity is repeated sevenales at random. Note that the
segmentation algorithm is independent of the rate of ex@cuatf the activity. The
video sequence was consistently segmented at the samenmeseral instances of
the same activity. Some segmentation results obtainedtaaladdeo sequences of
a person performing 5 different activities are shown in Feg8i from two different
views.

Bend Squat Bat Phone Throw

View 1

View 2

Fig. 3. Sample segment boundaries for 5 activities. Note that the temporaés&gion
algorithm nds a boundary whenever there is a change in the direction tbmad\otice
that the segmentation results are consistent across view changes.

We see that the videos are segmented at the same pose atthsiatboth views.
This indicates that our algorithm indeed nds semanticatiganingful segment
boundaries consistently and in a view-invariant manner.

Effect of Boundary Improvement: In most cases, temporal segmentation based
on af ne parameters gave consistent results for segmeatsgguence into its con-
stituent action elements. Nevertheless, there were soqueesees where the seg-
mentation was inadequate and we found that re nement oktbesindaries using
feedback improved the results. We show one such exampleure ¢. We notice
that the last segment boundary is incorrect, and it is ctedelsy re nement using
feedback. Note that the boundary improvement algorithedfits independent of
what feature is used.

5.2 Learning the LTI Models for each segment

As described earlier, each segment is modeled as an LTInsy%te use tools from
system identi cation to estimate the model parameters &hesegment. The most
popular model estimation algorithms are N4SID [50], PCA-#3][and EM [51].
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@) ()

Fig. 4. Bending boundaries (a) Before re nement, (b) After re nemen

N4SID is a subspace identi cation algorithm and is an asytigally optimal so-
lution. However, for large dimensions the computationgjureements make this
method prohibitive. PCA-ID [43] is a sub-optimal solutiornthe learning problem.
It makes the assumption that Itering in space and time apassble, which makes
it possible to estimate the parameters of the model veryiaitty via principal
component analysis (PCA). The learning problem can also Becas a maxi-
mum likelihood estimation of the model parameters that méze the likelihood
of the observations which can be solved by expectation-mization (EM) [51].
For computational simplicity we have chosen the PCA basedtisal of [43] in
this paper. Further, as will be discussed in section 6, the P&&d method allows
us to derive view-invariant metrics by exploiting the falcat the columns of the
observation matrix are principal components of the featafethe corresponding
segment.

We brie y describe the PCA based method to learn the modelmpaters here.
Let observation§ (1);f (2);:::f ( ), represent the features for the franieg; ::: .
The goal is to learn the parameters of the model given in equ#®). The pa-
rameters of interest are the transition matkixand the observation matri@. Let
[f (1);f(2);:::f( )] =U VT be the singular value decomposition of the data.
Then, the estimates of the model parame{ésC) are given byC = U;A =
VTD,V(VTD,V) * 1 whereD;=[00;] ;0]andD,=[l ;0;00]. These
estimates ofC and A constitute the model parameters for each action segment.
For the case of ow, the same estimation procedure is repefatethex andy-
components of the ow separately. Thus, each segment noepiesented by the
matrix pair(A; C) as shown in gure 1 (d) in order to estimate the corresponding
system and transition matrices. The data matrix is a tail imatrix (sizeMN
). Computing the singular vectors of the data matrix can baced to nding the
singular vectors for a matrix and taking appropriate linear combinations of
those singular vectors. The details of these matrix opmratare fairly standard and
one may refer to [52] for details of the approach. This makesatgorithm to learn
the system and transition matrices, ef cient, robust, $avgnd closed-form.
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5.3 Switching between Dynamical Systems:

In order to completely specify the model we also need to $peice switch-
ing times between these dynamical systems or equivalgahtyamount of time
(or frames) spent executing an action element i.ediell time. We considered
modeling the activity as a Markov model, in which case thébphulity distribu-
tion of the dwell time turns out to be an exponential disttida whose mode is
at 0. But, physically the amount of time spent doing one paldicaction takes a
nite amount of time. Thus, to model the dwell time, we needoatnuous distri-
bution over time that satis es the following requirements) -Support set which is
the entire non-negative real line, b) Non-zero mode. The i@ardistribution sat-
is es both the above requirements. Simpler choices sucheas§an, exponential,
double exponential violate one or the other requirementisTtve model the dwell
time for each action element as a Gamma distribution witlapaters  and |
with ¢ > 1 (this constraint ensures a non-zero mode). The Poissombdisbn
also shares the above properties except that it is a disdisgtéoution.

The parametric Gamma distribution is given by

1 (e )X forx> 0 (6)

g(x;; )= x

where () is the gamma function. The meanand variance 2 of the gamma
distribution are given by

= = (7)

Given samples drawn from the above distribution, we camedé the parameters
and as follows. Denoting the the sample meamgnd the sample variance by
A2 we obtain

N
re o e (8)
5.4 Generative Power of Learnt Model

A useful test for a representational model is how well it &gsize patterns, and
see if the synthesized samples resemble real-world phamomén this section,
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we show a few synthesis results obtained using the learnélmdd the rst exper-

iment, we used one walk sequence from the USF gait gallegy[88] to learn one
walk pattern. We use background subtracted images as thedeaWe modeled
the entire walk sequence using just one LTI model. Then, ed tise learnt model
to generate the sequence. A few frames from the generatedrsagjare shown in
gure 5.

Fig. 5. A model for the silhouette dynamics for gait was learnt using 1 segrS8aown
above is the generated gait sequence from the learnt model.

In the next experiment, we generated a bending sequencénddilre learning
stage, the sequence was segmented automatically into eegby the proposed
segmentation technique. A model was learnt for each segmersynthesize the
activity, we generated sequences from each of the modelsswitched from one
model to the other according to the discovered cascade.Whaktime in each seg-
ment was sampled from the learnt distributions. The geedrs¢quence is shown
in gure 6.

}4 Segment] ‘ Segment?2 ‘ Segment3 >{

Fig. 6. A model for silhouette dynamics during “bending' was learnt usisgd@nents.
Shown above is the generated bending sequence from the learrdea$t¢d | models.

5.5 Clustering Action Element Prototypes

We have now segmented a long video sequence into sevelatctistgments and
learnt the model paramete&; €) for each of these segments. Even though a long
video might consist of several segments, not all of them bélldistinct. We need
to cluster these segments (gures 1 (e), (f)) to discoverils#anct action elements
(words). In order to perform this clustering, we need a distameasure on the
space of LTI models. Several distance metrics exist to nea$ie distance be-
tween linear dynamic models. The simplest method to meaBst@&nce is thé -2
norm between model parameters. Martin [54] proposed a nmameipled method
to measure the distance between ARMA models based on cepséfadients. A
unifying framework based on subspace angles of obsertyahilatrices was pre-
sented in [55] to measure the distance between ARMA modeksci$pmetrics
such as the Frobenius norm and the Martin metric [54] can begetkas special
cases based on the subspace angles. Recently, [56] preadrasttwork to extend
the Cauchy-Binet kernels to the space of dynamical system#aontporated the
dependence on initial conditions of the dynamical systesnwell. However, for
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ease of computation we use the subspace angles based keooelexperiments.
Subspace anglds;;i = 1;2;::::n) between two ARMA models are de ned in [55]
as the principal angles;(i = 1;2;::::n) between the column spaces generated by
the observability spaces of the two models extended witlobservability matri-
ces of the inverse models [55]. The subspace anglesy :::) between the range
spaces of two matrices andB is recursively de ned as follows [55],

COS 1 = max XIATBY _ x{ATBy 9)
1T KAXK,kByk,  KAX 1k, kBy1k,
xTATB Xy ATB
COS | = max y . K YK tor k = 2:3; (10)

xy KAxk,kByk, — KAxyk,kByyk,

subject to the constraint§ ATAx, =0 andy/ BBy, =0 fori =1;2:::;k 1
The subspace angles between two ARMA modals, C1; K] and [A;; Co; K]
can be computed by the method described in [55]. Using thalsspace angles

i;1=1;2;::n, three distances, Martin distan@i(), gap distanced;) and Frobe-
nius distancedg ) between the ARMA models are de ned as follows:

v 1 . 4 =sin . d2 —2)<1 sin? | (11)
) CO§( I)! g max » F - 1

We use the Frobenius distance in all the results shown inptiger. Suppose we
haveN segments in the video sequence, then we crealte amtN matrix W whose
(i;j )" element contains the distance between the models of segmedsegment

j.

Clustering the Segmentdn the current setting, we only have a notion of a "dis-
tance' between two points (segments), but we do not have ddeaa represen-
tation of the points. Thus, this precludes the use of clusigechniques that rely
on Euclidean representation. The other popular alteradtv clustering rely on
graph-theoretic methods such as Normalized cuts ([57]¢lvtioes not rely on Eu-
clidean representations. The only requirement is thattartie metric be de ned
between any two points. Hence, graph clustering algorithras natural choice in
the current setting. But, a practical problem in using thégershms is choosing
the number of clusters. Results in spectral graph theoryigegwrincipled means
for estimating the number of clusters. A well known resuffaneling the Laplacian
of a graph is brie y summarized as follows.

Result: If G is a graph andL its Laplacian, then the multiplicity d as an eigen-
value ofL is equal to the number of connected components ({68]).

This result is true for the normalized graph-Laplacian a. Wehile this result
holds for unweighted graphs, in our case the pairwise distammilarity matrix
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represents a weighted graph with the similarities as the edgghts. Connected
components in our case represent the clusters that we amdofor. Thus for
the weighted case, the smallest eigenvalues will be clogehiat not exactlyO.
We have used this result to estimate the number of clustgesadhe similarity
matrix by analyzing the eigenvalues of the Laplacian andcééag for an “elbow’
that represents a sudden change in the eigenvalues. Theahddich the elbow
is located is the estimated number of clusters. Practicilig easier to use the
normalized Laplacian to search for the elbow, since its reno-eigenvalues are all
1 by a result similar to the one above.

Once we have estimated the number of clusters, we can confgutdustering us-
ing any standard graph clustering algorithm. We have usesha@ed cuts in our
experiments [57]. LetthK cluster labels thus obtained be givenltby L,; L3;::: Lk .
The segmented video is then given by a sequence of thess.label

5.6 Discovering the Cascade Structure

After clustering the action elements each segment is asgdigiabel. Suppose we
have the following sequence of labéls;; L3; Lo; Le; L7;Lg; L1;L3;Ls; Lo Le;La; L7 Lg).
Persistent activities in the video would appear as a répesequence of these la-
bels. From this sequence, we need to nd dpproximatelyrepeating patterns. We
sayapproximatebecause oversegmentation may cause the patterns to beantlyex
repetitive. We can say thélt ;; L3; L) and(Le; L7; Lg) are the repeating patterns,
up to one insertion error. To discover the repeating pattese build then-gram
statistics of the segment labels as shown in gure 1 (g). Vie &ty building a bi-
gram, tri-gram and four-gram models. In our experiencersegmentation of the
video is more common than undersegmentation. Thus, we &bliowp to one inser-
tion error while building the n-gram statistics. We prune birgrams which appear
as a subsequence of a tri-gram. We prune the tri-grams inieasfashion. Finally,
we declare the n-grams with a count above a threshold (démeod the length of
the video) as the repeating patterns in the video. The casstagcture of individ-
ual activities is the exact sequence of the prototypes imigems. Once we have
the cascade structure, we can go one step further and buddexagive model by
learning the statistics of the duration of each action pgygi®. We model the dura-
tion of each action prototype as a Gamma distribution wittapeeters > 1 and

k- The parameters of the distribution can be learnt from imgidata as described
in section 4.2.
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6 Building Invariances into CLDS Model

The distance metrics de ned in the previous section in dquafll) will break
down when there is a change in viewpoint or there is an af aagformation of the
low-level features. Some features such as shape are invésiaf ne transforma-
tions by de nition. Features such as point trajectories loarasily made invariant
to view and af ne transforms. But, in general, it is not gudessd that a given fea-
ture is invariant under these transformations (optical, @ackground subtracted
masks, motion-history ([24]) and other “image-like' feats). Reliance on the fea-
ture to provide invariance to these factors will tie the dshe processing to that
particular feature, which is not desirable as differentdess are appropriate for
different domains and video characteristics. Thus, instéaelying on the feature,
we propose a technique to build these invariances into #tarte metrics de ned
above. This allows the algorithm exibility in the choice fdatures.

6.1 Afne and View Invariance

In our model, under feature level af ne transforms or viewifi changes, the only
change occurs in the measurement equation and not the gtetiam. As described
in section 5.2 the columns of the measurement ma€ixdre the principal com-
ponents (PCs) of the observations of that segment. Thus, &a toediscover the
transformation between the correspondihgatrices under an af ne/view change.
We start by proving a theorem that relates low level feattaesforms to transfor-
mation of the principal components.

Theorem 6.1: Letf X (p)gbe a zero-mean random eld whepe2 D; R2. Let

f Xgandf Xg be the eigenvalues and corresponding eigenfunctions iKthe
expansion of the covariance functionXf LetT : D, ! Dy, whereD, R?be

a continuous, differentiable one-to-one mapping.fl@&{g)g, g2 D, be a random
eld derived fromX asG(qQ) = X (T(Q)). If the Jacobian of, denoted byl (T),

is such thatlet(J+ (1)) is independent df, then the eigenvalues and eigenfunctions

. L X _ X(a@
of Garegivenby § = = and $(q) = %

Proof: LetKy (p;3) be the covariance function &f. Then by the de nition of
the K-L expansion the following equations hold.

4 V4

i Kx (5;3) X(3)ds= X X(p) ] X(3) ~(s)= (m;n) (12)

where bothp;s 2 D, and (m;n) = f1if m=n, 0otherwisg. Now, f G(Q)g is
related toX asG(g) = X (T(Q)). Forq;r 2 D,, the covariance function d& is
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given byKg(q;r) = E[G(@G(N)] = EX(T@)X(T(r)] = Kx(T(@);T(r)).
Now consider the following equation.

V4 4

S Ke(@:r) 7 (T(n)dr= . Kx (T(@); T(M) ?f(T(T))dr (13)
2 Z

= Kx(P9) n ()i

D, NS (r)J (14)

where (14) is obtained by a change of variables giverpby T(Q);s = T(),
andjJt(r)j is the determinant of the Jacobian©fwith respect ta evaluated at

r=T 1(s). Now, if jJ7(r)j = jdrj = constant, then it comes out of the integral
in (14), and using (12) we obtain

z X
Ka(@:r) h(T(r)dr= -J”- (T (@) (15)
J971]

D>

It can further be shown that the set of functio‘n%q@g form an orthonormal
T

set. Thus, we have shown that the eigenvalues and eigeitnscf G are given by

f Jﬁ:zg andf - (T(q” g respectively. The utility of this theorem is that if the low-

.
level features like ow/silhouettes undergo a spatial sfanmation which satis es
the conditions stated in the theorem, then the correspgrfei®s also undergo the
same transformation.

Note: It is important to note that we are not considering transtdioms of the pixel
intensities, but we are interested in transformations ef iimage-grid'.

6.2 Application to Invariances

Two images that are related by a general spatial transfdrne(domography etc),
can be mathematically expressed &x;y) = 11(T(X;y)).

Af ne Transforms: Let p = [x;y]° denote a point on the image lattice. Con-
sider the set of 2-D af ne-transforms given BYp) = Ap+ t. Expressing this in
inhomogeneous coordinates

2 3

+ +
4 1X + agy t15

T(p) = (16)

Ay X + axpy + to
2 3

, L a;; a _

The Jacobian for the transformation is giveny= 4 125 \Wwhose determi-
A1 azp

nant is a constant. Thus, by the above theorem, if a set oihadigmns are af ne
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transformed then their principal components also get toamed by the same
af ne parameters.

Homography: Consider now a 2-D plane homography givenHby= [h; ]. In
the inhomogeneous coordinates the transformation is diyen

2 3
4 (h11x + hyoy + hiz)=(hz1x + hzzy + hgs) 5

(h21x + haoy + h23)=(haix + hazy + haza)

T(p) = (17)

As is apparent, the theorem does not hold for a general hapbgr We discuss
approximations under which the theorem may be applied todgpaphies.

Let, the transformation between the coordinate frame ofrgtecamera and that
of the second camera be given by a rotation and translatioen,the homography
induced by a plane, between the two views is given by [59]

)
H=MYR+ Tdn)M : (18)

whereR andT are the rotation matrix and translation vector respegtjvels the
normal to the plane andd is the distance of the planefrom the origin,M and
M %are the transformation from the image plane to the camejedire system

f o0 Xo
for the two cameras. In the simplest case, we canltbhke M °= g 0fyo %

001

wheref denotes the focal length of the camera, a®idy, is the origin of the
image plane. When the two views are close to each other, we manoxamate
T =[ «; y; z]°andR using small rotations as [60]

2
1 N3 Ny
R g N3 1 N1 % (19)
n, Ni 1

where, is the rotation anglen; n,; n3 are the directional cosines of the axis of
rotation, hence, related by + n3 + n3 = 1. On substituting these quantities and
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the plane normat = [ny; ny;n,], in (18) and simplifying, we obtain the following
relations between the required elementsiof hsy; hsy; has,

h31 _ a=f
hss  axo=f bw=f +c (20)
h32 _ b=f (21)

hys  axo=f by=f +c

wherea= n, + ;b= n; + £¥;c=1+ 2" Inthe limit, when ! 0

and x; y; ;! O, weobtaina! 0O;b! 0;c! 1

: hs:
im —=0 22
yoxsys z! 0h33 ( )
. h32
im —=0 23
VX ys 2! 0h33 ( )

Thus, for small view changess;; hz, << h 33. Under these conditéions, thesJa-

i : , hi1 h
cobian of the above transformation can be approximatedgby %4 1 2g

21 22
whose determinant is also a constant. Thus, the above themae be used even
in the case where observations are transformed by a homoguaqger the above
approximation.

Note: The invariance theorem was proved for continuous randords.eln real
images, spatial transforms are not one-to-one maps due thsbrete nature of the
underlying lattice. But, our experiments suggest that theotem can be used to
get very good approximations even in the discrete case.

Modi ed Distance Metric:  Proceeding from the above, to match two ARMA
models of the same activity related by a spatial transfaonatll we need to do
is to transform th&C matrices (the observation equation). Given two syst8irs
(A1; Cy) andS; = (Ay; C,) we modify the distance metric as

dcompensated(sl; S) = m_il_n d(T(S1); S2) (24)

whered(:; ) is any of the distance metrics in equation (IIL)s the transformation.
T(S;) = (A1; T(Cy)). Columns ofT (C,) are the transformed columns Gf. The
optimal transformation parameters are those that achieventnimization in (24).
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(@) (b)

Fig. 7. (a)Variation of Mean Distance as viewing angle changes. Sample akawn,
(b)Histogram of difference between Frobenius alghpensated @s seen from different
views

Depending on the complexity of the transformation modeg can use featureless
image registration techniques such as [49], [61] to arrive good initial estimate
of T. Computing the gradient of the proposed distance metrictieeely dif cult
due to the recursive way the subspace angles are de nedaiséct). We could
not arrive at closed form expressions for the gradientdefts we use Nelder-
Mead's (NM) simplex method to perform the optimization. TRM method is a
direct search algorithm that is used when gradients camnetlily computed or
accessed. Even though only limited convergence resultthtoNM method are
known, it is known to work well in practice [62].

To illustrate the effectiveness of our proposed technigugeconducted the follow-

ing experiment. We took a set of 10 dynamic textures fhatp://www.cwi.nl/projects/dyntex/index.html
[63]. The textures were modeled to be lying on a plane in fafrthe camera per-
pendicular to the optical axis, and a change in viewing afiglen 0 to 20 in
increments o6 was simulated by means of a homograp@ydorresponds to the
frontal view). The images were taken as observations. Eig(a) shows how the
Frobenius distance breaks-down as the viewing angle isgethrirhe plot also
Showsdcompensated- It can be seen that the proposed technique indeed works bet-
ter. In gure 7(b), we plot normalized histograms @g  dcompensatea) fOr same
textures as seen from different views and different texta® seen from different
views. When comparing different texturéhompensated 1S NOt signi cantly lower
thandg, hence the peak &t But, for the same texture as seen from different views,
we see thatl.ompensated 1S Signi cantly lower thandr .

6.3 Invariance to Execution Rate of Activity

While building models for activities, one also needs to coesthe effect of differ-
ent execution rates of the activity [64]. In the general case needs to consider
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warping functions of the form(t) = f (w(t)) such as in [65] where Dynamic time
warping (DTW) is used to estimat(t). We consider linear warping functions of
the formw(t) = gt for each action segment. Linear functions for each segment
give rise to a piece-wise linear warping function for theirenactivity, which ac-
counts for variabilities in the execution rate well. It camdhown that, under linear
warps the stationary distribution of the Markov processdhdoes not change.
Hence, a linear warp will affect only the state equation aodthe measurement
equation i.e. thé\ matrices and not th€ matrices. Consider the state equation of
a segmentX (k) = A;Xi(k 1)+ v(k). Ignoring the noise term for now, we
can writeX (k) = AXX (0). Now, consider another sequence that is relatedto
by X2(k) = Xi(w(k)) = X1(gK): In the discrete case, for non-integgthis is

to be interpreted as a fractional sampling rate converssia@naountered in several
areas of DSP. TheiX »(k) = X1(gk) = Aﬁ"x (0). i.e. the transition matrix for the
second system is related to the rst By = A{.

Estimating g:  Given two transition matrices of the same activity but wiitfiea-
ent execution rates, we need a technique to estimate thefacigng. Consider the
eigendecomposition ok; = V;D,V, !, andA, = W,D,V, . Then, for rational
q A, = Al = viD}V, L. Thus,D, = DY, i.e. if is an eigenvalue o, then
91is an eigenvalue o, and so forth. Thus, we can get an estimate &bm the
eigenvalues oA; andA, as
i log (2')
Q=P (25)
ilog

where (2” and (1” are the complex eigenvaluesAf andA , respectively. Thus, we
compensate for different execution rates by compuding the presence of noise,
the above estimate @f may not be accurate, and can be taken as an initial guess
in an optimization framework similar to the one proposeddot®n 6.1. Note that
compensation for execution rate is done only for segmenishwiave very similar

¢ matrices.

7 Discussion and Experiments

In order the validate and show the ef cacy of the CLDS modeldotivity based
unsupervised clustering of videos, we perform experimentdatabases.

(1) UMD Dataset: This dataset contairif activities andLO sequences per activ-
ity performed by one actor and capturedimiews.

(2) USF DatabaseThis is a publicly available human gait databasd 24indi-
viduals andLO different sequences per individual.

(3) UMD Far eld data: This dataset consists of unconstrained far eld activities
occurring in front of a building entrance such as pedesinaalking, vehicles
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parking and exiting etc.

(4) INRIA database: This database consists of 10 actors performing 11 acsvitie
inanear eld setting and contains 3 executions per actailoidreely change
their orientation.

(5) Simon Fraser University (SFU) gure skating data [42]: We have used
gure skating videos from [42]. This is completely uncorastred data and
involves real world conditions — pan, tilt and zoom of caneard rapid motion
of the actor.

Note: Since most of the results are best viewed as videos, we tedaretder to
http://www.umiacs.umd.edufpturaga/VideoClustering.html for video results.

7.1 Experiments on UMD Dataset [65]

In the experiment described in section 5.1, ve differentngaex activities — throw,
bend, squat, bat and pick phone were discovered autontatid# were also able
to learn the cascade of dynamical systems model in a conpletsupervised
manner. We manually validated the segment boundaries armbthesponding dis-
covered activities. We call each discovered repetitivéepatamotif. To counter
over segmentation effects, we merge very similar motifsc&ia motif is a string
of labels, we used the Levenshtein distance [66] as the ertetmerge them. The
classi cation of the activities into motifs is tabulatedTable 3. We see that the ta-
ble has a strong diagonal structure indicating that eadmeodliscovered motifs cor-
responds to one of the activities in the dataset. Motifs brbespond to "bending’,
‘squatting’, "throwing', "pick up phone' and "batting' n@sctively. This demon-
strates that the algorithm does indeed discover semdgtinaaningful boundaries
and also is able to distinguish between various activitiekehrning the right cas-
cade structure of the action prototypes.

Figure 8 shows activity labels for the entire video sequextected manually and
automatically. Matching of the colors in the gure indicatthat the algorithm is
able to discover and identify activities in an unsupervisehner. We found that
the errors in labeling are typically near the transition\zstn two activities, where
the actual labeling of those frames is itself subject to gsiain. To visualize the
clusters and to see thmjectoriesof each activity, we embedded each segment into
a six-dimensional Laplacian eigenspace. Dimensions E3laown in gure 9(a)
and dimensions 4-6 in gure 9(b). We see that the trajectooiethe same activity
are closely clustered together in the Laplacian-space.

7.1.1 View Invariance-Simulated Data

We show a few more recognition experiments based on our reddlistance met-
ric given in equation (24). In the next experiment, the sédupe same as described

27



Activity Motif | Motif | Motif | Motif | Motif
Type 1 2 3 4 5
Bending | 10 1 0 2 1
Squatting | 2 8 2 0 0
Throwing 0 7 0 1
Pick 3 0 0 9 0
Phone

Batting 0 0 0 1 9

Table 3
Composition of the Discovered Clusters in the UMD database

(a) Manual Labeling
(b) Automatically Discovered Labels (unsupervised-clustering)

Fig. 8. Color coded activity labeling for a 4000 frame video sequencedIMD database
(a) Manual Labeling (b) Unsupervised Clustering result. Image bestedén color.

Bat
Bend

Phone
Throw

Squat

(@) (b)

Fig. 9. (a)Visualization of the Clusters in Laplacian Space dimensionst)-gigualization
of Clusters in Laplacian Space dimensions 4-6. Best viewed in color.

above. But, this time we have 10 activitie3end, Jog, Push, Squat, Wave, Kick,
Batting, Throw, Turn Sideways, Pick Phorigach activity is executed at varying
rates. For each activity, a model is learnt and stored as amgbar. The features
(ow- elds) are then translated and scaled to simulate a eearshift and zoom.
Models were built on the new features, and tested using tredexemplars. For
the recognition experiment, we learnt only a single LTI niddethe entire duration
of the activity instead of a sequence. We also implementesliastic procedure in
which af ne transforms are compensated for by locating theter of mass of the
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Baseline CMH Compensated
distance
Exemplars Exemplars Exemplars
Activity 1 10 1 10 1 10
Pick Up Object 40 0 40 40 40 50
Jog in Place 0 0 0 10 70 80
Push 0 0 20 40 10 20
Squat 40 30 10 20 30 60
Wave 30 30 40 20 40 40
Kick 10 0 40 50 30 50
Bend to the side 0 10 0 30 30 70
Throw 0 10 30 40 0 40
Turn Around 0 40 20 20 30 70
Talk on Cellphone 0 0 10 20 40 40
Average 12 12 21 29 32 52

Table 4

Recognition experiment simulated view change data on the UMD database shakvs a
comparison of recognition performance using (a) Baseline techniquect dipplication of
system distance, (b) Center of Mass heuristic, (¢) Proposed Conmeeémlistance metric.

features and building models around its neighborhood. Wetdaenter of Mass
Heuristic — CMH. Recognition percentages are shown in tabldd.baseline col-
umn corresponds to direct application of the Frobeniusadc. We see that our
method performs better in almost all cases.

7.1.2 Far-Field Surveillance Data

We also conducted a recognition experiment ch0aninute video sequence ob-
tained from a far- eld surveillance camera. There wéfferent walking patterns
(in the location and direction of walk). A model for each oé$le activities was
built and a recognition experiment was run over the entideeisequence and re-
sults were manually veri ed. There weBesegments that were misclassi ed from
a total of 24 meaningful segments. All of the3errors resulted because of a con-
fusion between activities that are co-located but vary anlthe local direction
of motion. Note that the feature used in this experiment wasathed ow and
therefore did not involve tracking of individual targets.

7.2 Model Order Selection on USF Gait Database [53]

A practical issue in learning the LTI model parameters isttoase an appropriate

value for the hidden state dimensidnThe answer to this is tied to the domain,
and there is no general selection rule. The nundkdepresents the number of basis
vectors to project the data on to (the number of principal poments). Usually,
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the higher the dimensiod, the more accurate the representation will be. But, the
higher thed, the more the data required for robust estimation of thematars
and the higher the computational cost. Higher-order maalststend to over tthe
training data with poor generalization to test instance®e @eeds to make a trade-
off between these issues. To see the effect of varglinge conducted recognition
experiments on the USF dataset usthg 5;10; 15 on Probes A-G. Results are
shown in gure 10. We see that the recognition accuracies/smincreasing trend
asdincreases from to 10, but the increase fromi = 10 tod = 15 is only marginal
and in some cases even negative. This can be attributedrtdtowg of the training
data which does not generalize well to test instances. lergéncriteria such as
Akaike Information Criteria (AIC) [67], Bayesian Informatid&@riteria (BIC) [68],
etc may also be used to estimate the optimal number of fresrers (in our case
d). In our experiments, we empirically found that usohg 10 gives good results
across various domains and activity classes.

Fig. 10. Model order selection experiment on the USF gait databasel@®ahows recog-
nition performance as a function of the hidden state dimensipar( the 7 different chal-
lenge experiments (probes A-G) in the USF gait database.

7.3 INRIA - Free-Viewpoint Database [21]

The INRIA multiple-camera multiple video database of the PERTION group
consists of 11 daily-live motions performed each 3 times @ywdtors. The actors
freely change position and orientation. Every executiothefactivity is done at
a different rate. For this dataset, we extra6t 16 16 circular FFT features as
described in [21]. Instead of modeling each segment of iacts a single motion
history volume as in [21], we build a time series of motiontdmg volumes using
small sliding windows. This allows us to build a dynamic midde each segment.
We use the segmentation method proposed in [69]. Using fleasares, we rst
performed a recognition experiment on the provided datatt&@recognition ex-
periment, we used only one segment for each activity which tepresented that
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Activity PCA[21] Mahalanobis | LDA[21] System
[21] Distance
1 || Check Watch 53.33 73.33 76.67 93.33
2 || Cross Arms 23.33 86.67 100 100
3 || Scratch Head | 46.67 86.67 80 76.67
4 || Sit Down 66.67 93.33 96.67 93.33
5 || GetUp 83.33 93.33 93.33 86.67
6 || Turn Around 80 96.67 96.67 100
7 || Walk 90 100 100 100
8 || Wave Hand 50 70 73.33 93.33
9 || Punch 70 86.67 83.33 93.33
10 || Kick 50 86.67 90 100
11 || Pick Up 60 90 86.67 96.67
Average 61.21 87.57 88.78 93.93

Table 5
Comparison of view invariant recognition of activities in the INRIA datass#hg our ap-
proach (system distance) with the approaches proposed in [21].
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Table 6
Confusion matrix showing view-invariant clustering using the proposearighgn on the
INRIA dataset.

activity as in [69]. The recognition results are summarizethble 5. The numbers
in the columns corresponding to PCA, LDA and Mahalanobis wétained using

the algorithm reported in [21]. Note that the feature use® fi21] itself provides

the required invariance to view.

Next, we performed a clustering experiment on3lksequenceslQ actors 3 se-
guences per actor). Segmentation was performed using theocédescribed in
[69]. The clustering results are shown in table 6. The stdiagonal structure of
the table indicates that meaningful clusters are found. \&& see that some ac-
tivities such as "Check Watch' and "Cross Arms' are confusedil&ly, “Scratch
Head' is most often confused with "Wave Hand' and "Cross ArrSsich a con-
fusion may be attributed to the similar and also sparse mqtatterns that are
generated by those activities.
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(a) Ground truth

Discovered Labeling Check Watch
Cross Arms
Scratch Head
Sit Down

Get Up

Turn Around
Walk

Wave Hand
Punch

Kick

Pick Up

(b) Ground truth

Discovered Labeling

(c) Ground truth

Discovered Labeling

Fig. 11. Color coded activity labeling for three sequences by actoriarloiFirst row in
each is the ground truth, second row is the discovered labeling. Imaged&sd in color.

We also show the actual summarization results obtained onofwthe actors —
"Florian' and "Alba’ in gures 11 and 12.

7.4 Figure Skating data [42]

We performed a clustering and retrieval experiment on th@regskating dataset
reported in [42]. This data is very challenging since it isomstrained and involves
rapid motion of both the skater and real-world motion of tamera including pan,
tilt and zoom. Some representative frames from the raw vadeshown in gure
13. It should be noted that the authors of [42] consider disdng action classes
from static images. Since, they do not use temporal infdonathe results of our
method based on dynamic models cannot be directly compaifd@}

Low-level processing:We built color models of the foreground and background
using normalized color histograms. The color histogranesused to segment the
background and foreground pixels. Median Itering follosvby connected com-
ponent analysis is performed to reject small isolated blélbem the segmented
results, we t a bounding box to the foreground pixels by rastiing the 2D mean
and second order moments alongndy directions. We perform temporal smooth-
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(a) Ground truth

Discovered Labeling Check Watch
Cross Arms
Scratch Head
Sit Down
Get Up

Turn Around
Walk

Wave Hand
Punch

Kick

Pick Up

(b) Ground truth

Discovered Labeling

(c) Ground truth

Discovered Labeling

Fig. 12. Color coded activity labeling for three sequences by actor "Afbrat row in each
is the ground truth, second row is the discovered labeling. Image bestdieveolor.

Fig. 13. Sample images from the skating video from [42].

ing of the bounding box parameters to remove jitter effetke nal feature is a
rescaled binary image of the pixels inside the bounding box.

Clustering Experiment: Most gure skating videos consist of a few established
elements or moves such as jumps, spins, lifts and turns. ialyperformance by
skater or pair of skaters includes several of these eleneats performed several
times. Due to the complex body postures involved it is a einglé even for humans
to identify clear boundaries between atomic actions. It diisult even for us to
semantically de ne temporal boundaries of an activitydkeine de ne a metric for
temporal segmentation. Thus, this makes it very dif cultbieak the video into
temporally consistent segments. Instead of performindi@xgegmentation, we
build models for xed length subsequences using slidingdeins. The results of a
temporal segmentation algorithm that can split such a cexnptleo into meaning-
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Fig. 14. Shown above are a few sequences from Clusterl. Each row
shows contiguous frames of a sequence. We see that this cluster domi-
nantly corresponds to ‘Sitting Spins'. Image best viewed in color. Please s
http://www.umiacs.umd.edufpturaga/VideoClustering.html for video results.

ful segments, can be easily plugged in. We 28&dame long overlapping windows
for building models of the video. Also, most of the “interegt activities such as
sitting spins, standing spins, leaps etc are usually fewfaroketween. Further, due
to the subsequence approach, there will necessarily beassegments that do not
contain any meaningful action. As a simple example, a sulms®ze that contains
the transition from a spin to a jump will not tinto either di¢se action-clusters. To
discover the “interesting' activities, we rst need to revedhese outlier segments.
First, we cluster all the available subsequences into a maeahber of clusters (say
10). Then, from each cluster we remove the outliers usingalsi criterion of av-
erage distance to the cluster. Then, we recluster the reamgasegments. We show
some sample sequences in the obtained clusters in guresl84We observe that
Clusters 1 - 4 correspond dominantly to "Sitting Spins', n8iag Spins’, ‘Camel
Spins' and "Spirals' respectively (in a spiral the skatadeg on one foot while
raising the free leg above hip level). Cluster 5 on the othadseems to capture
the rest of the “uninteresting' actions.
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Fig. 15. Shown above are a few sequences from Cluster2. Each hmwss
contiguous frames of a sequence. Notice that this cluster dominantly cor-
responds to ‘Standing Spins'. Image best viewed in color. Please see
http://www.umiacs.umd.edu/pturaga/VideoClustering.html for video results.

Retrieval Experiment: We performed a retrieval experiment in which a query seg-
ment was selected by the user and provided as input to thénmgtalgorithm. The
top 5 matches for two different queries corresponding to Stapdpin and Sprial
are shown in gures 19 - 20.

8 Conclusions

In this paper, we have proposed a framework to explain p&éorepf activities. We
then proposed a CLDS model for representing activities aesgmted an algorithm
for unsupervised learning of the cascade model from longo/isequences. We
demonstrated the effectiveness of the approach using beotlelfl surveillance
and near- eld videos. We also presented a technique forrparating af ne and
view-invariance into the clustering algorithm. The reswte promising and show
that our technique can be used for unsupervised activiggximg as an initial Iter
for further processing.

Acknowledgments:We wish to thank Dr. Naresh Cuntoor and Mr. Aswin C. Sankara-
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Fig. 16. Shown above are a few sequences from Cluster3. Each row
shows contiguous frames of a sequence. Notice that this cluster domi-
nantly corresponds to “Spirals'. Image best viewed in color. Please see
http://www.umiacs.umd.edufpturaga/VideoClustering.html for video results.

narayanan for helpful insights. Our utmost thanks are diMrtdaniel Weinland
for his kind help in providing us with the dataset from [21]da@iso the code for
their recognition and temporal segmentation algorithnhsinks are also due to Mr.
Yang Wang for his help in providing us the skating datasenf{42].
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