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Abstract of Dissertation
TIME ORDER RECONSTRCTION OF
VIDEO CONTENT

The global current community enjoys the free availability data rich
environment, but sometime suffers from an explosive growth of gsdks known as
the curse of dimensionality in a digital age. Thus, the sciewtifismunity has developed
different pre-processing and post-processing to deal with tise ofi dimensionality. For
example, a smart organization sampling principle called compeessinsing (Gilbert
Walter, IEEE/IT 1992, and John Donoho, loc cit 2006). Specifically, when on@’tloes
need the frequency of those sinusoidal components, one shall not senisg ithas
Fourier Transform, but with a physical group wave packet calletMdneelet Transform.
For post-processing, conventional data compressions or removing redurialsheta
such as JPEG, MPEG, Face Detection etc. and dimensionalityioedalgorithms, i.e.
PCA, ISOMAP, Laplacian Eigenmap, etc. can either reduce thegstoeguirements of

data or keep the original degrees of freedom but in a lower dimensional manifold.

To deal with the curse of dimensionality in persistent suarei#, different
strategies mentioned above can be applied but in the end resulterdighddss of
association among different sensory tracks, i.e. video and audio, may aocur
observers cannot answer “who speaks what, when and where.” In thestation, a
spatiotemporal ordering reconstruction is given by a higher aadgmmetric graph
theory to associate different sensory modalities, such as viddoaadio. The

mathematical approaches and theorems developed in this dissectn be generalized



for different applications such as (i) smart grid infrastrugtyi) biomedical wellness

web, and (iii) hyper-spectral data for precision farming, etc.
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Chapter 1. Introduction

In this thesis, our focus on persistence surveillance (PS)ifLf@j early warning
to find out the “déja vu” suspect over different sensory modalitiel as remote video
and local audio. In practice, most illicit activities or intrudare not in an archived
database, observers do not recognize or classify passengers m tpargits only by
archived database. Therefore, the goal of PS is to catdh dtitivities without the
advantage of archival database, a person who is seemingly doing inagipraptivities
in a forbidden place at wrong times and found there more than lbeceming a “déja

vu” suspect.

In digital age, persistence surveillance suffers an explosoretigrof meaningless
data known as the curse of dimensionality. Thus, the sciertificnzinity has developed
various data-acquisition and data-compression techniques to deal witturde of
dimensionality. Homeland persistent surveillance relies on singrleoss hidden in a
covert communication mesh fashion for fear of obviation within a ddnregion over a
period of time. Since the surveillance system is usually bandwatth limited, most
collected data are discarded at the compression stage totafaciBtorage and
transmission. When most data are discarded before transmissihosage, why don't

we ignore those data in the sampling stage?

1.1 Compressive Sensing for the Curse of Dimensionalities

What is the compressive sensing? Compression is so popular inrecdatagital
society to overcome the curse of dimensionality; most colle@tdahn be thrown away

with little loss in regards to sounds, images, etc. Moreovet, pessible to directly



acquire the important data and ignored the rest data that isgmoing to be discarded

over the compression? The answer is "yes" by Donoho [4] and Canddhé5hbove

statement in mathematics isSensiny a signal f(t) R is acquired by a linear

measurement of sensing waveforms R" ,

Y f, « kK L..mory f(t) (1-1)

where [ ;s o } If the sensing waveforms are Dirac delta, then y is aowedyt

sampled value dit) in the time or space domain. If the sensing waveforms areaiodi
functions of pixels, then y is a typical image captured by aalliggmera. If the sensing

waveforms are sinusoids, then y is a vector of Fourier coefficients.

For representations, a sign{t) R" can be expanded in an orthonormal basis

such as wavelet basis [ ,,..., , ag follows:

n

f@) " x (t) x (1-2)

i

where X is the coefficient sequence okf, f, .1 1..,nand is ann x nmatrix.

Now, one can throw away small coefficients in e@gh and only keep the K largest

value of (x in EQ.(1-2). Such is written asxs and thef(t) is approximated adg(t)=

Xs In the consequence, compressive sensifi@ah Eqg.(1-1) is equivalent to

y f(t) Xs (1-3).

and shown in Fig.1-1.



f (1)

]
(@

Y Xs

[ Nx 1
! ) E ﬁ . o

K
H nonzero
mx [ mxN NxN entries

(b)

Figure 1-1 [6]: Compressive Sensing. (a) When datasparse or compressible, a
condensed representation of data is acquirablelittihto no information loss, which is

equivalent to Eq.(1-1). (b) A m-dimensions sigisahcquired by random measurements
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used for signals (N-dimensions) represented in bagis, Eq.(1-3). The process is

invertible.

Besides, Donoho [4] demonstrated specificallgt th real-world continuous

signal f (t) can be acquired better with random noise like nessents, [ ,,..., ,, |

than with measurements matching image structuad.dt is shown in Fig. 1-2.




Figure 1-2 From [6]: Sampling basis of compressigensing. (a) In which
[ s mlShould it be used to minimize the number of sanples. big pixels, line

integrals, sinusoids (MRI)? (b) Should the mease@r@sibe matched the image structure?

The answer was measurements should look like randose.

1.2 Compression by Super-Mother Wavelets for thes€of Dimensionalities

Readers can be referred to [4], [5] for the mathamaktheories of sparse
recovery of compressive sensing, which we do naeve here. Our goal is to show that
the curse of dimensionality can be solved in thesisg stage instead of the later data
compression stage. In compression stage, whatevat@rested is the concept behind the
Eq.(1-2); many natural signals representationsepraf wavelets rather than Fourier
transform. This concept is adopted in many comprasalgorithms such as JPEG2000

[7]. A continuous Fourier transform (FT) of a sigrfgx) is

F (k) f(x)e '* *dt Forward FT (1-4a)

f(X) F(k)e? *dk Inverse FT  (1-4b)

and the discrete Fourier transform of a discregaaix[m] is

.2 km

X[K] :le[m]e ™Mk 0..M 1 Forward DFT (1-5a)

.2 km

x{m] ﬁ "IX[KEM, m 0..M 1 Inverse DFT  (1-5b)



The coefficients of Eq(1-5a,b) to represetjk] or x[m] are full of non-zero
elements, namely they are not sparse. Howevéreikignal information content can be
adequately captured by a mother wavelet efficientiglled the tightness frame in the
ad-joint space by John Benedetto [8], the signal ba represented by few large
expansion coefficients and some small expansionfficeats of wavelets basis

mentioned in Eq.(1-2).

. ) 2
Lemma 1-1 Daubecheis admissible mother wavelet theoreﬁs[9hk%

where an oscillating wavelet having a zero areadsvilne denominator singularity by

vanishing d.c. (0) 0 having a zero area
0 (0  (Mexp(jkx) , dx

Lemma 1-2[10]: A super-mother wavelet that has a finite tw@mof linear combination

of admissible mothers (E), (E), etc. remains to be admissilMe(E).
For example,

M(K) a (k) b (k: mXx) a (X) b (X (1-6a,b)

The triangle inequality AR |BP [(A B)P extends the admissibility to an arbitrarily

superposition of square-integrate-able L2 norm.

k| k| K|

ap gkl OF pp gkl OF  ggla 0 b WF  gIMEF
k



The advantage of adopting super mother wavelets for signal repsentation: Given

an arbitrary finite energy signal wavefornf(t) represented by a wavelet

basis , [ ,;,.... 1, ]- Linear combinations of mother wavelets bases,,...,

n

should be a tighter wavelet frame called super-erotubspace than original wavelet

basis ;

n

f) Tx 1) X (1-7)

n

fy . ';1>qj i [ 1 e WX X (1-8)

where the admissible mother wavelets basis [ ;,,-.., v 5] [ 00 onls ooor

0 [ s nls hence [, ..., , ] The coefficientx is a nx1 sparse column

vector andX is a (nxn)x1l sparse column vector. For an examgheimage can be

represented by more than one wavelet bases fonteszero coefficients shown in Fig.
1-3. Moreover, for video representation, it's vieryitive to take multiple wavelets bases
rather than single basis since the video frame<la@aging over time. For an example,

video frames at timg to t, are represented as

f® [y e WX

o]

) [y s olX

n



\/\ Coiflet Wavelet
/
Daubechies
Wavelet

Haar Wavelet

Rl ¥ / Symmlet Wavelet

Figure 1-3: An image can be represented by multiplvelets. An image can be
segmented to many regions and each region is exgezs by a wavelet basis which is
similar to the corresponding region. The total zene coefficients should be less than
coefficients of the same image but representedsiggle wavelet basis.

y axis _
Video frames

time
X axis

Figure 1-4: A video can be represented by multiydeelets. In video, objects are

changing over time. Intuitively, multiple waveldiases can match images changing over

time better than single wavelet basis.



Although, we can get fewer coefficients to représemages and videos by the
concept of super-mother wavelets introduced abbge, to compute those coefficients
efficiently is a problem. For speeding up the cotapan, we adopt the strategy of the
second generation wavelet prediction by low paskamrection by high pass sub-band
coding proposed by Swelden [11]. Low pass is dribgnthe signal energy or area
preserving, and the iterative correction from thedption value is a high pass filter.
Subsequently, the second generation wavelet [14]&en extended to the variance-
preserving wavelets by Szu & Miao in 2007 [12].r&auk and the leading 13 renowned
professors from 6 universities [13] have furtheogwsed an array of fixed and mobile
sensors to accomplish a compressive and oppoltus&tsing, in the sense of moving to
a better viewing position of the adversary. Thegvaed that a city surveillance tracking a
suspicious truck requires a minimum of 4 angle gidw compose the driving scene in
terms of a sparse interpolation of the view oveetiHowever, a déja vu suspect is much
more complex due to a deformable human body cordpara rigid truck body that can

be changed by rotations and translations.

1.3 Formulation of Compressive “Déja vu” Features

So far, we have reviewed the compression by waw@ted form of sparsity; only

keep large non-zero wavelet coefficier¢anstead of complete coefficients in Eq.(1-

2). We have also mentioned that a current ongoinjicisciplinary university research
initiative (MURYI) lead by Dr. Baraniuk [13] is tnyg to compose driving scenes in terms
of a sparse interpolation by limited angle viewsdplace a surveillance video of tracking

a suspicious truck. With the same concept in menduman subject,(x i$ found at the

/



specific background at the time t. The human imagepresented by 3 orthogonal bases

s Lol 5 [ o spl@nd 5 [ g, 3, 0N a library matrix -, and

a long column interpolation (coefficient) vectBr. The first basis , represents, (i) the
head, faces and eyes, the second bagisepresents (ii) the upper body, arms and hands
and the last basis ;represents (iii) the lower body, legs and feetsTdecomposition is

automatic. All the faces are cut-off in boxes webkage background around the face, in
0.04 sec per frame, by a commercial Face Detedfiid) system on chip (SOC)
firmware, in every tourist cameras based on théaffaznlor and hue. Then, we can
augment FD with another firmware subtracting thadhdace and hair from the human
body boxes to obtain the upper body, arms and hamdslower body, legs and feet. Our

sub-optimum approach to the library matrix. is a synergism of four seemingly

different concepts given below, (1) a compressiantivre Huffman entropy coding, (2) a
binary indexing pointing automatically to the exted and stored library images, (3) a
matrix associative memory for Hashing matrix, addl utomatic construction of a
library base set utilizing ICA-like [14], [15], [16r constructing PCA-like eigen-faces

[17], [18]
ft)y 'Se 'S (1-9a)

where . is - [, , 3]a\nd§tonly keep largest value 06, so thatS:is a
sparse column vector.



(i)
-0 (1-9b)
(iii )
0
(1)
(i)
S (1-9¢)
(iii )

Since S represents the human image at time t and is called library matrix and a
sequence oﬁi wheret; = to,...,}, represents the human in video frggm..,t.. In general,

targets in video can be represented by the cornelspg interpolation vecto_éti and a

library matrix . .



The sparse column vecto& wheret; = to,...,}, can be acquired in a condensed

representatiorE/ti which is reversible tcE[i . The reverse process is the same as the

reverse process in compressive sensing [4], [$]ishaot mentioned in this thesis.
v, f@ [ IS (1-10)

where [ ;- o, JS @random Gaussian basis.

For example,

1 1 00001
0 01 00O00O0
0 001000,
0 000100
1 0 00011
1 1
0 0
Xe 0, . 1,&% o0,
0 0
1 1
When . Cl) g g g 2,then
1
— 1 00O00O0 0
Xis 0
0 0 01
0
1
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Figure 1-5: An example of compressive sensing @@j& vu” suspectsf,(t ip

the image of a suspect at time[%tlﬁz...] is the video interpolation sequence of the
suspect and -] is a library of image segments of suspects.ritlmacompressed with
different techniques such as face extraction bg thtection techniques, with PCA, ICA,
etc. The magnitude of a single video per day iuah6'® byte and the size of .] is

reduced to 10byte. The goal of the compressive “déja vu” feasuis to recall and

detect if the subject is a “déja vu” suspect or not

Our compression is designed to achieve (i) lessag&orequirement (ii) robust
retrieval of salient features. Such a goal-oriertedstrained optimization has a simple

sub-optimum solution as follows.

) The minimum data to be kept is a set of sparsecasdin time frame
sequence, referring to the automatically builtdityr matrix . of
foreground image parts.

(i) The robust constraint is automatically implemenieda brain-style
strategy for a distributive associative memory—teriby outer
products”. Then, “read by the inner product” isvietn two such
column vectors which tends to be orthogonal to edbhr because of a
highly possible element multiplication is of thg@eyeither 0 x 0 = 0 or
1 x 0=0. Thus, such an index scheme is indicatdtlg. 1-5, where

one image segment is mapped to one sparse colurtorve



For implementations of compressive “déja vu” feasy (1) We generalize the

Huffman-like coding, in order to save the averageeclength of the video.

(2) Hash-like coding is a scheme of representinggeen items by pseudo-
orthogonal indices. Users can access the image ibgnthe index to select pointers in the

hash table which is our associative matrix mematych point to the data items.

(3) For the goal of robustness of image item retiethe compressive sensing of

the video segments can be retrieved in the marfreegsociative memory.

(4) Principal Component Analysis (PCA): the covac@ matrix eigen-faces can
automatically construct the facial library imagadahen the expansion coefficient is the

sparse coding by the ideas mentioned in (1) to (3).

The set of indices in the segment (i) will be refey to the set of expansions
coefficients with respect to the set of covariapgen-faces which will be further hashed
to a sparse binary coding via Huffman code lenddai Whereas, the body, arms and
legs have lesser degrees of freedom comparingthaéttiaces, we suggest a higher order

statistic, e.g. kurtosis, than the covariance-daygs for representing (ii) and (iii).

1.4 Association of Different Sensory Modalitiesiyne Ordering

To deal with the curse of dimensionality in the gient surveillance without
archival database, different strategies mentiormx/@ must compared at the “déja vu”
sense to alert law enforcement for a potentialgr, but toward that goal, an important

shortfall seems to blss of association among different sensor tracks,video and



audio, may occur.The officer cannot answer “who speaks what, wheoh &here.” In

this dissertation, a video organization princi@agiven and demonstrated in a controlled
persistent surveillance environment, which can d&egalized for other applications such
as smart grid infrastructure, biomedical wellnessbwand hyperspectral data for

precision farming, etc.

A grand challenge is to re-construct the crossesecsoperative engagement
capability (CEC) due to different sampling rates thfferent sensors. This is called
Empire Challenge in 2010 by Office of Naval Reskaré-or example, a remote video
camera has a different clock than a local hiddesustic recorder, one is not going to
carry a studio-style perfect synchronization btiheéato decide among few suspects [19].
Besides, the time order in the formulation of coesgive “déja vu” features also lost
since it is robust retrieval of salient featuresrbbver, the sensors suite consists usually
of independent modalities of Electro Optical Iné&dr(EO/IR), Seismic/Acoustic, &
Radio Frequency (RF) which must be selected fromdost Components of the Shelves
(COTS) without yet a cooperative engagement capalilCEC). Once the Region of
Interest (ROI) and ad hoc compression algorithmehasen carried out by each COTS,
the original spatiotemporal organization amongCAlITS will be lost. Then, the cause-

effect association across each sensor track becawieslenge among all stored data.

The timing is everything, imagine if, one nightethctors in a play were to miss
every single cue, delivering each line perfectiyt élways too early or too late, the play
would be a disaster. Likewise, in surveillances sipatiotemporal relationship, the time

order, is the paramount to the success in P.S.



We design an automatic CEC among different novd#tections based on a
higher order cause-effect correlations and seargorithms, to reconstruct the
spatiotemporal order to infer the cause and effddtis is our approach to enhance the
context image understanding. Specifically, we mnattically detect the abnormal social
behaviors of moving humans or objects in the favagd such as wrong persons

appearing at wrong places repeatedly at wrong times

A shown in physics, a dilute gas system, a pagrattion potential is sufficient to
describe the dynamics of particles in the systeswdver, when the density goes up, the
pair interaction is no longer sufficient to deserilhe genuine triple collision of particles
and higher order interaction is needed. In vidawellance, the sampling rate should be
fast enough so that the geodesic distance amormgpberhood facial boxes should be
smaller than the geodesic distance among all otheial boxes for time ordering

reconstruction.

We consider the differences of “time” as “tic-tagdrsus the “time order” as “tic-
tac tic-tac”. This concept difference leads ndty@higher order graph theory involving
triplet vertices|, j andk. The triple relatiorw; ;, is possible to be determined by a pair

correlationW ; andW, , in an iterative system [19]. The pair correlat@amd the triple

relation are in the following:

L

R(Il’lz) E[Ililz]; O(Il’lz) x 1 '\yA1|l(X,y)|2(X,y) (1'11)

wherel, |, and k are images. Th®(l,,I, i the pair-correlation of image

and I,. It represents the overlapping area betwéerand I,. Given a minimum



background leakage from the FD algorithm, we caalyae our time order work to
achieve the nonlinear dimensionality reduction (NO&Y means of a simple search

algorithm using an iterative check methodology Hase pair correlationsV, ; and/V,, ,

we called Zipper Chain algorithm [19]This algorithm is used to reconstruct the time
order to determine “who speaks what and where” antbifierent sub-optima degrees of

compressive sensing.

The motivation of our work and the general grapboty are introduced and
reviewed in Chapter 2. Fundamental concept of dgiogality reduction is also
introduced Chapter 2. In Chapter 3, the human nisigstem for image processing is
reviewed. Based on the human vision system, a soabaiant centroid registration
algorithm is given in this thesis, which is a preqgessing used for the implementation of
time ordering since datasets from each sensor reajifferent in sizes, resolutions and
poses. In Chapter 4, we present our basic apprt@achiccomplish the cross track
association of different sensory modalities. Im approach, time ordering is used for
cross track of remote video and local audio. Theetiorder is formulated by a higher
order asymmetric graph theory involving triple nedestead of the traditional symmetric
and pair-wise graph theoryOur theoretical results are in Chapter 5 and timulsitions

are in Chapter 6. The conclusions and future exdaasre in Chapter 7.



Chapter 2: Motivation and Literature Review

2.1 Motivation

With more and more video datasets collected inesliance system, a challenge
raised; how can security personnel cross track remideo and local audio correlations,
shown in Fig.2-1, to efficiently answer "who speakbkat, when and where" from
collected remote video datasets known as OfficeNatal Research (ONR) Martin
Krugel Empire 2010 challenge . This challenge bexamorse in surveillance system

with multiple video cameras and audio recorders.

Remote surveillance
camera monitoring a ball
field area 24/7

Non-directional
local audio
recorders

Figure 2-1: Persistence Surveillance. In most ptast surveillance systems,
multiple remote cameras are used for monitoringabiall field sized area with local
non-directional audio recorders twenty-four houdag and seven days a week. In such a
setup, hundreds of people are under surveillance tahe. The challenge for security
personnel is to track people of interest within thewds in accumulated video database
over time. This challenging problem can be solvdith the strategy we suggested in the

beginning of this thesis; to remove the redundamicie keeping the faces of passengers.

/



The trade-off is that the collections of randomefafrom several cameras are stored in

the CPU for further processing in random order.

In most persistent surveillance systems, multiglemate cameras are used for
monitoring a ball field sized area with local noinedtional audio recorders twenty-four
hours a day and seven days a week. In such setogrdds people are under surveillance
over time in different cameras. It's challengedbtesecurity personnel to track people of
interest within the crowds in accumulated videcatdase over time. Since human facial
data is the most interested target in surveillara background scenes are the same, one
can keep the facial date in video and get rid efrddundant background information for
indexing or even replacing the huge, full of redamidinformation, accumulated video
database. If each person’s facial data in accueniteo database would be segmented
alone in time order, security personnel could &ffitdy track the person they want. The
techniques that segment facial data in video diecc&ace Detection (FD) techniques, a
common feature in the most modern commercial casnefae strategy given here

reduces video redundancy by 6 orders of magnitude.

By FD system on chips, Modern cameras can segmentin faces into boxes
(via color hue) in 0.04 sec per frame, automatycatiducing video redundancy by 6
orders of magnitude. Unfortunately, this createsely random boxes in a camera’s
central storage with different sizes. Thus, fatiakes segmented by FD cannot solve
Empire 2010 challenge—‘who speaks what, when aneér&/hunless the lost time

ordering of facial boxes is re-established.
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2.2 General Graph Theory

In 1736, Leonhard Euler formulated the first Grapheory to topologically
represent the travelling salesman/tourist problema dunctionG of the vertex and the

%
]

edgess(v,, e

v;,¢;,; ) in order to cover 4 places in Konigsberg CityFig. 2.2., connected by
7 bridges. The problem was to cross all seven bsdg the condition of passing each
bridge only once. Euler observed that one ent&ienaterminal vertex equals the number
of time one leaves. In consequences, the numbdridfes connected on each non-
terminal vertex should be even. However, all ther feertices are connected by odd
number bridges. Euler solved the problem by showtingas impossible and formulated

the first graph theory. One of a modern complicatis that some bridges become

directional one-way for caid; ; # W} ; shown in Fig. 2.3.

(@) (b)

Figure 2-2: Konigsberg Citynd its corresponding grapla) Konigsberg City, 4 places

connected by 7 bridges. (b) The graph of Konigglasty.
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Imagery Date: Apr 29, 2007,,54°42'18.22" N lew 3 Eye alt 3284 1t

Figure 2-3: Konigsberg City in 2010 from Google m&pom the map, we can see that

some bridges became directional one way for cars.

Graph theory has been applied in many fields gications such as circuit
theory, the famous Kirchhoff current and voltage/dasquaring rectangles and layout
problems in VLSI design, state equation of netwpéits. Despite graph theory has been
adopted in so many engineering applications, it veasly applied in image processing
field until Shi in UC Berkeley proposed a new segtagon algorithm by spectral graph
theory as his Ph.D. thesis in 1998 [20]. Since thien 2000, several nonlinear
dimensionality reduction algorithms were publishied Science magazine based on
spectral graph theory as well, which can be usedifilarity sorting of facial poses with

the same resolutions.
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In general, graph is a mathematic structure usenhddel pairwise' relations
between objects from a certain collection. The gdapectral graph theory is to deduce
the principal properties and structure of a grapmfits spectrum (or from a short list
easily computable invariant) [21]. The eigenvaloés#ts adjacency matrix or Laplacian
matrix are closely related to almost all major in&ats of the graph, linking one extremal
property to another. [21]. In other words, spdcgeph theory is to find out the
properties of a graph in relationship to the chaastic polynomial, eigenvalue and

eigenvectors of its adjacency matrix or Laplaciaatrir.

A brief review of directional graph theory in thikapter is given by Szu [22],
Luxburg [23] and Chung [21]. In general, non-direcél graph theory is a special case

of general (directional) graph theory whétg, W, ;. As opposite to non-directional

spectral graph theory that can sort faces in aps#id fashion of time but similarity of
poses, right to left and top to down, a tripletieess directional graph theory for time

order reconstruction is proposed in Ch.5.
2.2.1 Directional spectral graph theory

We will derive directional spectral graph theorgm Kirchhoff Laws with the
terminologies in Szu [22] to non-directional spattgraph theory with the terminologies
used in Luxburg [23] and Chung [21]. In the defomt of spectral graph theory, a
weighted undirected grapgh = (V, E, W) is defined as a non-empty set of: vertice$,{
and edges, E}, that are linked together by some weighté/}{ The weight,W, is
defined as cost or distance between vertices. Aacant matrix, A, of a non-directional

graph G of order n is an nxn matrix in whighisithe weight between vertex i and j, also
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written as @ =Wj. In general, for simplicity, jais 1 when node i and j are connected in a

non-directional graph. Otherwise, it is 0.

Kirchhoff made the first comprehensive investigatiof the electrical circuit
problems and proposed the well known Kirchhoff'stage law and Kirchhoff 's current
law. In his analysis of electrical circuit, +1 fane direction connection, -1 for the
opposite, and zero means no connection based dbhimes law at an arbitrary potential
and current at a vertex. The abstract graph etrétal circuit in his analysis is a directed
graph. For a directed gragb=(V, E), with edges connecting nearby vertices to each
other, it is necessary to assign the bipolar edgpsnwith asymmetric measure over the

edge W, O, J;W, 0 [22]. The minimum Kirchhoff free energy is defined as

mapping the weighted graph G with n vertices tma $o0 that connected vertices stay as

close together as possible in a directed graph:

mink min 70w [T, fl 0 (2-1)

il j1 nl

whereP {(f,,...,f )varies over all paths along the edges of the gcaphectingf . to

—

f,,1 ). f, represents ith vertex, i =1, .., n.} The miniménee energxk at the ground

state which may or may not be zero. If it is ze¢h@, unit identity eigenvector of [[ is

called the equal membership indicator function

. . n n - - 2 . - .
mink min " T W T T 267K IE T 1§ (22)

where [K;] is directional graph Laplacian matrix that wi# mentioned later.

Otherwise, the eigenvectors indicate the degrgmauicipation of each member.
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mink O, thenf, f.i j (2-3)

J

Next, we expand Eq(2-1)

n n

. . n 2 \2 n n s T \2
mplnk mpln il(fi) j1VVi,J' i1 jl\/\/ivififj jl(fj) i1VVi,i(2'4)

One defines the popularity; B0 be the row-sum of all outbound j-th columnsbi
always directed from the first i to all the secandex and column-sum for inbound risk

factor R[23]:

N
F)i llvvl,] (2-5)
N
R W, (2-6)
. n 2 \2 n n s n 2 \2
mink T (f)*R 2 [ W ff ()R (2-7)

Lemma 1[22]: Exchange decomposition is always possibteafbve fact.

1 1
W W W) M WS WS WS (28)

1)
By the useful linear and quadratic relationshipuaein them, we can get

) O WO (O W ()
WS W W W W W W WG (2-9)
Applying the decomposition to Kirchhoff energywe can get
k k Kk (2-10)

where

#(



. n 7 N\2 n n T 7 T \2 N
k- min 7 () 2 70T w R T T w1

koomin TP T w2 wTT () T w, (212

Lemma 2[22]: Even part contributes to the even part aditional graph Laplacian

operator:
[Ki,j] [P| j \Nu] (2-13)
n 2 n n rars nog N2
where K il(f') ]lvvu 2 i1 jlvviyjflfj ll(fi) i1

K 2 K and[K T Ry W]

il [ 1]

Lemma 3[22]: Odd part contributes to the odd Kirchhoff energyyahe odd-weight

matrix:

K 2 f.f K, (2-14)

n n
i1 g1

N N2 n n rars n /2 N
K il(f') leVi,j 2 i1 |1vv.,jflf1 jl(fi) i1
n T \2 n n - 2 n n - 2
il(fi) leVi,j jl(fj) il\/\/jvi jl(fj) Pi

where the third risk term by definitiony,’ ~ W{,> has cancelled the first popularity

term.
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Theorem[22]: For a social network, whether the measuneecgprocated symmetrically

or not, so long as real\/iyj(g(fi) f(\7j)|t) 0, TraceW; 0O the Kirchhoff free

energy is the weightedMS of social feature vectord in terms of the averaged
centrality < d; >=between the popularity row-sum over the columns #rel risk by

column-sum over the rows

1 N 1 «
. n T e
mnk 2 "0 " d, WIF, 27K I (2-16)

Remark 1: The directional graph Laplacian maligf a directed graph G is defined as

Kandits entriegK;;] [ d ; W] (2-17)
where
1 «
d; E jl[vvivj \NJI] (2-18)

In undirected graph, the unnormalized graph LaplaanatrixL is define as
L=D-W and its entriegL;] d, ; [W] (2-19)
where

(2-20)
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Example 1, given two weighted mathy, 1 0 1 andW,
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P1 = Wit Wiot Wiz Po = Wo1+WortWog, P3 = Wa1+Wi3o+Was
R1 = W11t W31+ W3y Ro = Wiot Wt Wi R = Wizt WoztWas

W, Wo,) (W, W)
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2 2
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2 2
Wl(,Z ) Wl(,Z : 22 22 4 W1,2W2,1
R R
W W, W,
P
KIow R w,w
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W, e
(WlZ W1,3) 2 (\Nz,l W3,1) le Wl’3
Wy W) (W, W)
[Kl] W2’1 21 2,3 2 12 32 W2’3
W,
ngl W3 ) (\N3 1 32 ) (\N1,3
2
1 1 0
(K] 1 2 1 , the eigenvalues and corresponding eigenvecters ar
0 1 1
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=0, [eigenvectors of; ] are [1 1 1]
,=1, [eigenvectors of,] are [-1 0 1]

s=3, [eigenvectors ofs] are [1 -2 1]

The results are exactly the same as non-directiggraph of adjacent matrix

010
W 1 0 1 andthelK,] L.
010
05 1 O
ForW,, [K,] 0 15 1 ,the eigenvalues and corresponding eigenvecters ar
0 1 1

1=0.5, [eigenvectors of;] are [1 0 0]
,=2.2808, [eigenvectors of] are [-0.4047 0.7208 -0.5628]

5=0.2192, [eigenvectors of] are [0.9098 0.2554 0.3272]

W1,2=1 W2,3=1 W12=1 W23=1

W2,1=1 W3,2=1

(@)
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(b)

Figure 2-4: Example 1 of the general graph the@)yThe directional graph is equivalent
to the non-directional graph. The results of K arate the same. (b) A directional graph
that node 2 is disconnected with node 1. In theavgXe, the zero eigenvalue doesn't exist

because node 2 and 3 are not connected in theidiréom node 2 & 3 to node 1.

The spectrum graph theory reviewed above is usefapplications of clustering,
dimensionality reduction, etc. such as similarityrting of objects in video or text
recognition, etc. In general, the first step itmstruct an adjacency graph so that one

can get adjacency matrix and Laplacian matrix.

There are several popular constructions to trangfen datasetsix..,x, with
pair-wise similarities jsor weights (distances)wnto a graph. The goal of adjacency
graph is to represent the local neighborhood kaiatiips between the datasets. The most
popular methods to determine the local neighborhmiodn adjacency graph are tee

neighborhoods ankinearest neighbors.

For thee-neighborhoods, as long as the weight (distangepetween vertices

xiand x; is smaller thare, then the vertices; and x; are considered to be connected.

The advantage of adjacency graph determinede-bgighborhoods is that the local
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neighborhood relationship is well preserved as lasgthee is well determined. The

disadvantage is that tiegs hard to determine properly.

For the k-nearest neighbors, verticeand x are considered to be connectedf

iIs among n nearest neighbors ;qf or )?,— IS among n nearest neighbors %f. The

advantage of adjacency graph determined by k-neamaghbors is that it's easy to
choose the k and easy to construct the adjaceaphgelatively fast than other methods.
The disadvantage is that the local neighborhoodtioglship is less geometrically
intuitive. In other word, the geometry of the locaighborhood is less accurate than

determined by -neighborhoods.

Example 2, given 7 different facial boxes in diffet poses shown in Fig.2-5 (a). In
Fig.2-5(b), the 7 facial boxes is in a random ordée wish to sort those facial boxes in

the order of pose similarity.

Step 1. Construct the adjacency graph. In this @@nwe use the k-nearest, k=2, to

construct the adjacency graph and the adjacenayxnst

0110000 2 1 1 0 0 0 O
1000010 12 0 0 O 1 O
1000100 10 2 0 1 0 O
w o0100O01O0,LDW O 10 2 0 10
0010001 O 0 1.0 2 0 1
0101000 0O 1 O 1 0 2 O
0010100 0O 0 1 0 1 0 2



Step 2: The first and second nonzero eigenvaludghancorresponding eigenvectors of

both eigenvalue are listed below:
1= 0, [eigenvectors of] =[111111 1]
,= 0.3820, [eigenvectors of] = [1.2121 -1.2121 1.2121 0 -1.2121 0.7491 -01749

Step 3: Sort the seven facial boxes by the ordeziggnvectors of ; and the result is

shown in Fig. 2-5.

(@) (b) ©)

Figure 2-5: Example of similarity sorting of 7 fatiposes. (a) Seven facial boxes with
different poses in time order. (b) Seven facial doxvith different poses in a random

order. (c) The similarity sorting result by eigeotas of the first nonzero eigenvalue.

2.3 Dimensionality reduction

The history of dimensionality reduction (DR) tetues can trace back to 1901,
when Pearson introduced Principal Component Amal{BCA) [24]. PCA is a method
that reduces a number of correlated variables temaller number of uncorrelated
variables called principal component. It involvelse t calculations of eigenvalue
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decomposition of a data covariance matrix. In tbgult, PCA is an orthogonal linear
transform that transform the datasets to a newdioate composed by orthogonal
vectors that best describes the variance of thasdtg. The constraints of PCA are: the
distribution of input data is Gaussian and the riadohiof datasets in lower dimensions is

linear.

Another early breakthrough of dimensionality reowut methods is
Multidimensional Scaling (MDS) [25] introduced byfherson in 1965. It is a nonlinear
dimensionality reduction method used for explorsigilarities or dissimilarities in
datasets. MDS finds an embedding that preservesnteepoint distances. When the

distances are Euclidean distances, MDS is equivedePCA.

From PCA and MDS, we can conclude two major dffer approaches of
dimensionality reduction. The first approach idital the degree of freedoms of datasets
that can represent the datasets in the lower dim@hsin general, those degree of
freedoms are also called principal components micipal eigenvectors in different DR
methods. Another approach of DR is to find an erdbeglthat preserve the structure of
datasets in the lower dimensions. The structureegpvéng are classified as either local
structure preserving or global structure preservisigderstanding these two approaches,
PCA and MDS, are important for learning differenR Dnethods because most DR

methods have the same approaches but with differgation.

A generic problem of dimensionality reduction (DR)s follows. Given a set of
X1, ...,Xn, Of N point inR', find a set of1, ...,yn in R™ (m<<I) such thay; "represents;.

If the technique result in each of the <<l components of the new variable is a linear
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combination of the original variables, the techmeigof DR is linear; otherwise, it's
nonlinear DR. The dimensionality reduction is tadfia lower dimensional representation
that captures the content in the original data @tcg to some criterion. In other word,
not all the measured variables are important fateustanding the datasets. For example,
facial poses can be thought as lying on an intaili three dimensional manifold that
can be parameterized by two pose angles and Iligbhsity (angles;, > and light
intensity). Sorting specific facial poses in videnagery is classified as a spectral
clustering problem or a dimensionality reductionlgem. In certain sense, clustering and

dimensionality reduction by spectral graph theagytavo sides of the same coin.

In 2000, Isomap [26] and Local Linear EmbeddingE) [28] were published in
Science to discover the nonlinear manifold undedgycomplex datasets that PCA and
MDS couldn't. Since that, more DR methods, i.eplaaian eigenmap [28], Diffusion

map [29] based on graph theory formulations weltdipioied in different journals.
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Chapter 3: Human Sensory System for Spatiotemporal Organization Principles

A main purpose of electrical and computer engingediscipline is to serve the
humans better by means of user-friendly interfacHse interfaces are mediated with the
electric power line for the illumination, the efat computer design, system operation
and control, signal & image processing, displaywged and wireless communication
and the Internet infrastructure, etc. All thesb-discipline areas could be involved with
5 human sensory systems. One of the important gafpbms about the interfaces is to
understand the constraints of the interface. Fanmpte, the replenishment rate of photo-
receptors in human visional system (HVS) is abdWi¥ ksecond, which is an important
constraint useful for the movie design at 15Hz. Téfeesh frame rate in early RCA TV
is 29.7 Hz interlaced frames which have merged imterlaced images into frames
Moreover, to avoid the flickering; the frame rafevmleo per second is raised from 29.7
to 59.94 Hz. Now it becomes a standard even fagh fesolution parallel display such
as Plasma Display, Liquid Crystal, and modern thighh nanotechnology display similar
to rods about the size of 10nm, e.g. one CarbonoNarbe per pixel [53]. Several
selected topics of human vision systems such ds swariant tracking that are relevant
to video organization principal are discussed is tihapter. The discussion is limited to
HVS optical resolution properties, and the anatamyliscussed only to the extent to

which it impacts the image and display quality.

How do we perceive an "image"? A simple answelight enters the pupil of eye
in human vision system, and focuses at the fovearevthe aforementioned cones and

rods sensors pointing back to the focusing lersvtod a direct UV exposure to damage
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the sensors. From the cones and rods a neurahtitést is created by the stimulations
signal (cf. Fig, 1 HVS eyes). The neuronal firireder about 100Hz travels through the
optic nerve, crossing over the nerve coming from other eye, and reaches an organ
called the lateral geniculate nucleus (LGN). Oudpaft the LGN are similar to an over-
completed set of Mexican hat wavelets sent towanésvisual cortex 17 region of
V1~V4 areas forming the edges, features, colord, slrapes at the back of the brain to
become an image in our consciousness. The stdghbéntering the eye and converting
it to electric nerve signals to LGN are well knoamd clearly defined [30, 31]. However,
how to generate and store an edge enhanced 3-Deilee image is still subject to much
research in the full understanding the strategymeimory, storage and recall is not

touched in this thesis.

3.1 Optical System of the Eye

The optical recognition system of the human facelar features, and eye iris are
relevant to the real-world cooperative biometryvsillance. It composes of three main
components, the lens, the cornea, the dynamicwhgh can be oscillating at ¥ Hz ~1
Hz depending the age groups under the direct stisnaf blue light upon the light-

sensitive ganglion type 3 and in Fig. 3-1, a cesdion of the human eye.

Cornea: The cornea is tough, white outer shellthedransparent surface of the
eye. The transparency portion of cornea is abdutd®0.6mm thick at its center, that is
facilitated by the regular arrangement of the layarcollagen fibers [32]. The shape of

cornea is a key contributor to aberrations of tye e~or myopia, laser refractive surgery
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induces the changes of corneal shape that mayctdh® mean defocus error but often

leave large amounts of aberration [33-35].

|9

Figure 3-1: Cross section of eye and experimeniltesf iris dynamics based on time

difference of Ming Kai Hsu [48].

Light entrance pupil and the circularly symmeteigrtain-like iris covering the
pupil: The pupil serves two main optical functiofi$ie first function is that it controls
the amount of light that reaches the retina andsdwnd function is that it alters the
numerical aperture of the eye's image system. TBg@nmportant spatial frequencies for
human uses, the optimal adjustment of dynamic gipé is a factor 4 between 2 mm
and 8mm in diameter [36-38]. The size of pupil amtrolled by iris curtain and the iris
can expand and contract the pupil from approxima2eto 8 mm. The iris is a circular
curtain over the pupil, light entrance of retinahieh is controlled directly by the

intensity of blue light from intrinsically photosgitive Retinal Ganglions cells (ipRGC)
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of type 3 (non-rod, non-cone) in the retina witthie eye [39]. The ganglions type 3 that
control the iris pupil size are response to thertsivavelength violet to bluish light to
avoid too strong luminance and UV damage. Thehiais a fine radial symmetric folding
texture, like fingerprints, that are located in theerior to the protective cornea and can
be altered useful for human cooperative biometictiie unique and robust recognition.
In Sir John Daugman's research [48], the degréeeefloms of iris are about 250 about
one fold per degrees located independently alool eithe radial direction from 2 mm
to 8 mm for each individual which is an order ofgniéude more than the fingerprints
about 35 degree of freedoms in ridges and bifurnatiand face features, 20 different iris
textures. Recognition through the iris pattern dooperated passengers works well at a
close distance, from nose-on to 3 meter and thinpeance drops suddenly by a factor
of 250 as the resolution of a root top singulaatgdes . However, for non-cooperated

passengers or passengers at far away, > 3 metiie,igs recognition doesn't work.

A new iris recognition called Dynamic Iris Recoigonm is proposed in 2010 for
non-cooperated passengers at long distance [4@&]dyhamic control of iris is based on
the response time of ipRGC adjusting the sizeisf The iris dynamic is separated by old
and young, wellness and illness. When iris texigreinclear at far distance, the iris

dynamic is still an invariant feature that can Bedifor early warning.

Lens: The lens is positioned behind the iris. Tems adds another 20-30 diopters
to the optical system. The curvatures of lens rodled by the ciliary muscle. When the
ciliary muscle is contracted, the curvatures oslenincreased and making the eye focus
or "accommodate” on the near object [40]. On thetreoy, when the ciliary muscle is

relaxed, the curvatures of lens is flattened alavathg the eye to focus on distant objects,
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as shown in Fig. 3-2. The lens tends to harden ageis and the ability of changing its
shape is diminished [41]. This combined with otfaators, such as increasing lens size,
the changing location of the insertion points af #onules, and the aging of the ciliary

muscle, results in a loss of accommodation in dandicalled "presbyopia, as shown in

> @

Figure 3-2: The change of curvature of the len distant and close objects

Fig. 3-3 [42, 43].

Accommodative change (D)

100

Age (years)

L ] Change in lens power (D)
< Loss of accommodation (Duane, 1912)

Figure 3-3: The ability of the lens to accommodatdifferent object distances decreases

as it ages [42].
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3.2 The Retina

In Fig. 3-4, a photograph of what the eye look® Wwhen viewed through the
pupil. The visible layer is called the retina anccontains two important regions: the
fovea and the optic disc where the optic nervedsatie eye to transfer its signal to the
brain. In Fig. 3-5, it shows a schematic modelhef different layers of cells in the retina.
The incoming light passes through all other laybus the last layer, the pigment
epithelium, which reflects the light back onto gdawhich contains photoreceptors [41].
Those photoreceptors face away from the directioth@ incoming light and catch the

light after it is reflected backwards.

Human retina

Figure 3-4: The inside of the human eye as viewealgh the eye lens [30, 31].
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Figure 3-5: Schematic model of the different layafrsells in the retina. The picture is

from [44]

The photoreceptors or ganglions are categorizedtimee types, cones, rods and
ipPRGC mentioned in iris section, which have différproperties. The first difference is
the number. The eye contains about 6 to 7 milliomes and the number of rods is much
larger, 100 to 150 million. The second differensdhie location. The cones are highly
concentrated at the fovea and the rods are maowgrcthe periphery of the retina, as
shown in Fig. 3-6. In Fig. 3-6, the blind spot e tliocation of the optic disc where the
optic nerves come together and go the brain. Thedi#ferences are functionalities in

Table 3-1.
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Figure 3-6: Distribution of rods and cones acrbesretina [30, 31]. The picture is from

[44].

Rods Cones
High sensitivity Low sensitivity
Night vision Day light vision
Monochrome Color
Acute but Coarse . .
. . Sharp imaging
imaging

Table 3-1: Differences of rods and cones in fumctiities.

0#



100

50

Normalized absorbance

Violet Blue Cyan Green  Yellow Red
Wavelength (nm)

Figure 3-7: Normalized spectral sensitivities @& thds and three different types of cones

for blue, green and red light sensitivities [30]. 3he picture is from [44].

3.3 Perception

The biology of human vision system and charadiesiof photoreceptors were
introduced in the previous sections. This followirsgction will introduce the

characteristics of human perception and the eftbetisinfluence human perception.

3.3.1 Contrast Sensitivity

Contrast sensitivity is a major property of hungarception. In practice, many
definitions of contrast are used [45]. Generallgapng, contrast is the difference in
luminance between an object and its surroundimgpsi/cho-visual studies, the contrast

C of an object with luminance f and its surroundiod luminance b is defined as follows:

c —~ (3-1)
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The optical definition of contrast C is
cC —— (3-2)

where f is the maximum luminance of an object am&lthe minimum luminance of its

surrounding in the image.

For human perception, high contrast increasesability to distinguish objects
and details of objects. The minimum contrast fanho eyes to distinguish an object and

its surroundings is 0.02 [46] by Weber ratio W
'L
w — 3-3
- (3-3)

where! Lis defined as the luminance difference betweercéméral area and the overall
image luminance and the overall image luminanceised ad.. The Weber ratio varies

significantly with size and shape of the foregrowamtl the background of an object
because the human contrast sensitivity functioriesawith spatial frequency of the

details in Fig 3-8.

10°

Normalized sensitivity

1072
107! 10° 10' 102
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Fig 3-8: The contrast sensitivity function. (a) Thampbell-Robson charts is from [44]
(b) Normalized human contrast sensitivities as dutadion transfer function (MTF) of

the spatial frequency from [44].
3.3.2 Contrast masking

An important property of human vision system iattthe changes of contrast at
high frequency are not as sensitive as changesnifast at low frequency. This property
plays important roles in many image and video casgon algorithms. A smart
compression algorithm can apply extra compressiohigh frequency areas to achieve
better compression ratio without lowering the imapality in the point of view of

human perception.

3.3.3 Luminance Adaptation

The human vision system can process a wide rahlight intensities, from dark
to bright. However, our eyes cannot process boti sv and very high light intensities
simultaneously. The amount of incoming light isustied by the iris mentioned in section
3.1. Besides, dark and bright light are processeld different photoreceptors. When a
human goes from a well-lit environment to a darkiemment, it can takes up HVS up to
15 minutes to fully adapt. On the other hand, wleerhuman goes from a dark
environment to a well-lit environment, it takes H¥8ly few minutes for adaption. This

property of human vision system is called luminaadaptation.
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3.3.4 Foveal and Peripheral Vision

Cones, 6 million cells, are distributed non-unifity in polar-exponentially grids
at the fovea, which is densely packed in the midaflehe fovea and exponentially
dropping out in the peripheral, illustrated in F&36. The high density of cones at the
fovea allows us to perceive the light that fall$ooit in a great detail also known as high
resolution. However, the size of fovea is tiny, theea only corresponds to about two
degrees of total field of view. The fovea is mergdp of the size of the retina but it takes
up over 50% of the visual cortex to process ited4®]. On the contrary, the peripheral
vision has a significantly lower spatial resolutioomparing to the foveal vision. The

image becomes progressively blurred the fartherygvean the fovea, illustrated in Fig.

3-9.

Figure 3-9: An example of foveal and peripheralons (a) Original image (b) when the
eye is focusing on the lady in the foreground,rdsolutions around the lady are higher

than the resolutions in the peripheral of the image
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3.3.5 Scale Invariant System

It is known that our human visual system (HVS)cgfally degrades the scale of
faces by focusing on the centroid of the faces,rgme and/or eyes mentioned in foveal
and peripheral vision. This is accomplished byrgka log transform along the radial
direction of the facial center so that the periphboundary sizes are less sensitive to our
eye. It is achieved by the layout structure of somed rods and greatly reduces the

complexity of image registration on moving objects.

Physiologically speaking, we have 150 millions migision ganglions, rods,
distributed non-uniformly in polar-exponentiallyidg at the fovea, which is densely
packed in the middle of the fovea and exponentidttpping out in the peripheral. Let
the location of each rods is denoted by vectorThere are about 100 rods that share
through an integrator called ganglion firing thrbug single neuro-fiber at the fovea
output denoted as vectoy o the cortex 17. Altogether there are millioreuro-fibers
that are closely packed together into a uniformpoutbundle towards the Lateral
Geniculate Nucleus (LGN) [50]. For example, theuti-th pixel of facial boundary is r
= exp(y ), which is equivalent to the output ©log (5 ) achieving a massive parallel

flow-through logarithmic scaling transform withoaven computing. In other words,

when a face changes its size with a scale fast@t r rs exp() implying
u log(r) log(rs) log(r) log(s) u,. Therefore, a size of half s=2 change, for

example, gives lag(2) =In(2)=0.69 which is small fraction over mapixels. This is

why HVS night vision enjoying a graceful degradataf sizes can furthermore integrate



hundreds photons required for better SNR in thermaight. An equivalent adaptive

invariant novelty filter for scale invariant systewas proposed in 1986 [50].

In this chapter, fundamental properties of humianal system related to human
perception are reviewed. In biology, the next s$apterpreting the perception in convex,
such as foreground and background separation, totdgtection, tracking, recognition,

identification, etc.

The interpretation of images is called informatiomderstanding of images. For
video information understanding, similar processebiow humans interpret perception
are necessary as well. In information understandimgge context is a constraint and it
guides the information understanding in the rightation. With this concept in mind, a
time ordering reconstruction can be formulated noeguivalent problem; how much
context information is needed for perfect time kiag? On the other hand, we want to
minimize the background as much as possible farageo concern. This problem is

discussed in the next chapter.
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Chapter 4: Cross Track Association of Video and Audio

The global village enjoys the availability of datah environment, thus, the
scientific  community has developed various pre-psstng and post-processing
techniques to deal with the curse of dimensionalitycompressive sensing [4, 5] is a
concept when one doesn’t need the sinusoidal freueomponents information, one
shall not sense it with the Fourier Transform (KE€ynel, but by using wave packet
kernel, called the Wavelet Transform (WT). Howewver videos, we improve further
with the Adaptive WT [10], which allows the dynanmggolution several super-mother
wavelet kernels each matches the singularity jungment in time window evolving
image content, and therefore create an efficierttirab spatiotemporal compressive
sensing. Contrast to the conventional redundandyctens or data compressions, in
Joint Photographic Experts Group (JPEG), MovindguPecExperts Group (MPEG), Face
Detection and Dimensionality Reduction (DR) aldant, are benefited by Isomap [26],
Local Linear Embedding (LLE) [27], Laplacian Eigeap[23], [28] and Diffusion map
[29]. They have been developed to discover thdimzer manifold underlying complex
data-sets that traditional dimensionality reductroethods, e.g. Principle Component
Analysis (PCA) [24] and Multidimensional Scaling M) [25] couldn't do. In addition,
more DR algorithms [54], [55], [56] have been depeld by encoding objects as
matrices or tensors. A generalized frame work fionemhsionality reduction has been

presented in [57].
We shall define a generic dimensionality reduc{ibR) concept for video data-
sets as follows. Every lexicographical order odes of the i-th video frame, LxM pixels,

forms a long vectoX O(LxM), subscript t =1,...,N, has its own intensity vaube
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video itself becomes an exceedingly high dimengigea of light spots O(L x M x N
time-frames). All these light spots are contribgtito the Haken’s cooperative and
competitive self-organization phenomena [58], [38hich yields the collective degrees

of freedom of facial pose angles, to drive all tinelerlying slaver degrees of freedom.

To deal with the curse of dimensionality in the gient surveillance without
archival database, different strategies mentiornex/& must compared at the “déja vu”
sense to alert law enforcement for a potentiaudsr recovering time sequence of the
recovery data-sets is paramount to answer thetignesf “who speaks what, when and
where.” In the dissertation, a video organizationgple is given and demonstrated in a
controlled persistent surveillance environment. sTloan also generalized to other
applications such as (i) smart grid infrastructyig,biomedical wellness web, and (iii)

hyperspectral data for precision farming, etc.

In persistence surveillance, video cameras aretedynget up for security reasons
while low-cost audio recorders are hidden locallthim the persistent surveillance field.
To reduce the video storage size requirement, aneegtract facial poses from each
video frame and store those facial boxes insteatieo¥ideo, which reduces the storage
size by 6 orders of magnitudes. The face detectiongacial color hue, and extractions
in video are implemented by a face detection (FDJ] [system on chip. Adding time
stamps on facial boxes is not recommended bectusayibe insufficient to reconstruct
time order and takes extra time. For example, vithere is a crowd in a single camera,
faces of a crowd may be blocked by each other,aolest, or detected without enough
size, these faces are ignored by face detectidmiggees. Moreover, when passengers

move past each other, the face of unwanted peoplaamtarily fill the location of the
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face of the person of interest. In the consequerfeesal boxes cut from each video
frame are labeled by time stamps but the ordefaddl boxes from each frame are still
in random order. Due to the reasons mentioned alibeecollection of facial poses in
video over time is stored in a randomized order ftother process. Such a loss of
temporal correlation requires a reestablishmenhefassociation across different sensor

modalities that may help to ascertain “who saidtwvaen, and where.”

A passenger was walking in an airport transit lagKeft, right, and left again for
the exit sign and speaking to her son about “wigetlkee exit?” Both of their facial foxes
were collected in Fig. 4-1(a). In Fig. 4-1(b), fgboses were sorted from left to right and
top to bottom by graph embedded dimensionality egdn algorithms such as Laplacian
Eigenmap, etc, that is good to pick out mug-shdtearh person, but they cannot
reconstruct the time ordering of walking passengéieh is necessary to associate with
an acoustic manifold finding out what have beerkepoOn the other hand, in Fig. 4-
1(c), video and audio were correlated by the retoced time ordering of passengers in
video, Furthermore, the walking speed of a passecguld be determined from a set of

time ordered facial boxes alone.

A time order reconstruction requires the carefufedentiation between the
continues notion of the time versus the discretapdiag of time known as the time
ordering. Thus, we begin with a concept of a cldd¢dwton's concept of time, which can
mark one time unit with a "tick and tock”. Thehgtunit of time must be followed by

another unit “tick and tock” to indicate the 2 @ndf time order. This fact of directional



flow may be described by a product of triple relatifunctions [4-10]W, (W, ;. -

where the common nod# represents a discrete sampling point of time.

(@)

(b) ()
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Figure 4-1: Cross track association: This collectd facial poses of different passengers
is stored in a randomized order in the computepfocessing. Current NDR techniques
(sorting facial poses by similarity, left-to-lefight-to-right, etc.), yield results that cannot
reconstruct the time order and hence cannot sbierpss track association of video and
audio. On the contrary, if we can precisely retmes the time order of facial poses,

then the cross track association can be achieved.

4.1 Self-Reference Matched Filter

For simplicity, the square of Euclidean L2 normtaike used often in the
conventional image processing called the Least M8goare (LMS) error energy
distance, in EQ.(4-1) represents a measurement nt#ngity similarity (or for
neighborhood determination) between two images,

({n”iinj e (im?inj Ix X |P (4-1)
where x; and x; are images and represented by a single vectbrM)(of image size
LxM consisting of all gray pixel values of the whoteaige. Although in general, the
norm distance may not necessarily be the accurateato determine the similarity (e.g.
other pertinent features: color of clothes, textomekground of the person). In our grey
scale video applications, Eq.(4-1) seems to be wateqfor image sorting of facial
surveillance videos provided that we have a pregssing called morphological
binerized centroid registration of each short expesin a facial box, inspired by a

graceful degradation of scaling in human visuatesys
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If we explicitly combine the Maximum Likelihood GbFunction together with
the Graph-Laplacian Diffusion distance, the siniiyametrics becomes identical to our
Self-Reference Matched Filter (SRMF) whete Xoin Eq. (4-2) andx; X, . The least

mean square energy is as follows:

.o - X X
min(e/2”) min(|lx x;|f/2") min log[G;(x,x;)] min Iog[exp(M)l
()i (.0 i (I (9)IN 2"

(4-2)

Coifman et al. have adopted the graph-Laplacian ctegde theory

X x; |P

Xi . .. "
I ),where is the standard deviation |pfi X, If  to sort

j
”

G, (xi,%;) exp(
facial poses as an example of nonlinear dimensignaduction [29]. Without creating
any confusion, we have associated, for 2 sets aflemships familiar with video

processing and with NDR graph theory, a snapshu thdex;qi freely with the vortex

node x; of a face image. The minimization process, min op &-2), is due to the

opposite algebraic signs. The first terﬁa represents an individual face image aadis

the first pass average through all faces as thiststally centroid correct but blurred long

exposure (LE) defined as:

1

ﬁ i 1Xi (4'3)

The instantaneous outpﬁq xi is the short exposure (SE) facial images. The SRMF
can select a short exposure (SE) with min. squarm rdistance error to long exposure

[60-61]. An example is illustrated in Fig. 4-2.
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(a) (b) (©)

Figure 4-2: SRMF illustration: In this single videetup, the passenger is limited to
walking through a narrow corridor towards the camdén) Short exposure (SE) of 20
video frames in different sizes. The first 10 franrteve 58x58 pixels and the last 10
frames have 59x59 pixels (8 bits dynamic range)~dr)frames from 1 to 10, the pixels
in 59th row and column are set to 0. From Eq.(4-8)g Exposure (LE) is a blurred but
is the statistically correct centroid of the frdmase, 59x59 pixels (8 bits DR) (c) square
norm distance error between SE and the LE. The mainm distance error of SE happens

on 10th frame and the bit error per pixel is 0.08 tb size and background difference.

4.2 Morphological Binarized Centroid Registratiorgétithm

In remote video surveillance, facial data acquiredh video is generally a lower
resolution than photographic biometric resolutimhjch typically must have at least 12
pixels between the eyes defined [20]. Our timeepn@construction algorithm must
follow this constraint as well. A static face egarded as a collection of pixels with light

intensity on each pixel. This collection of pix@lso specifies the Cartesian coordinates
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of a point with respect to a set of axes. Therefar@oint can represent a face in an
abstract image space [2-4]. For facial images afkiwg passengers, they can be
visualized as lying on a three dimensional madifitlat can be parameterized by two
pose angles and changes of resolution, assumihg ilgensity is constant in a short

duration, perhaps lasting over tenth seconds

Our goal is to sort the time order of changingeaamong backgrounds. We are
motivated from human visual systems (HVS) to deravanorphologically efficient
preprocessing technique. It allows us to track aximum overlapping common
foreground faces among changing perspectives aeditancesSome boxes have a lot
of background information and some boxes do noefoi® comparison between facial
boxes, image pre-processing is needed to dealthétldifferent sizes of boxes and any

unwanted background information.

To achieve a morphologic registration of the faamariant centroid, we will
approximate the aforementioned color hue for fasteation by the grey scale intensity

thresholding. For example, we choose the Heavisiele function of the gray scale g by
an arbitrary threshold: u= Heavisid% 1| 1if g # zero if otherwise. Instead of

the logarithmic transform of million coordinates foretlscale invariance, a real-time
morphologic pre-processing is a simple binarized centtetdrmination at the middle of

unity counts, shown in Fig. 4-3.

Binarized centroid registrations: Fd&t face boxes (SE) in different sizes, a

complete segmentation of a face box R is a finite seg@bns R, ..., R,
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R %,R, R$R i | (4-4)

The morphologic segmentation is likewise resulted from ttireshold operation that

transforms an input gray-scale imdde an output binary imaggas follows:
oG, j) 1 for fG,j) T (4-5)
0 for f(,j) T

whereT is the threshold of pixel intensitg(i, j) = 1 for the face, and(i, j) = O for the
background illustrated in Fig 4-4. Now, assuming themen pixels =1 ing and their

coordinates values of 2 dimensional image are denot€¢i)iand C(j) respectively.

n

_ - C(i) -

i % whereg(i, j) =1 (4-6a)
" C(i)

Je ’T whereg(i, j) = 1 (4-6b)

(,j) @.J) (g, je) (G, J,)for every pixel in the image (4-7)

(i,', l|) (i, J1) (e Je) (e, je)for every pixel in the image (4-8)

Where(i., j-) is the binarized centroid of the faceiih face box (SE),(i,, j,) is the
geometric centroid of thith face box, subscriptin (i, j,) indicates the ith imagé

translation from the ith coordinate to the laboratcoordinates systenti ., j, ¥ the

binarized centroid of the long exposure determibgdEq.(4-6). The first pass centroid

registration is demonstrated in Eq.(4-7) and E8)(#% the 2nd pass centroid registration.



The determination of's gray scale value is critical in this algorithm.rfeptimization of
the threshold, different strategies have been deeel for different sceneries [62]. An
example of real facial boxes is illustrated in FMg5. The robustness of the binarized

centroid of facial boxes is discussed in the Append

(@) (b) (©) (d)

Figure 4-3: Steps of finding a common central fap@tion. Facial center allows us to
cut identical central portion of each fa¢a) Translation from facial center to box center:
two facial boxes are in different sizes. The dothis binarized centroid of the face and
the square is the geometry centroid of the box. firsetranslation is to move the face
from binarized centroid of the face to the geometeyntroid of its box. After that, a
transformation is applied to every face box frosatiginal coordinates to the laboratory
coordinates. Irfb) Registration of every face box to the centroicheflong exposurehe
triangle is the binarized centroid of the long esyre in Eq.(4-5).(c) Choose common
portions of facesafter the two translations, major facial featusesh as the eyes, nose
and mouth of every face box are relatively closeéaurthe same coordinates. It is crucial
so that norm distance or Gaussian diffusion digtaren be adequate for a similarity
measurement. (djlean cut foregroundsvery face box is cut by a rectangle template to

get rid of the unwanted background information.
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(@) (b)

(© (d)

Figure 4-4: An example of how thresholds play apantant role for partitions of images.
(a) 49 images in 256 gray scales. (b) Partitionltes each image by the threshold that is
the mean, around 60-70 gray scales, of each infag@artition result of each image by

the thresholds between 122 tol155. (d) Partitiomltesf e ach image by 4 thresholds
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corresponding to 4 sub-regions of the each imadgarly, the partition result in (d) is
better than (b) and (c). The result of the maxinow@rlapping region of each image from

(d) is better as well.

(@) (b) (€)

(d) (e)

Figure 4-5: An example of binarized centroid regisbn algorithm for finding maximum
overlapping area of facial boxes in different bozes and image resolutions. (a) the

original 49 facial boxes in different box sizesx53 to 57x57, and image resolutions. (b)
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the results of registrations in the order of "facentroid to box centroid”, "translation to
lab coordinates" and "translation to long expostoerdinate”. (c) the crop result: the
crop size is 40x40 by the partition result of eanhge in Fig. 4-4(b). (d) The crop result
by the partition result of each image in Fig. 4)4(e) The crop result by the partition

result of each image in Fig. 4-4(d). Clearly, crepult in (e) is better than (c) and (d).

Binarized centroid registration algorithm:

1. Step 1: Find the binarized centroid of evergefand translate the binarized

centroid of face to the geometry centroid of efade box.
2. Step 2: Then, translate every face box todheratory coordinate

3. Step 3: Registration of every face box to thetioid of the long exposure from

Eq. (4-3).
4. Step 4: Remove unwanted background by rectdegiplate.

In two pass binarized centroid registrations, wsedu the properties of the
benchmark for face detection techniques; the eyr¢se and the mouth have to be inside
of the facial boxes if they are in video. Otherwitbee detection result is incorrect. When
we developed and tested our algorithms, we assuhatdcevery cut out facial box was
correct. In other word, every facial box should év@ye(s), a nose and a mouth in it. It
also implied that no matter what size of facial &xvere, they were partially overlapped
in content, area of eye(s), nose and mouth evey Were in different sizes and

resolutions. With the condition mentioned abovemast facial poses, eyes, nose and



mouth are always around the face centroid in tle@alfdoxes except poses of heading

left-most and right-most.

4.3 Time Order Reconstruction

Conventional graph theory has begun in statistice@chanics for partition
function Meyer expansion in terms of irreduciblagus, which has since been applied in
many fields and applications such as circuit theting famous Kirchhoff current and
voltage laws, squaring rectangles and layout problen VLSI design, state equation of
networks, etc. In general, graph is a mathematigcire used to modelpairwisée'

relations between objects from a certain collection

4.3.1 Basic Assumptions and Properties of Time OrfbBjectory on an Abstract

Manifold

In an abstract high dimensional manifold, the catinigy between each node is
determined by degrees of freedom and the distagtveclen each node is called geodesic
distance varying with what a degree of freedomf ithe connectivity. To understand the
underlying phenomena between each node in the aldnibne can sort each node
embedding in line in a certain degree of freedochsas facial poses, intensity, etc. and
such a technique is called dimensionality reductfbfR). In Fig. 4-6, 3 different
connections of facial boxes are illustrated. Iis #gxample, the geodesic distance of facial

poses, attitude and time ordering of faces ardifiirent. The exact geodesic distance of
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a certain degree of freedom is unknown. One ofgibels of DR is to find a geometry

distance approach that is close enough to a cegemdesic distance. Of course, the
geometry distance approach of different geodesitadces may be different as well. (The
geometry distance refers to the distance calculamd mean square distance, norm
distance, and feature distance, etc., that conma thee datasets in a certain coordinates

such as Euclidean coordinates.)

o o
o o
o o
o o o
o © °
o o o
o
o o o
o o
(a) (b)
o o
o o
o o
o o
o o
o o
o o
() (d)
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Figure 4-6: Connectivity of facial boxes is detaned by the selected degree of freedom.
(&) A set of facial boxes with undetermined conivégt (b) The connection is
determined by a degree of freedom of facial pogdisio left and right to right. (c) The
connection is determined by a degree of freedofa®él attitudes, top to down. (d) The

connection is determined by a degree of freedotima ordering of faces.

In a high dimensional datasets, it's hard to find underlying phenomena of
datasets. The underlying phenomena are often descim a term of degrees of freedom.
In physics, a term of degree of freedom is useekfain the dependence on parameters
or dimensions of a phase space [63] (a space iohwdll possible states of a system are
represented and each state is a unique point isghee). This phase space concept is
very close to the perspective concept of facialgesain an abstract space introduced in

Chapter 2&4.

Ansatz 1: Assuming the projections of a passesg@ces walking toward the
cameras are one to one mapping to a low dimensspaae. This low dimensional space
is a low dimensional curvilinear coordinates forchkdean space which satisfies the

differential additive property by ordered comporsent

The sampling rate is fixed. The interval of betwesach sampling is fixed.
Though, the change (or distance) between each fawage is not identical and it can be
easily verified by simulations. This space is a ldiensional curvilinear coordinates

illustrated in Fig. 4-7 (a).

Definition 1: We named the space described inaénsl on the curvilinear

coordinate as a manifold illustrated in Fig.4-7(b)
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Ansatz 2: The time order of facial poses (the spamsenger) is a trajectory on

the manifold. The time order is analytic and unique

Definition 2: The distance on the time order tcégey between each time frame is
named as geodesic distance which satisfies theesha@xisting path between two time

frames illustrated in Fig. 4-7(c).

In this thesis, the geodesic distance between éatzh(node) in a certain degree
of freedom is represented by a correlation W. Tdreetation W can represent pair-wise,
triple and so on, up to n correlations. If a certdegree of freedom exists in a manifold
composed of the data-sets, the embedding in lineach node is a trajectory on the

manifold.

(@)
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(b)

()

Figure 4-7: Assumptions of time order reconstructid passenger's facial boxes are
captured by a camera. The poses, light intensétgkdround, resolution, etc. of the facial

boxes are changing over time. (a) For those fatiages, they can be thought as lying on
an intrinsically low dimensional curvilinear coondies (b) The recorded sequence of

facial images can be thought as a trajectory onnhaifold. In this abstract nonlinear
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manifold, the distance between each node on thectaay satisfies the Eq.(4-9). (c)
Moreover, the geodesic distance betweearid 0., is equal or smaller to the sum of the

distance between;[and Q.1 and the distance betweenand Ds; in (C).

Lemma 4-1 When the sampling rate is fast enough compamng moving passenger,
the video sequence of the passenger captured byamera satisfies the following

inequality Eq.(4-9) in an abstract manifold:

ID, Dyl [P, Dy t s landts Integer (4-9)

where D, is a node representing a facial box and the sigtdabelt and sare the time

indices of the time ordering of nodes on the maaifdhe ||-|]| represents the geodesic

distance between nodes of the original time ordesimodes on the manifold.

Proof: With enough sampling rate, each samplingruat ! t, i = 1,...,n is small and the
distance within each interval is denoted!a where i = 1,...,n. Let is equal to the

smallest! d, . One can find eachd, which is less than 2 by adjusting! t;.

Lemma 4-2 the geodesic distance betweemabDd Q. is equal or less to the sum of the

distance between;[and Q.1 and the distance betweenand Qs in Fig. 4-7 (c).

ID, D.,|" D, Dy Dy Dt Integer (4-10)

where D, is a node representing a facial box and the sigbdabelt is the time index of

the time ordering of nodes on the manifold.

Proof: It has been proven in [64].



Since geodesic distance on the manifold is unknd@ennstein et. al. [64] have
proved that one can estimate the unknown geodesiande between data-sets on the
manifold by the graph distance with respect togreph G constructed by the data-sets
when the data-sets, acquired by high samplingigeiumction, are well distributed and
covered the entire manifold. This is why many disienality reduction methods based
on graph theory can approach geodesic distanchebgraph distance. So do we in this

dissertation.

Next, as aforementioned, we define the time ofaera concept of a clock,
Newton's concept of time. We assume that a tirfierdnce is represented by a "tick and
tock". A "tick" and a "tock" are equivalent to magi from one node to another node in a
graph. In video, each facial box is a node. Thieatime order is assumed as the change
of time difference and equivalent to a "tick andktofollowed by another “tick and tock”.
Since a "tick" and a "tock™ are described as movingh one node to another node, the

connection between two nodes could be determingtdpair correlation.

Each facial box is registered to the long exposurdhe same coordinates with
the same size by morphological binarized centregistration algorithm given in Ch. 4-2.

The registered facial boxes are in the same size pair correlation is defined as

R(}l, ;(>2) ;(’1,;()2 N (4'11)

X

The physical meaning of image pair correlation egliealent to the production of

overlapping area and Eq.(4-11) can be written eiplias
ROwXe)  XoXe . O(aXz) ., o LWL (xy) (412
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where O is denoted as overlapping area and eatz e i is written asl| (% y), 0=

1,..., n. and the size of each facial box.x1. Each facial box is registered to the long
exposure on the same coordinates with the samd&gizerphological binarized centroid

registration algorithm given in Ch. 4-2.
Lemma 4-3 In graph distance of data-sets, when one of;dj'cer xi is fixed, finding the

maximum of Eq.(4-12) betwee_ilj and xi is equivalent to finding the minimum of graph

distance betweer; and xi .

Proof: The square of graph pixel by pixel distaisce

>I: 1 :\/A 1[I X (X’ y) I X; (X’ y)]2
(4-13)

il zﬁl[lx(x,y)2 L (6 ¥)? 20, (% )1, (% Y)]

When one of th&j or xiis fixed in Eq.(4-13) and Eq.(4-12), it's trividdat the finding
maximum 32,- X s equivalent to finding minimum distance betwe%rand Xi

Q.E.D

In Lemma 4-3, it implicitly pointed out that whéwo facial boxe§<,— and xsare

not directly connected, the overlapping area betw#®em are smaller than the

overlapping area between and its directly connected facial box..
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4.3.2 The Theorem of Time Order Reconstruction

Lemma 4-4 Given n nodes in a graph, three no&e&j&k are in a time order from
Xi to 52,» and ;<,» to xx. For 52;, any other overlapping with different facial boxase

smaller than both xj,xi and X;j, X«

Proof: Fromlemma 4-3 one can get that the top two overlapping arealuing ;<,-are
xi,x and Xj,xc . Bylemma 4-1]|x; Xs| [IX; X |lor||X; x|, s=1,...,n

but i, j and k are excluded. It implies thak;,xs is smaller than either x;,x.  or
X, Xk

Lemma 4-5 The connection of time order of three nodes emaned by two pair-

correlations (or distances).
Proof: It's trivial fromLemma 4-4.

Theorem Time Order Reconstruction of a sequence of video facial boxes that satisfies
the Ansatz 1 and 2: (a) Given a graph with n nogtgsgal or greater than 3, it can be
divided into n-2 sets of 3 nodes by the followindes. (i) start with an anchor node. (ii)
In the set of triple nodes, are determined by the top two nearest nodes oéiicbor
node. (iii) find the top nearest nodes of to form a set of triple nodes respectively and
so on. (b) The connection of time order betweeetattriple nodes is determined by the

top two pair-correlations (or smallest two distas)asithin the set of triple nodes.

Proof (a): By mathematical induction,



when n = 3, there is 1 set of 3 nodes illustranelig. 4-8(a)

When n = 4, there are 2 sets of 3 nodes illustrizté&ay. 4-8(b)

When n = n, there are n-2 sets of 3 nodes illuedrat Fig. 4-8(c)

Algebraically,

When n = n+1, there are n-2+1 = n-1sets of 3 ndlssrated in Fig. 4-8(d).

thereby showing that n+1 holds as well. Q.E.D.

Proof (b): It's proved bizemma 4-5The time order reconstruction is illustrated ig. -

9.

(b)
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Figure 4-8: Mathematical induction for Time ordeconstruction. (a) When n =3 nodes,
there is 1 set of triple nodes. (b) When n=4 notlese are 2 sets of triple nodes. (c)
When n = n nodes, there are n-2 sets of triple #¢dleWhen there are n+1 nodes, there

are n-1 set of triple nodes.




(€)

Figure 4-9: Step by step of time order reconstamct{a) The time order within triple
nodes are determined by the first two largest gairelation. (b) Find the next triple
vertices and determine the inside time order cammeby lemma 4-3. (c) repeat the time

order connection until the time order reconstruct®done.



Chapter 5. Implementation of Time Order Reconstruction
The theory of time order in Chapter 4 is impleneeinin an iterative re-search
fashion herein. The video sequence captured byctmeera satisfies the following

inequality Eqg.(4-9) in an abstract manifold:

ID, Dyl [P, D t s landts Integer(5-1)

where D, is a node representing a facial box and the sigtdabelt and sare the time

indices of the time ordering of nodes on the madifdhe ||-|]| represents the geodesic
distance between nodes of the original time ordeahnodes on the manifold. If the
Eq.(5-1) holds true, it implicitly indicates that teajectory of time ordering (of a
passenger) can't intersect itself and other trajms of time orderings (of other
passengers) on the manifold. It also indicatesfthding the time order is equivalent to
find out the geodesic order which has the loweistl teeighborhood geodesic distances.
We plot the geodesic distance (simulated by LM$adise) as the contour map over the

N? dimensionality surface in Fig. 5-1.

(@)
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Figure 5-1: Iterative confirmation logic for timed®ring reconstruction and contour map
of N nodes over the Ndimensionality surface. (a) Iterative confirmatiogic of s-curve
poses Zipper Chain algorithm: In this example, dabloxes are sorted in a manner of
time order. The first confirmation is to select tin® nearest neighbors in LMS distance
of frame 9th, that are frame 8th and 10th. The s@ocmonfirmation is to determine
whether frame 9th is also one of the two nearegghbers of 8th and 10th in LMS
distance. The third confirmation check is to detesranother neighbor of 8th and 10th,
that is 7th and 11th respectively and so on. Treepan frame 9th and 37th are similar.
However, with the morphological pre-processing dind iterative confirmation logic
given in this paper, we can find the correct negblof 9th without confusion. The axes
are frame index, iterative confirmation of neighband LMS distance between frames.
(b) Contour map of N random nodes over ttfediinensionality surface. N is 50 in this
example. The axes are frame index, frame indexL&h8 distance between frames. (c)
Contour map of N time ordered nodes over tRalishensionality surface. N is 50 in this
example. The axes are frame index, frame indexL&8 distance between frames. The
correct time ordering of facial boxes is found whbka summation of all neighborhood
pair-wise distances between nodes happens to kbeatbsolute minimum on the

manifold.

5.1 Implementation of Zipper Chain Algorithm

In implementation, we adopt LMS distance betwessial boxes to approach the

geodesic distance on the manifold. Explicitly, thpgproach may be skewed sometimes.



If video sequence can't satisfy Eq.(4-9) all timeeti some frames may be in an incorrect
time order. The impact of incorrect alignment, @hframes in sequence, of time order is

discussed in the Conclusion. The Meta algorithstased as follows:

Steps of the ZC algorithm:

1. Step 1: Apply two pass binarized centroid s&gtions introduced in Ch. 4.2
to approximate the area of eye(s), nose and muoutavery face box. The

approximation result has to meet Eq.(4-9).

2. Step 2: Determine ttanchor poseThe long exposure is calculated by Eq.(4-3).
The anchor pose is the nearest neighbor of thg éxposure, selected from the

input facial boxes.

3. Step 3: Construct a two nearest neighborhoddxizetween each node and an

adjacency graph by the two nearest neighborhoddxna

4. Step 4: Determine the weights of connectionshm adjacency graph. The
weight of the nearest neighbor connection is @ #re weight of next nearest
neighbor connection is 1. Every node is suppoged@onnect two neighbors
except the head and tail nodes that we don't khdlaen a node has more than 2
relations with other nodes, the connections atects by the top two highest

weights of relations.

5.2 Discussion

In this section, three phenomena are being disduskhe first is the impact of

leak-through background information in face boxasthe neighborhood determination.



The second is what the consequence is if the steperative two neighborhoods
comparisons in ZC algorithm is replaced by a diresghborhood determination by LMS

distance. The last is to discuss the complexityoofing N facial boxes.

5.2.1 Impact of Background Information of Face Be%or Neighborhood Determination

Many spectral clustering methods [1-8] are devedbfor sorting facial poses at a
fixed distance with clear backgrounds. As mentibimeSect. Il, norm distance or LMS
distance has been used for determine the neighbdsh@r similarity) of facial poses in
adjacency matrix [1-9]. However, in video surveille, passengers are moving which
causes the facial resolution of passengers to ehamgr time with respect to a fixed
video camera. Moreover, the backgrounds of faceeda@re not clear. In this case, the
pixel-by-pixel LMS distance could not determine tta@rect neighborhoods due to the

leak-through background information.

The under-sampled real world surveillance imagefaces shown in 14 facial
poses in a 4 sec window are in Fig. 5-2. The LM&adce may not be sufficient to
determine the similarity between faces when thengba of background are drastic for
each face box shown in Fig. 5-2(c). However, Vviitharized centroid registration pre-
processing applied before sorting, the result besomuch more robust to be able to

tolerate a factor of 2 in sizes over about 10 sesaralking time.



(@) (b)

(© (d)

Figure 5-2: Impact of background information forighdorhood determination. (a)
Fourteen selected time ordered facial boxes ofsagraer in different sizes, resolutions,
backgrounds and poses. The time window betweefirftdrame and the last frame is 4
sec. In figure (a), the change of image resolutiamnd backgrounds are significant. (b)
Random order: The fourteen facial boxes are imdamn order. (c) The sorting result by
LMS distance when the difference of resolutions badkground information between

each image is significant. The result can be impdoby two pass binarized centroid



registrations. (d) Before sorting, two pass cedtroegistrations were applied and
background information was removed as mentione@hn 4. This result is in a much
better shape. It shows for neighborhood determanaliMS distance is less sensitive to

the resolution difference than leak-through backgrbinformation between each frame.

5.2.2 Relation between Similarity and Time Ordgruh Facial Boxes

As mentioned in Ch.4, we assumed that the timerorg involves two triple

nodesW, ; W,

l,.m over the time-ordered facial image space. In imgletation of time
ordering reconstruction, a triple nodes relation aguivalent to iterative two
neighborhoods comparisons in ZC algorithm in thests. What is the consequence if we
replace the product of triple image relation byarqwise correlation? In other word,
what is the sorting result if we replace iteratiwe® neighborhoods comparisons in ZC
algorithm by a neighborhood determination by LMStaince? The answer is that the
result is a fast approximation of embedding in lioefacial poses similarity sorting in a

short duration, several seconds. This fast appradckimilarity sorting algorithm is

stated as follows:
Steps of the similarity sorting algorithm:

1. Step 1: Apply two pass binarized centroid s&gtions introduced in Ch. 4.

to approximate the area of eye(s), nose and nmowhery face box.

?9



2. Step 2: Determine ttanchor poseThe long exposure is calculated by Eq.(4-3).
The anchor pose is the nearest neighbor of thg éxposure, selected from the

input facial boxes.

3. Step 3: Neighborhood determination by LMS (amrmm) distance. The
connectivity of the anchor pose and other posefeisrmined by the LMS (or
norm) distance. Other choices of distance, sudla@sfeature distance, etc., are
considerable if the LMS distance is not adequatpresent the similarity. The
result is a fast approximation of embedding i lfar similarity sorting in a short

duration, several seconds.

5.2.3 Complexity of Sorting N Facial Boxes

The sorting of N facial boxes is belonged to an G@&nplete problem. It is

proved in the following:

Lemma 5-1 Geodesic spatiotemporal neighborhood re-orderfrg projected poses of
a moving person is a Non-determinant Polynomiakti@omplete (NP Complete)

problem.

Proof: Since space and time are independent, adsek of NP complete problems have
the same logic. There are combinatorial possiediin the re-ordering of N poses: the
first place has N choices, and the second placeNias etc. The total number is

explosive as N increases:

total number of ordering = N(N-1)(N-2)...1/2=N!/2 (5-2)



The denominator of 2 in Eq.(5-2) is because thamgpresults from head box to tail box

is identical from tail box to head box.

This decision problem can map to well known NP plete problems:
Hamiltonian cycle (also known as Hamiltonian patidveling salesman problem, etc.
The fundamental logic in those NP complete problé&nthat the space (city location,
facial poses is a 2D space vector) and time arepeddent. The definition of
Hamiltonian path is: Given a weighted graph, findadh that visits each vertex exactly
once with the least weight [21]. The definition leamiltonian path is equivalent to the
time order reconstruction; In a given weighted gragach vertex is connected once with

the least weight.

For example, in Fig. 5-3 a traveling salesman lgrab there are 4 cities. The
rows of M represent the time sequence and the ecdwhM represents the city locations,
A,..,.D. We can also map the facial poses to cdies the time sequence is the time order.
The subscript t of M indicates the time order anel $ubscript of r of M indicates the

random order.

Another well known example of Hamiltonian pathtl&t every cycle graph is
Hamiltonian [65]. In graph theory, a cycle graplaigraph that consists of a single cycle.
In other word, every vertex has exactly two edgemected. The topology of time order
reconstruction is a distinct Hamiltonian path ocyale graph starting from head (or tail)

and ending at tail (or head). Q.E.D.

%
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Figure 5-3: Time order reconstruction is a NP cateproblem. In (a), the path of facial
boxes (or cities) is in time order (or minimum wheg). In (b), the path of facial boxes

(or cities) is in a random order (or non-minimumigies).

Theorem The geodesic neighborhood ordering of videogmtapns of a moving person
in space and time must be at the absolute minimtiied total difference distances

between all successive order.

Proof By induction and théemma 4-1in Ch. 4, each vertex is connected once with the

least weight.

Given N=3 poses. Assume the correct spatiotempeighboring order is A, B, C, then
|A-Bf+ |B-C< |A-CE+ |C-Bf

If the inequality is satisfied, then the correcighdorhood order is A,B,C.

Assume N to be true, itis trivial to prove N+1rige. Q.E.D.
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Chapter 6. Simulations

The ZC algorithm was coded in Matlab on a PC withirgtel i-7 920 processor and 12
GB memory. The time of loading facial images isleded in the execution time. The
first simulation is a similarity sorting test of &cial poses of 1 person in different order.
The face boxes are in different sizes and resaistiover time. In this simulation, it

shows the robustness of our similarity sorting atgm. No matter what orders the facial
poses are, the sorting result is the same, illiestrin Fig. 6-1. It is a robust and real-time
sorting approximation of moving objects in a shorte window, based on the two pass

centroid registrations and SRMF proposed in thgepa

For simulation of time order reconstruction, dethisteps are illustrated in Fig. 6-
2. There are 7 facial boxes in a random order. iBger chain algorithm introduced in
Chapter 5, the norm distance matrix is built upthiy input facial boxes. After that, the
two nearest neighbor matrix is constructed in Feg2(d). The adjacent graph is
determined by the two nearest neighbor matrix &edrésult is in Fig. 6-2(f). Another

simulation of time order reconstruction is illuse@d in Fig. 6-3.

2
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Figure 6-1: Simulation of similarity sorting. 60fférent facial poses in two random
orders in (b) and (c). The sorting result of (bpgc) by similarity sorting algorithm

proposed in this paper is in (d). The executionetim 0.65 sec including two pass
centroid registration pre-processing in average 3drting results from different order of

facial poses are the same.
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Figure 6-2: Simulation of time order reconstructmin7 facial boxes. (a) Seven facial
boxes in a time ordering. (b) The same seven fdmaks in (a) but in a randomized
order. (c) The closest SE to the LE is SE3. (d) mben distance matrix of each facial
box. (e) The two nearest neighborhood matrix ohdacial box. (f) The adjacent graph
of seven facial boxes constructed by the two neaeighborhood matrix in (d) (g) The

final result is the same as (a).
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Figure 6-3: Simulation of time order reconstructainl2 facial boxes. (a) Twelve facial
boxes in a time ordering. (b) The same twelve faotxes in (a) but in a randomized
order. The random order is [1 8 9 12 34 7 5 2 1IDP (c) The closest SE to the LE is
SE3. (d) The norm distance matrix of each facia. l§e) The two nearest neighborhood
matrix of each facial box. (f) The adjacent graplseven facial boxes constructed by the

two nearest neighborhood matrix in (d) (g) Thelfregult is the same as (a).
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Chapter 7. Conclusion

In this thesis, nonlinear dimensionality reductiai complex datasets is
approached by a higher order graph theory. With dpproach, one can sort facial boxes
in different sizes and resolutions by either sintyaor time ordering that the traditional
graph embedding algorithms couldn't. With the é&ffit time order reconstruction
algorithm of sorting facial boxes in order to asatecremote video and local audio in this
thesis, one could answer the surveillance challéwye speaks what, where and when.”
We show that it is crucial to have a morphologioahge pre-processing which begins at
a binarized centroid registration, in order to fanchaximum overlapping common region
from all facial boxes in different sizes and cooades. Then a Zipper Chain (ZC)
algorithm is developed by considering the produmftgoair correlations functions in
tandem verification. Consequently, each face lsdinked together in a time order, as if
zipper’s teeth are mounted overlapping one anofffas ZC algorithm reconstructs the
time order linking the video manifolds of walkingcial boxes and audio manifolds of in-
situ voice recorders. Independent of the camertap s®nfiguration, the video sampling
rate is an important parameter. Our experience shiovwe sufficient at 20~30 Hz for an
average walking pace of 3~6 miles per hour for th&st. However, if a passenger run
faster than the walking limit, the camera sampliatg must be increased to reduce the
image blur. We combine the anchor face that israatically discovered by means of
Self Reference Matched Filter, with the time-ordgwper Chain sorting capability, we
hope to find the time-order of each person to allemo associate each with his or her
own voices recording. In general, the averagelspgapeed is 3-4 words per second. In

the movie industry, the technician can sync theeoecording by lip reading technique



when a close up facial detail is available. Howetlee remote video may not have the
detail. In this situation, our goal is to idewtthe corresponding speakers according to

the recorded audio.

The time order reconstruction of facial poses hgéoto a NP complete problem
and the discuss is in Sect. 5.2. Given N imagego#e ordering index runs from 1 to N.
Then, there are N! possibilities to assign the wngeindex to each pose. We plot the
LMS distance as the contour map over tHedhnensionality surface in Sect. 6.1. The
time order reconstruction is equivalent to find ¢e®desic order that has the lowest total
neighborhood distances on an abstract manifoldpefifChain algorithm is a heuristic
solution for this NP complete problem. Lemma 4-1his constraint of the solution that
each time ordering trajectory on an abstract ma&hifprohibited to intersect with itself

or other time ordering trajectories.

Cross sensory track association is an unsolvedirEnd®10 sensor challenge
problem proposed by ONR (Office of Naval Researthg real world field test is much
more difficult from a laboratory test. In real wayrlthere are a lot more uncontrollable
factors that may affect test results. For exampfea rainy day, outdoor video may be
unclear, or passengers in the video may have h&@agows on a sunny day. In addition,
passengers may be obscured by each other or dsstad trees, pillars, cars, etc. To
overcome those uncontrollable environmental facteestake advantage of the strategy
adopted in this research: cutting facial boxes agmhoving redundant background
information can save up to 6 orders of magnitudelata storage, and by increasing

cameras, coverage density is increased. The pnobfefacial continuity in occluding

I1#



and unpredictable environmental factors may begati¢éid by an increase in the sensor

density.

It is known that our human visual system (HVS)cegfally degrades the scale of
faces by focusing on the centroid of the faces, sage and/or eyes. This is
accomplished by taking a log transform along trokaladirection of the facial center so
that the peripheral boundary sizes are less semsdiour eye. Thus, we wish to ignore a
varied facial size, we take a binary truncatiom @ray-scale image for efficiency reasons
(equivalent to zero, when the log of unity at theeshold, and to one, when the gray

value is above the threshold).

Time difference, time ordering and arrow of tinre different. Time ordering is
the change of the time difference, while the arroiwtime is the flow of the time
difference. In this thesis, we have presented aryhend implementation of time ordered
image reconstruction. Understanding the arrowimétmay be achieved by calculating
the Boltzmann entropy of time ordered images; tinection of flow as the increase of

entropy.
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