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Abstract of Dissertation 

TIME ORDER RECONSTRCTION OF 
VIDEO CONTENT 

The global current community enjoys the free availability in data rich 

environment, but sometime suffers from an explosive growth of useless data known as 

the curse of dimensionality in a digital age. Thus, the scientific community has developed 

different pre-processing and post-processing to deal with the curse of dimensionality. For 

example, a smart organization sampling principle called compressive sensing (Gilbert 

Walter, IEEE/IT 1992, and John Donoho, loc cit 2006). Specifically, when one doesn’t 

need the frequency of those sinusoidal components, one shall not sense it using the 

Fourier Transform, but with a physical group wave packet called the Wavelet Transform. 

For post-processing, conventional data compressions or removing redundancy in data 

such as JPEG, MPEG, Face Detection etc. and dimensionality reduction algorithms, i.e. 

PCA, ISOMAP, Laplacian Eigenmap, etc. can either reduce the storage requirements of 

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

 To deal with the curse of dimensionality in persistent surveillance, different 

strategies mentioned above can be applied but in the end result, a potential loss of 

association among different sensory tracks, i.e. video and audio, may occur and 

observers cannot answer “who speaks what, when and where.” In this dissertation, a 

spatiotemporal ordering reconstruction is given by a higher order asymmetric graph 

theory to associate different sensory modalities, such as video and audio. The 

mathematical approaches and theorems developed in this dissertation can be generalized 
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for different applications such as (i) smart grid infrastructure, (ii) 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) [1-3] is for early warning 

to find out the “déjà vu” suspect over different sensory modalities such as remote video 

and local audio. In practice, most illicit activities or intruders are not in an archived 

database, observers do not recognize or classify passengers in public transits only by 

archived database. Therefore,  the goal of PS is to catch illicit activities without the 

advantage of archival database, a person who is seemingly doing inappropriate activities 

in a forbidden place at wrong times and found there more than once, becoming a “déjà 

vu” suspect.     

In digital age, persistence surveillance suffers an explosive growth of meaningless 

data known as the curse of dimensionality. Thus, the scientific community has developed 

various data-acquisition and data-compression techniques to deal with the curse of 

dimensionality. Homeland persistent surveillance relies on simple sensors hidden in a 

covert communication mesh fashion for fear of obviation within a limited region over a 

period of time. Since the surveillance system is usually bandwidth-data limited, most 

collected data are discarded at the compression stage to facilitate storage and 

transmission. When most data are discarded before transmission and storage, 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 in a data-rich digital 

society to overcome the curse of dimensionality; most collected data can be thrown away 

with little loss in regards to sounds, images, etc.  Moreover, is it possible to directly 
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acquire the important data and ignored the rest data that is anyway going to be discarded 

over the compression? The answer is "yes" by Donoho [4] and Candès [5]. The above 

statement in mathematics is: (Sensing) a signal NRtf �)( is acquired by a linear 

measurement of sensing waveforms  N
k R��  ,  

mkfy kk ,...,1,, ���� �  or )(tfy ��   (1-1) 

where ],...,[ 1 m���� . If the sensing waveforms are Dirac delta, then y is a vector of 

sampled value of f(t) in the time or space domain. If the sensing waveforms are indicator 

functions of pixels, then y is a typical image captured by a digital camera. If the sensing 

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

 For representations, a signal NRtf �)( can be expanded in an orthonormal basis 

such as wavelet basis ],...,[ 1 n���� as follows: 

xtxtf i

n

i i ��� 	 �
)()(

1
�      (1-2) 

where x is the coefficient sequence of f, nifx ii ,...,1,, ���� � and � is an n x n matrix. 

Now, one can throw away small coefficients in each ( ix � and only keep the K largest 

value of ( ix �  in Eq.(1-2). Such ix is written as xS and the f(t) is approximated as  fS(t)= 

�  xS. In the consequence, compressive sensing of f(t) in Eq.(1-1) is equivalent to  

Sxtfy ����� )(       (1-3). 

and shown in Fig.1-1. 
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�

(a) 

� �

 

(b) 

Figure 1-1 [6]: Compressive Sensing. (a) When data is sparse or compressible, a 

condensed representation of data is acquirable with little to no information loss, which is 

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

invertible.      

   Besides, Donoho [4] demonstrated specifically that a real-world continuous 

signal )(tf can be acquired better with random noise like measurements, ],...,[ 1 m���� ,  

than with measurements matching image structure at all. It is shown in Fig. 1-2.  

�

(a) 

�

�

�

(b) 
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Figure 1-2 From [6]: Sampling basis of compressive sensing. (a) In which 

],...,[ 1 m���� should it be used to minimize the number of samples?  i.e. big pixels, line 

integrals, sinusoids (MRI)? (b) Should the measurements be matched the image structure?  

The answer was measurements should look like random noise. 

 

1.2 Compression by Super-Mother Wavelets for the Curse of Dimensionalities 

Readers can be referred to [4], [5] for the mathematical theories of sparse 

recovery of compressive sensing, which we do not review here. Our goal is to show that 

the curse of dimensionality can be solved in the sensing stage instead of the later data 

compression stage. In compression stage, what we are interested is the concept behind the 

Eq.(1-2); many natural signals representations prefer in wavelets rather than Fourier 

transform. This concept is adopted in many compression algorithms such as JPEG2000 

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

dtexfkF kxi 
2)()( ��


���      Forward FT (1-4a) 

dkekFxf kxi 
2)()( � �


��      Inverse FT (1-4b) 

and the discrete Fourier transform of a discrete signal x[m] is  

1,...,0,][][
2

1

0
���

��

�	 MkemxkX M
km

iM

m




   Forward DFT (1-5a)  

1,...,0,][
1

][
2

1

0
��� 	 �

�
MmekX

M
mx M

km
iM

k




   Inverse DFT (1-5b) 
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 The coefficients of Eq(1-5a,b) to represent X[k]  or x[m] are full of non-zero 

elements, namely they are not sparse.  However, if the signal information content can be 

adequately captured by a mother wavelet efficiently---called the tightness frame in the 

ad-joint space by John Benedetto [8], the signal can be represented by few large 

expansion coefficients and some small expansion coefficients of wavelets basis 

mentioned in Eq.(1-2). 

Lemma 1-1: Daubecheis admissible mother wavelet theorem [9] is 
�
�

� ||

|)(| 2

k

k
kd    

where an oscillating wavelet having a zero area avoids the denominator singularity by 

vanishing d.c. 0)0( ��  having a zero area 

xdxkjx k 0|)exp()()0(0 ����� �     

Lemma 1-2 [10]: A super-mother wavelet that has a finite number of linear combination 

of admissible mothers ),(),( kk ��  etc. remains to be admissible )(kM . 

For example, 

)()()();()()( xbxaxmkbkakM �� ������    (1-6a,b) 

The triangle inequality 222 |)(||||| BABA ���  extends the admissibility to an arbitrarily 

superposition of square-integrate-able L2 norm. 

� ��� �
���

�
�

�
�

�

||

|)(|

||

|)()(|

||

|)(|
||

||

|)(|
||

222
2

2
2

k

kM
kd

k

kbka
kd

k

k
kdb

k

k
kda  
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The advantage of adopting super mother wavelets for signal representation: Given 

an arbitrary finite energy signal waveform )(tf  represented by a wavelet 

basis ],...,[ 1111 n���� .  Linear combinations of mother wavelets bases n��� ,...,21  

should be a tighter wavelet frame called super-mother subspace than original wavelet 

basis 1� ���

xtxtf i

n

i i 111
)()( ��� 	 �

�       (1-7)�

XXtxtf nij

n

i

n

j ij ������� 	 	� �
],...,[)()( 211 1

�   (1-8)�

where the admissible mother wavelets basis ],...,[ 1111 n����  ],...,[ 2212 n���� , ...,  

],...,[ 1 nnnn ���� , hence ],...,[ 21 n����� .  The coefficients x is a nx1 sparse column 

vector and X is a (nxn)x1 sparse column vector. For an example, an image can be 

represented by more than one wavelet bases for less non-zero coefficients shown in Fig. 

1-3. Moreover, for video representation, it's very intuitive to take multiple wavelets bases 

rather than single basis since the video frames are changing over time. For an example, 

video frames at time t1 to tn are represented as 

11
],...,[)( 21 tnt Xtf ����  

�

�

�

 

nn tnt Xtf ],...,[)( 21 ����  
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Figure 1-3: An image can be represented by multiple wavelets. An image can be 

segmented to many regions and each region is represented by a wavelet basis which is 

similar to the corresponding region. The total non-zero coefficients should be less than 

coefficients of the same image but represented by a single wavelet basis.   

 

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

changing over time. Intuitively, multiple wavelets bases can match images changing over 

time better than single wavelet basis.  
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Although, we can get fewer coefficients to represents images and videos by the 

concept of super-mother wavelets introduced above, how to compute those coefficients 

efficiently is a problem. For speeding up the computation, we adopt the strategy of the 

second generation wavelet prediction by low pass and correction by high pass sub-band 

coding proposed by Swelden [11]. Low pass is driven by the signal energy or area 

preserving, and the iterative correction from the prediction value is a high pass filter. 

Subsequently, the second generation wavelet [11] has been extended to the variance-

preserving wavelets by Szu & Miao in 2007 [12].  Baraniuk and the leading 13 renowned 

professors from 6 universities [13] have further proposed an array of fixed and mobile 

sensors to accomplish a compressive and opportunistic sensing, in the sense of moving to 

a better viewing position of the adversary. They showed that a city surveillance tracking a 

suspicious truck requires a minimum of 4 angle views to compose the driving scene in 

terms of a sparse interpolation of the view over time. However, a déjà vu suspect is much 

more complex due to a deformable human body compared to a rigid truck body that can 

be changed by rotations and translations. 

 

1.3 Formulation of Compressive “Déjà vu” Features 

So far, we have reviewed the compression by wavelets in a form of sparsity; only 

keep large non-zero wavelet coefficients xS instead of complete coefficients ix  in Eq.(1-

2). We have also mentioned that a current ongoing multidisciplinary university research 

initiative (MURI) lead by Dr. Baraniuk [13] is trying to compose driving scenes in terms 

of a sparse interpolation by limited angle views to replace a surveillance video of tracking 

a suspicious truck. With the same concept in mind, a human subject )(xf t is found at the 
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specific background at the time t.  The human image is represented by 3 orthogonal bases 

],...,[ 1111 n���� , ],...,[ 2212 n����  and ],...,[ 3313 n���� in a library matrix � �F� ,  and 

a long column interpolation (coefficient) vector tS . The first basis 1� �represents, (i) the 

head, faces and eyes, the second basis 2� represents (ii) the upper body, arms and hands 

and the last basis 3� represents (iii) the lower body, legs and feet. This decomposition is 

automatic.  All the faces are cut-off in boxes with leakage background around the face, in 

0.04 sec per frame, by a commercial Face Detection (FD) system on chip (SOC) 

firmware, in every tourist cameras based on the facial color and hue. Then, we can 

augment FD with another firmware subtracting the head, face and hair from the human 

body boxes to obtain the upper body, arms and hands, and lower body, legs and feet.  Our 

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

different concepts given below, (1) a compression via the Huffman entropy coding, (2) a 

binary indexing pointing automatically to the extracted and stored library images, (3) a 

matrix associative memory for Hashing matrix, and (4) automatic construction of a 

library base set utilizing ICA-like [14], [15], [16] or constructing PCA-like eigen-faces 

[17], [18] 

� � � � t
T

F
T

Ft SStf ���� 0)(     (1-9a) 

where � �F�  is ][ 321 ����� F and tS only keeps K largest value of 0S so that tS is a 

sparse column vector. 
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iii

ii

i

F    (1-9b) 
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iii

ii

i

St      (1-9c) 

Since � tS   represents the human image at time t and � �F�  is called library matrix  and a 

sequence of itS where ti = t0,...,tn represents the human in video from t0,...,tn. In general, 

targets in video can be represented by the corresponding interpolation vector itS  and a  

library matrix � �F� .     
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The sparse column vectors itS where ti = t0,...,tn can be acquired in a condensed 

representation 
it

y which is reversible to itS . The reverse process is the same as the 

reverse process in compressive sensing [4], [5] that is not mentioned in this thesis.  

t
T

Ftt Stfy ][)( �����     (1-10) 

where ],...,[ 1 m���� is a random Gaussian basis.  

For example, 
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Figure 1-5: An example of compressive sensing for “déjà vu”  suspects. )(tf t  is 

the image of a suspect at time t, ...][ 21 tt SS is the video interpolation sequence of the 

suspect and � ][ F�   is a library of image segments of suspects. It can be compressed with 

different techniques such as face extraction by face detection techniques, with PCA, ICA, 

etc. The magnitude of a single video per day is about 1010 byte and the size of � ][ F�   is 

reduced to 105 byte. The goal of the compressive “déjà vu”  features is to recall and 

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

Our compression is designed to achieve (i) less storage requirement (ii) robust 

retrieval of salient features. Such a goal-oriented constrained optimization has a simple 

sub-optimum solution as follows.  

(i) The minimum data to be kept is a set of sparse indices in time frame 

sequence, referring to the automatically built library matrix � �F� of 

foreground image parts.   

(ii)  The robust constraint is automatically implemented in a brain-style 

strategy for a distributive associative memory—“write by outer 

products”. Then, “read by the inner product” is between two such 

column vectors which tends to be orthogonal to each other because of a 

highly possible element multiplication is of the type either 0 x 0 = 0 or 

1 x 0 = 0.  Thus, such an index scheme is indicated in Fig. 1-5, where 

one image segment is mapped to one sparse column vector.  
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For implementations of compressive “déjà vu”  features, (1) We generalize the 

Huffman-like coding, in order to save the average code length of the video.   

(2) Hash-like coding is a scheme of representing image items by pseudo-

orthogonal indices. Users can access the image items by the index to select pointers in the 

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

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

the video segments can be retrieved in the manner of associative memory.  

(4) Principal Component Analysis (PCA): the covariance matrix eigen-faces can 

automatically construct the facial library image, and then 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 referring to the set of expansions 

coefficients with respect to the set of covariance-eigen-faces which will be further hashed 

to a sparse binary coding via Huffman code length idea. Whereas, the body, arms and 

legs have lesser degrees of freedom comparing with the faces, we suggest a higher order 

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

 

1.4 Association of Different Sensory Modalities by Time Ordering  

To deal with the curse of dimensionality in the persistent surveillance without 

archival database, different strategies mentioned above must compared at the “déjà vu” 

sense to alert law enforcement for a potential intruder, but toward that goal, an important 

shortfall seems to be loss of association among different sensor tracks, i.e. video and 
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audio, may occur.  The officer cannot answer “who speaks what, when and where.” In 

this dissertation, a video organization principle is given and demonstrated in a controlled 

persistent surveillance environment, which can be generalized for other applications such 

as smart grid infrastructure, biomedical wellness web, and  hyperspectral data for 

precision farming, etc.  

A grand challenge is to re-construct the cross-sensor-cooperative engagement 

capability (CEC) due to different sampling rates for different sensors. This is called 

Empire Challenge in 2010 by Office of Naval Research.  For example, a remote video 

camera has a different clock than a local hidden acoustic recorder, one is not going to 

carry a studio-style perfect synchronization but rather to decide among few suspects [19]. 

Besides, the time order in the formulation of compressive “déjà vu” features also lost 

since it is robust retrieval of salient features. Moreover, the sensors suite consists usually 

of independent modalities of Electro Optical Infrared (EO/IR), Seismic/Acoustic, & 

Radio Frequency (RF) which must be selected from low-cost Components of the Shelves 

(COTS) without yet a cooperative engagement capability (CEC).  Once the Region of 

Interest (ROI) and ad hoc compression algorithm have been carried out by each COTS, 

the original spatiotemporal organization among all COTS will be lost.  Then, the cause-

effect association across each sensor track becomes a challenge among all stored data.   

The timing is everything, imagine if, one night, the actors in a play were to miss 

every single cue, delivering each line perfectly, but always too early or too late, the play 

would be a disaster.  Likewise, in surveillance, the spatiotemporal relationship, the time 

order,  is the paramount to the success in P.S.  
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 We design an automatic CEC among different novelty detections based on a 

higher order cause-effect correlations and search algorithms, to reconstruct the 

spatiotemporal order to infer the cause and effect.  This is our approach to enhance the 

context image understanding.  Specifically, we automatically detect the abnormal social 

behaviors of moving humans or objects in the foreground such as wrong persons 

appearing at wrong places repeatedly at wrong times. 

A shown in physics, a dilute gas system, a pair interaction potential is sufficient to 

describe the dynamics of particles in the system, however, when the density goes up, the 

pair interaction is no longer sufficient to describe the genuine triple collision of particles 

and higher order interaction is needed.  In video surveillance, the sampling rate should be 

fast enough so that the geodesic distance among neighborhood facial boxes should be 

smaller than the geodesic distance among all other facial boxes for time ordering 

reconstruction.  

We consider the differences of “time” as “tic-tac” versus the “time order” as “tic-

tac tic-tac”.  This concept difference leads naturally a higher order graph theory involving 

triplet vertices, i, j and k. The triple relation is possible to be determined by a pair 

correlation jiW,  and kjW ,  in an iterative system [19]. The pair correlation and the triple 

relation are in the following: 

	 	� �
���

L

x

M

yx
yxIyxIIIOIIEIIR

1 1 21212121 ),(),(),(],[),(  (1-11)   

where I1, I2 and I3 are images. The ),( 21 IIO  is the pair-correlation of image I1 

and I2. It represents the overlapping area between I1 and I2. Given a minimum 
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background leakage from the FD algorithm, we can analyze our time order work to 

achieve the nonlinear dimensionality reduction (NDR) by means of a simple search 

algorithm using an iterative check methodology based on pair correlations jiW ,  and kjW , , 

we called Zipper Chain algorithm [19].  This algorithm is used to reconstruct the time 

order to determine “who speaks what and where” among different sub-optima degrees of 

compressive sensing.    

 The motivation of our work and the general graph theory are introduced and 

reviewed in Chapter 2. Fundamental concept of dimensionality reduction is also 

introduced Chapter 2. In Chapter 3, the human vision system for image processing is 

reviewed. Based on the human vision system, a scale invariant centroid registration 

algorithm is given in this thesis, which is a pre-processing used for the implementation of 

time ordering since datasets from each sensor may be different in sizes, resolutions and 

poses. In Chapter 4, we present our basic approach to accomplish the cross track 

association of different sensory modalities.  In our approach, time ordering is used for 

cross track of remote video and local audio. The time order is formulated by a higher 

order asymmetric graph theory involving triple nodes instead of the traditional symmetric 

and pair-wise graph theory.   Our theoretical results are in Chapter 5 and the simulations 

are in Chapter 6. The conclusions and future extensions are in Chapter 7.    
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Chapter 2:  Motivation and Literature Review 

2.1 Motivation 

With more and more video datasets collected in surveillance system, a challenge 

raised; how can security personnel cross track remote video and local audio correlations, 

shown in Fig.2-1, to efficiently answer "who speaks what, when and where" from 

collected remote video datasets known as Office of Naval Research (ONR) Martin 

Krugel Empire 2010 challenge . This challenge became worse in surveillance system 

with multiple video cameras and audio recorders.  

�

Figure 2-1: Persistence Surveillance. In most persistent surveillance systems, 

multiple remote cameras are used for monitoring a football field sized area with local 

non-directional audio recorders twenty-four hours a day and seven days a week. In such a 

setup, hundreds of people are under surveillance at a time. The challenge for security 

personnel is to track people of interest within the crowds in accumulated video database 

over time. This challenging problem can be solved with the strategy we suggested in the 

beginning of this thesis; to remove the redundancy while keeping the faces of passengers. 
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The trade-off is that the collections of random faces from several cameras are stored in 

the CPU for further processing in random order. 

 In most persistent surveillance systems, multiple remote cameras are used for 

monitoring a ball field sized area with local non-directional audio recorders twenty-four 

hours a day and seven days a week. In such setup, hundreds people are under surveillance 

over time in different cameras. It's challengeable for security personnel to track people of 

interest within the crowds in accumulated video database over time. Since human facial 

data is the most interested target in surveillance and background scenes are the same, one 

can keep the facial date in video and get rid of the redundant background information for 

indexing or even replacing the huge, full of redundant information, accumulated video 

database. If each person’s facial data in accumulated video database would be segmented 

alone in time order, security personnel could efficiently track the person they want. The 

techniques that segment facial data in video are called Face Detection (FD) techniques, a 

common feature in the most modern commercial cameras. The strategy given here 

reduces video redundancy by 6 orders of magnitude. 

 By FD system on chips, Modern cameras can segment human faces into boxes 

(via color hue) in 0.04 sec per frame, automatically reducing video redundancy by 6 

orders of magnitude.  Unfortunately, this creates purely random boxes in a camera’s 

central storage with different sizes. Thus, facial boxes segmented by FD cannot solve 

Empire 2010 challenge—“who speaks what, when and where” unless the lost time 

ordering of facial boxes is re-established.  

 



�

#��
�

2.2 General Graph Theory 

 In 1736, Leonhard Euler formulated the first Graph Theory to topologically 

represent the travelling salesman/tourist problem as a function G of the vertex and the 

edges  in order to cover 4 places in Königsberg City, in Fig. 2.2., connected by 

7 bridges. The problem was to cross all seven bridges in the condition of passing each 

bridge only once. Euler observed that one enters a non-terminal vertex equals the number 

of time one leaves. In consequences, the number of bridges connected on each non-

terminal vertex should be even. However, all the four vertices are connected by odd 

number bridges. Euler solved the problem by showing it was impossible and formulated 

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

directional one-way for cars  shown in Fig. 2.3. 

 

   (a)      (b) 

Figure 2-2: Königsberg City and its corresponding graph (a) Königsberg City, 4 places 

connected by 7 bridges. (b) The graph of  Königsberg City. 
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Figure 2-3: Königsberg City in 2010 from Google map. From the map, we can see that 

some bridges became directional one way for cars.  

 Graph theory has been applied in many fields and applications such as circuit 

theory, the famous Kirchhoff current and voltage laws, squaring rectangles and layout 

problems in VLSI design, state equation of networks, etc. Despite graph theory has been 

adopted in so many engineering applications, it was rarely applied in image processing 

field until Shi in UC Berkeley proposed a new segmentation algorithm by spectral graph 

theory as his Ph.D. thesis in 1998 [20]. Since then, in 2000, several nonlinear 

dimensionality reduction algorithms were published in Science magazine based on 

spectral graph theory as well, which can be used for similarity sorting of facial poses with 

the same resolutions.     
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 In general, graph is a mathematic structure used to model "pairwise" relations 

between objects from a certain collection. The goal of spectral graph theory is to deduce 

the principal properties and structure of a graph from its spectrum (or from a short list 

easily computable invariant) [21]. The eigenvalues of its adjacency matrix or Laplacian 

matrix are closely related to almost all major invariants of the graph, linking one extremal 

property to another. [21].  In other words, spectral graph theory is to find out the 

properties of a graph in relationship to the characteristic polynomial, eigenvalue and 

eigenvectors of its adjacency matrix or Laplacian matrix. 

 A brief review of directional graph theory in this chapter is given by Szu [22], 

Luxburg [23] and Chung [21]. In general, non-directional graph theory is a special case 

of general (directional) graph theory where ijji WW ,, � . As opposite to non-directional 

spectral graph theory that can sort faces in a collapsed fashion of time but similarity of 

poses, right to left and top to down,  a triple vertices 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 theory from Kirchhoff Laws with the 

terminologies in Szu [22] to non-directional spectral graph theory with the terminologies 

used in Luxburg [23] and Chung [21]. In the definition of spectral graph theory, a 

weighted undirected graph G = (V, E, W) is defined as a non-empty set of: vertices {V} , 

and edges, {E}, that are linked together by some weights, {W} . The weight, W, is 

defined as cost or distance between vertices. An adjacent matrix, A, of a non-directional 

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

non-directional graph. Otherwise, it is 0. 

 Kirchhoff made the first comprehensive investigation of the electrical circuit 

problems and proposed the well known Kirchhoff’s voltage law and Kirchhoff 's current 

law. In his analysis of electrical circuit, +1 for one direction connection, -1 for the 

opposite, and zero means no connection based on the Ohm’s law at an arbitrary potential 

and current at a vertex.  The abstract graph of electrical circuit in his analysis is a directed 

graph.  For a directed graph G=(V, E), with edges connecting nearby vertices to each 

other, it is necessary to assign the bipolar edge maps with asymmetric measure over the 

edge, 0;,0 ,, ��� iiji WjiW  [22]. The minimum Kirchhoff free energy k is defined as 

mapping the weighted graph G with n vertices to a line so that connected vertices stay as 

close together as possible in a directed graph: 

	 	� �
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n
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n

j jijiPP
ffWk

1

2

1 , 0||minmin     (2-1) 

where ),...,{( 1 nffP � varies over all paths along the edges of the graph connecting if to 

jf , i� j.  if  represents ith vertex, i = 1, ..., n.} The minimum free energy k at the ground 

state which may or may not be zero. If it is zero, the unit identity eigenvector of [Ki,j] is 

called the equal membership indicator function 

fKfffWk ji
Tn

i

n

j jijiPP
][2||minmin ,1

2

1 , ��� 	 	� �
, if if i �� ,1 (2-2) 

where [Ki,j] is directional graph Laplacian matrix that will be mentioned later. 

Otherwise, the eigenvectors indicate the degree of participation of each member. 
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 then jiff ji �� ,      (2-3) 

Next, we expand Eq(2-1) 
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One defines the popularity Pi to be the row-sum of all outbound j-th columns to be 

always directed from the first i to all the second index and column-sum for inbound risk 

factor Rj [23]: 
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Lemma 1 [22]: Exchange decomposition is always possible for above fact.  
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,
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1
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By the useful linear and quadratic relationship between them, we can get  
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,

22
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Applying the decomposition to Kirchhoff energy k, we can get  

�� �� kkk     (2-10) 

where  
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Lemma 2 [22]: Even part contributes to the even part of traditional graph Laplacian 

operator: 

][][ ,,
��� �� jiijiji WPK �        (2-13) 
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Lemma 3 [22]: Odd part contributes to the odd Kirchhoff energy only the odd-weight 

matrix: 
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where the third risk term by definition � )(
,

)(
,

�� �� ijji WW   has cancelled the first popularity 

term.  
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Theorem [22]: For a social network, whether the measure is reciprocated symmetrically 

or not, so long as real 0;0)|)()(( ,, ��� iijiji WTracetYfXgW  the Kirchhoff free 

energy is the weighted-LMS of social feature vectors f  in terms of the averaged 

centrality between the popularity row-sum over the columns and the risk by 

column-sum over the rows 
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Remark 1: The directional graph Laplacian matrix K of a directed graph G is defined as  

K and its entries ][][ ,, jiijiji WdK ���� �     (2-17) 

where 
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In undirected graph, the unnormalized graph Laplacian matrix L is define as  

 L=D-W and its entries ][][ ijijiij WdL �� �    (2-19) 

where 
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Example 1, given two weighted matrix 
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� 1=0,  [eigenvectors of � 1 ] are [1 1 1]T 

� 2=1,  [eigenvectors of � 2] are [-1 0 1]T 

� 3=3,  [eigenvectors of � 3] are [1 -2 1]T 

The results are exactly the same as non-directional graph of adjacent matrix 
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015.0

][ 2K , the eigenvalues and corresponding eigenvectors are: 

� 1=0.5,  [eigenvectors of � 1] are [1 0 0]T 

� 2=2.2808,  [eigenvectors of � 2] are [-0.4047 0.7208 -0.5628]T 

� 3=0.2192,  [eigenvectors of � 3] are [0.9098 0.2554 0.3272]T 
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Figure 2-4: Example 1 of the general graph theory. (a) The directional graph is equivalent 

to the non-directional graph. The results of K and L are the same. (b) A directional graph 

that node 2 is disconnected with node 1. In this example, the zero eigenvalue doesn't exist 

because node 2 and 3 are not connected in the direction from node 2 & 3 to node 1.  

 The spectrum graph theory reviewed above is useful for applications of clustering, 

dimensionality reduction, etc. such as similarity sorting of objects in video or text 

recognition, etc. In general, the first step is to construct an adjacency graph so that one 

can get adjacency matrix and Laplacian matrix.  

 There are several popular constructions to transfer given datasets x1,...,xn with 

pair-wise similarities sij or weights (distances) wij into a graph. The goal of adjacency 

graph is to represent the local neighborhood relationships between the datasets. The most 

popular methods to determine the local neighborhood of an adjacency graph are the e-

neighborhoods and k-nearest neighbors. 

 For the e-neighborhoods, as long as the weight (distance) wij between vertices 

ix and jx  is smaller than e, then the vertices ix  and jx  are considered to be connected. 

The advantage of adjacency graph determined by e-neighborhoods is that the local 
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neighborhood relationship is well preserved as long as the e is well determined. The 

disadvantage is that the e is hard to determine properly.  

 For the k-nearest neighbors, vertices xi and xj are considered to be connected if ix  

is among n nearest neighbors of jx  or jx  is among n nearest neighbors of ix . The 

advantage of adjacency graph determined by k-nearest neighbors is that it's easy to 

choose the k and easy to construct the adjacency graph relatively fast than other methods. 

The disadvantage is that the local neighborhood relationship is less geometrically 

intuitive. In other word, the geometry of the local neighborhood is less accurate than 

determined by  -neighborhoods. 

Example 2, given 7 different facial boxes in different poses shown in Fig.2-5 (a). In 

Fig.2-5(b), the 7 facial boxes is in a random order. We wish to sort those facial boxes in 

the order of pose similarity.  

Step 1: Construct the adjacency graph. In this example, we use the k-nearest, k=2, to 

construct the adjacency graph and the adjacency matrix is 
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Step 2: The first and second nonzero eigenvalues and the corresponding eigenvectors of 

both eigenvalue are listed below: 

� 1 = 0, [eigenvectors of � 1] = [1 1 1 1 1 1 1]T 

� 2 = 0.3820, [eigenvectors of � 2] = [1.2121  -1.2121 1.2121 0 -1.2121 0.7491 -0.7491]T 

Step 3: Sort the seven facial boxes by the order of eigenvectors of � 2 and the result is 

shown in Fig. 2-5. 

     

(a)   (b)   (c) 

Figure 2-5: Example of similarity sorting of 7 facial poses. (a) Seven facial boxes with 

different poses in time order. (b) Seven facial boxes with different poses in a random 

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

 

2.3 Dimensionality reduction 

 The history of dimensionality reduction (DR) techniques can trace back to 1901, 

when Pearson introduced Principal Component Analysis (PCA) [24]. PCA is a method 

that reduces a number of correlated variables to a smaller number of uncorrelated 

variables called principal component. It involves the calculations of eigenvalue 
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decomposition of a data covariance matrix. In the result, PCA is an orthogonal linear 

transform that transform the datasets to a new coordinate composed by orthogonal 

vectors that best describes the variance of the datasets. The constraints of PCA are: the 

distribution of input data is Gaussian and the manifold of datasets in lower dimensions is 

linear.  

 Another early breakthrough of dimensionality reduction methods is 

Multidimensional Scaling (MDS) [25] introduced by Torgerson in 1965. It is a nonlinear 

dimensionality reduction method used for exploring similarities or dissimilarities in 

datasets. MDS finds an embedding that preserves the inter-point distances. When the 

distances are Euclidean distances, MDS is equivalent to PCA.  

 From PCA and MDS, we can conclude two major different approaches of 

dimensionality reduction. The first approach is to find the degree of freedoms of datasets 

that can represent the datasets in the lower dimensions. In general, those degree of 

freedoms are also called principal components or principal eigenvectors in different DR 

methods. Another approach of DR is to find an embedding that preserve the structure of 

datasets in the lower dimensions. The structure preserving are classified as either local 

structure preserving or global structure preserving. Understanding these two approaches, 

PCA and MDS, are important for learning different DR methods because most DR 

methods have the same approaches but with different criterion.  

 A generic problem of dimensionality reduction (DR) is as follows. Given a set of 

x1, ..., xn, of n point in Rl, find a set of y1, ..., yn in Rm (m<<l) such that yi "represents" xi. 

If the technique result in each of the m <<l  components of the new variable is a linear 
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combination of the original variables, the technique of DR is linear; otherwise, it's 

nonlinear DR. The dimensionality reduction is to find a lower dimensional representation 

that captures the content in the original data according to some criterion. In other word, 

not all the measured variables are important for understanding the datasets. For example, 

facial poses can be thought as lying on an intrinsically three dimensional manifold that 

can be parameterized by two pose angles and light intensity (angles � 1, � 2 and light 

intensity). Sorting specific facial poses in video imagery is classified as a spectral 

clustering problem or a dimensionality reduction problem. In certain sense, clustering and 

dimensionality reduction by spectral graph theory are two sides of the same coin.  

 In 2000, Isomap [26] and Local Linear Embedding (LLE) [28] were published in 

Science to discover the nonlinear manifold underlying complex datasets that PCA and 

MDS couldn't. Since that, more DR methods, i.e., Laplacian eigenmap [28], Diffusion 

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

 

  A main purpose of electrical and computer engineering discipline is to serve the 

humans better by means of user-friendly interfaces.  The interfaces are mediated with the 

electric power line for the illumination, the efficient computer design, system operation 

and control, signal & image processing, displaying, wired and wireless communication 

and the Internet infrastructure, etc.  All these sub-discipline areas could be involved with 

5 human sensory systems. One of the important exploitations about the interfaces is to 

understand the constraints of the interface. For example, the replenishment rate of photo-

receptors in human visional system (HVS) is about 1/17 second, which is an important 

constraint useful for the movie design at 15Hz. The refresh frame rate in early RCA TV 

is 29.7 Hz interlaced frames which have merged two interlaced images into frames 

Moreover, to avoid the flickering; the frame rate of video per second is raised from 29.7 

to 59.94 Hz. Now it becomes a standard even for a high resolution parallel display such 

as Plasma Display, Liquid Crystal, and modern ultra-high nanotechnology display similar 

to rods about the size of 10nm, e.g. one Carbon Nano Tube per pixel [53].  Several 

selected topics of human vision systems such as scale invariant tracking that are relevant 

to video organization principal are discussed in this chapter. The discussion is limited to 

HVS optical resolution properties, and the anatomy is discussed only to the extent to 

which it impacts the image and display quality. 

 How do we perceive an "image"? A simple answer is: light enters the pupil of eye 

in human vision system, and focuses at the fovea where the aforementioned cones and 

rods sensors pointing back to the focusing lens to avoid a direct UV exposure to damage 
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the sensors. From the cones and rods a neural transmittent is created by the stimulations 

signal (cf. Fig, 1 HVS eyes). The neuronal firing rate about 100Hz travels through the 

optic nerve, crossing over the nerve coming from the other eye, and reaches an organ 

called the lateral geniculate nucleus (LGN). Outputs of the LGN are similar to an over-

completed set of Mexican hat wavelets sent towards the visual cortex 17 region of 

V1~V4 areas forming the edges, features, colors, and shapes at the back of the brain to 

become an image in our consciousness. The steps of light entering the eye and converting 

it to electric nerve signals to LGN are well known and clearly defined [30,  31]. However, 

how to generate and store an edge enhanced 3-D-time video image is still subject to much 

research in the full understanding the strategy of memory, storage and recall is not 

touched in this thesis.  

 

3.1 Optical System of the Eye 

 The optical recognition system of the human face, ocular features, and eye iris are 

relevant to the real-world cooperative biometry surveillance. It composes of three main 

components, the lens, the cornea, the dynamic iris, which can be oscillating at ¼ Hz ~1 

Hz depending the age groups under the direct stimulus of blue light upon the light-

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

 Cornea: The cornea is tough, white outer shell and the transparent surface of the 

eye. The transparency portion of cornea is about 0.5 to 0.6mm thick at its center, that is 

facilitated by the regular arrangement of the layers of collagen fibers [32]. The shape of 

cornea is a key contributor to aberrations of the eye.  For myopia, laser refractive surgery 
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induces the changes of corneal shape that may correct the mean defocus error but often 

leave large amounts of aberration [33-35].  

������
&��

)��

��
&��
��)�


������
���/

����

�	��

�
���

��	��


������
��	)�

����	


	����


 

 

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

difference of Ming Kai Hsu [48]. 

 Light entrance pupil and the circularly symmetric curtain-like iris covering the 

pupil: The pupil serves two main optical functions: The first function is that it controls 

the amount of light that reaches the retina and the second function is that it alters the 

numerical aperture of the eye's image system. To image important spatial frequencies for 

human uses, the optimal adjustment of dynamic pupil size is a factor 4 between 2 mm 

and 8mm in diameter [36-38]. The size of pupil is controlled by iris curtain and the iris 

can expand and contract the pupil from approximately 2 to 8 mm. The iris is a circular 

curtain over the pupil, light entrance of retina, which is controlled directly by the 

intensity of blue light from intrinsically photosensitive Retinal Ganglions cells (ipRGC) 
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of type 3 (non-rod, non-cone) in the retina within the eye [39]. The ganglions type 3 that 

control the iris pupil size are response to the short wavelength violet to bluish light to 

avoid too strong luminance and UV damage. The iris has a fine radial symmetric folding 

texture, like fingerprints, that are located in the interior to the protective cornea and can 

be altered useful for human cooperative biometric for the unique and robust recognition. 

In Sir John Daugman's research [48], the degree of freedoms of iris  are about 250 about 

one fold per degrees located independently along each of the radial direction from 2 mm 

to 8 mm for each individual which is an order of magnitude more than the fingerprints 

about 35 degree of freedoms in ridges and bifurcations, and face features, 20 different iris 

textures. Recognition through the iris pattern for cooperated passengers works well at a 

close distance, from nose-on to 3 meter and the performance drops suddenly by a factor 

of 250 as the resolution of a root top singularity erodes . However, for non-cooperated 

passengers or passengers at far away, > 3 meter, static iris recognition doesn't work.   

 A new iris recognition called Dynamic Iris Recognition is proposed in 2010 for 

non-cooperated passengers at long distance [47]. The dynamic control of iris is based on 

the response time of ipRGC adjusting the size of iris. The iris dynamic is separated by old 

and young, wellness and illness. When iris texture is unclear at far distance, the iris 

dynamic is still an invariant feature that can be used for early warning.  

 Lens: The lens is positioned behind the iris. The lens adds another 20-30 diopters 

to the optical system. The curvatures of lens is controlled by the ciliary muscle. When the 

ciliary muscle is contracted, the curvatures of lens is increased and making the eye focus 

or "accommodate" on the near object [40]. On the contrary, when the ciliary muscle is 

relaxed, the curvatures of lens is flattened and allowing the eye to focus on distant objects, 
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as shown in Fig. 3-2. The lens tends to harden as it ages and the ability of changing its 

shape is diminished [41]. This combined with other factors, such as increasing lens size, 

the changing location of the insertion points of the zonules, and the aging of the ciliary 

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

Fig. 3-3 [42, 43]. 

                    

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

 

 

Figure 3-3: The ability of the lens to accommodate to different 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 looks like when viewed through the 

pupil. The visible layer is called the retina and it contains two important regions: the 

fovea and the optic disc where the optic nerve leaves the eye to transfer its signal to the 

brain. In Fig. 3-5, it shows a schematic model of the different layers of cells in the retina. 

The incoming light passes through all other layers but the last layer, the pigment 

epithelium, which reflects the light back onto a layer which contains photoreceptors [41]. 

Those photoreceptors face away from the direction of the incoming light and catch the 

light after it is reflected backwards.    

 

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

from [44]  

 The photoreceptors or ganglions are categorized into three types, cones, rods and 

ipRGC mentioned in iris section, which have different properties. The first difference is 

the number. The eye contains about 6 to 7 million cones and the number of rods is much 

larger, 100 to 150 million. The second difference is the location. The cones are highly 

concentrated at the fovea and the rods are mainly cover the periphery of the retina, as 

shown in Fig. 3-6. In Fig. 3-6, the blind spot is the location of the optic disc where the 

optic nerves come together and go the brain. The rest differences are functionalities in 

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

[44]. 

 

 

Table 3-1: Differences of rods and cones in functionalities. 
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Figure 3-7: Normalized spectral sensitivities of the rods and three different types of cones 

for blue, green and red light sensitivities [30, 31]. The picture is from [44].  

 

3.3 Perception 

 The biology of human vision system and characteristics of photoreceptors were 

introduced in the previous sections. This following section will introduce the 

characteristics of human perception and the effects that influence human perception.  

 

3.3.1 Contrast Sensitivity 

 Contrast sensitivity is a major property of human perception. In practice, many 

definitions of contrast are used [45]. Generally speaking, contrast is the difference in 

luminance between an object and its surroundings. In psycho-visual studies, the contrast 

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

b
bf

C
�

�       (3-1) 
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The optical definition of contrast C is  

bf
bf

C
�
�

�       (3-2) 

where f is the maximum luminance of an object and b is the minimum luminance of its 

surrounding in the image. 

 For human perception, high contrast increases our ability to distinguish objects 

and details of objects. The minimum contrast for human eyes to distinguish an object and 

its surroundings is 0.02 [46] by Weber ratio W 

L
L

W
!

�       (3-3) 

where L! is defined as the luminance difference between the central area and the overall 

image luminance and the overall image luminance is defined as L. The Weber ratio varies 

significantly with size and shape of the foreground and the background of an object 

because the human contrast sensitivity function varies with spatial frequency of the 

details in Fig 3-8.  

 

   (a)     (b) 
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Fig 3-8: The contrast sensitivity function. (a) The Campbell-Robson charts is from [44] 

(b) Normalized human contrast sensitivities as a modulation transfer function (MTF) of 

the spatial frequency from [44].    

3.3.2 Contrast masking 

 An important property of human vision system is that the changes of contrast at 

high frequency are not as sensitive as changes of contrast at low frequency. This property 

plays important roles in many image and video compression algorithms. A smart 

compression algorithm can apply extra compression to high frequency areas to achieve 

better compression ratio without lowering the image quality in the point of view of 

human perception.  

 

3.3.3 Luminance Adaptation 

 The human vision system can process a wide range of light intensities, from dark 

to bright. However, our eyes cannot process both very low and very high light intensities 

simultaneously. The amount of incoming light is adjusted by the iris mentioned in section 

3.1. Besides, dark and bright light are processed with different photoreceptors. When a 

human goes from a well-lit environment to a dark environment, it can takes up HVS up to 

15 minutes to fully adapt. On the other hand, when a human goes from a dark 

environment to a well-lit environment, it takes HVS only few minutes for adaption. This 

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

 Cones, 6 million cells, are distributed non-uniformly in polar-exponentially grids 

at the fovea, which is densely packed in the middle of the fovea and exponentially 

dropping out in the peripheral, illustrated in Fig. 3-6.   The high density of cones at the 

fovea allows us to perceive the light that falls onto it in a great detail also known as high 

resolution. However, the size of fovea is tiny, the fovea only corresponds to about two 

degrees of total field of view. The fovea is merely 1% of the size of the retina but it takes 

up over 50% of the visual cortex to process its data [49]. On the contrary, the peripheral 

vision has a significantly lower spatial resolution comparing to the foveal vision. The 

image becomes progressively blurred the farther away from the fovea, illustrated in Fig. 

3-9.   

 

  

Figure 3-9: An example of foveal and peripheral vision. (a) Original image (b) when the 

eye is focusing on the lady in the foreground, the resolutions 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) gracefully degrades the scale of 

faces by focusing on the centroid of the faces, say nose and/or eyes mentioned in foveal 

and peripheral vision. This is accomplished by taking a log transform along the radial 

direction of the facial center so that the peripheral boundary sizes are less sensitive to our 

eye. It is achieved by the layout structure of cones and rods and greatly reduces the 

complexity of image registration on moving objects.   

 Physiologically speaking, we have 150 millions night vision ganglions, rods, 

distributed non-uniformly in polar-exponentially grids at the fovea, which is densely 

packed in the middle of the fovea and exponentially dropping out in the peripheral.  Let 

the location of each rods is denoted by vector ri.  There are about 100 rods that share 

through an integrator called ganglion firing through a single neuro-fiber at the fovea 

output denoted as vector uj to the cortex 17.  Altogether there are millions neuro-fibers 

that are closely packed together into a uniform output bundle towards the Lateral 

Geniculate Nucleus (LGN) [50].  For example, the input i-th pixel of facial boundary is ri 

= exp(uj ), which is equivalent to the output uj =log (ri ) achieving a massive parallel 

flow-through logarithmic scaling transform without even computing.  In other words, 

when a face changes its size with a scale factor s at )exp( ''
iii usrr ��  implying 

jiiii usrsrru ����� )log()log()log()log( '' . Therefore, a size of half s=2 change, for 

example, gives loge (2) =ln(2)=0.69 which is small fraction over many pixels.  This is 

why HVS night vision enjoying a graceful degradation of sizes can furthermore integrate 
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hundreds photons required for better SNR in the moon night.  An equivalent adaptive 

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

 In this chapter, fundamental properties of human visual system related to human 

perception are reviewed. In biology, the next step is interpreting the perception in convex, 

such as foreground and background separation, object detection, tracking, recognition, 

identification, etc.  

 The interpretation of images is called information understanding of images. For 

video information understanding, similar processes of how humans interpret perception 

are necessary as well. In information understanding, image context is a constraint and it 

guides the information understanding in the right direction. With this concept in mind, a 

time ordering reconstruction can be formulated to an equivalent problem; how much 

context information is needed for perfect time tracking? On the other hand, we want to 

minimize the background as much as possible for storage 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 data rich environment, thus, the 

scientific community has developed various pre-processing and post-processing 

techniques to deal with the curse of dimensionality, a compressive sensing [4, 5] is a 

concept when one doesn’t need the sinusoidal frequency components information, one 

shall not sense it with the Fourier Transform (FT) kernel, but by using wave packet 

kernel, called the Wavelet Transform (WT).  However, for videos, we improve further 

with the Adaptive WT [10], which allows the dynamic evolution several super-mother 

wavelet kernels each matches the singularity jump moment in time window evolving 

image content, and therefore create an efficient natural spatiotemporal compressive 

sensing. Contrast to the conventional redundancy reductions or data compressions, in 

Joint Photographic Experts Group (JPEG), Moving Picture Experts Group (MPEG), Face 

Detection and Dimensionality Reduction (DR) algorithms, are benefited by Isomap [26], 

Local Linear Embedding (LLE) [27], Laplacian Eigenmap [23], [28] and Diffusion map 

[29].  They have been developed to discover the nonlinear manifold underlying complex 

data-sets that traditional dimensionality reduction methods, e.g. Principle Component 

Analysis (PCA) [24] and Multidimensional Scaling (MDS) [25] couldn't do.  In addition, 

more DR algorithms [54], [55], [56] have been developed by encoding objects as 

matrices or tensors. A generalized frame work for dimensionality reduction has been 

presented in [57].  

We shall define a generic dimensionality reduction (DR) concept for video data-

sets as follows.  Every lexicographical order of pixels of the i-th video frame, LxM pixels, 

forms a long vector ),(LxMOX t �  subscript t =1,...,N, has its own intensity values, the 
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video itself becomes an exceedingly high dimensional set of light spots O(L x M x N 

time-frames).  All these light spots are contributing to the Haken’s cooperative and 

competitive self-organization phenomena [58], [59], which yields the collective degrees 

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

To deal with the curse of dimensionality in the persistent surveillance without 

archival database, different strategies mentioned above must compared at the “déjà vu” 

sense to alert law enforcement for a potential intrude, recovering time sequence of the 

recovery data-sets  is paramount to answer the question of “who speaks what, when and 

where.” In the dissertation, a video organization principle is given and demonstrated in a 

controlled persistent surveillance environment. This can also generalized to other 

applications such as (i) smart grid infrastructure, (ii) biomedical wellness web, and (iii) 

hyperspectral data for precision farming, etc.  

In persistence surveillance, video cameras are remotely set up for security reasons 

while low-cost audio recorders are hidden locally within the persistent surveillance field. 

To reduce the video storage size requirement, one can extract facial poses from each 

video frame and store those facial boxes instead of the video, which reduces the storage 

size by 6 orders of magnitudes. The face detections, by facial color hue, and extractions 

in video are implemented by a face detection (FD) [14] system on chip. Adding time 

stamps on facial boxes is not recommended because it may be insufficient to reconstruct 

time order and takes extra time. For example, when there is a crowd in a single camera, 

faces of a crowd may be blocked by each other, obstacles, or detected without enough 

size, these faces are ignored by face detection techniques. Moreover, when passengers 

move past each other, the face of unwanted people momentarily fill the location of the 
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face of the person of interest. In the consequences, facial boxes cut from each video 

frame are labeled by time stamps but the orders of facial boxes from each frame are still 

in random order. Due to the reasons mentioned above, the collection of facial poses in 

video over time is stored in a randomized order for further process.  Such a loss of 

temporal correlation requires a reestablishment of the association across different sensor 

modalities that may help to ascertain “who said what, when, and where.”   

A passenger was walking in an airport transit looking left, right, and left again for 

the exit sign and speaking to her son about “where is the exit?” Both of their facial foxes 

were collected in Fig. 4-1(a). In Fig. 4-1(b), facial poses were sorted from left to right and 

top to bottom by graph embedded dimensionality reduction algorithms such as Laplacian 

Eigenmap, etc, that is good to pick out mug-shots of each person, but they cannot 

reconstruct the time ordering of walking passengers which is necessary to associate with 

an acoustic manifold finding out what have been spoken. On the other hand, in Fig. 4-

1(c), video and audio were correlated by the reconstructed time ordering of passengers in 

video, Furthermore,  the walking speed of a passenger could be determined from a set of 

time ordered facial boxes alone.  

A time order reconstruction requires the careful differentiation between the   

continues notion of the time versus the discrete sampling of time known as the time 

ordering.  Thus, we begin with a concept of a clock, Newton's concept of time, which can 

mark one time unit with a "tick and tock”.  Then, the unit of time must be followed by 

another unit “tick and tock” to indicate the 2 units of time order.  This fact of directional 
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flow may be described by a product of triple relation functions [4-10], 
mlkkji tttttt WW ,,,, , 

where the common node represents a discrete sampling point of time.  

 

 

(a) 

 

   (b)      (c) 
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Figure 4-1: Cross track association: This collection of facial poses of different passengers 

is stored in a randomized order in the computer for processing.  Current NDR techniques 

(sorting facial poses by similarity, left-to-left, right-to-right, etc.), yield results that cannot 

reconstruct the time order and hence cannot solve the cross track association of video and 

audio.  On the contrary, if we can precisely reconstruct 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 norm distance used often in the 

conventional image processing called the Least Mean Square (LMS) error energy 

distance, in Eq.(4-1) represents a measurement of intensity similarity (or for 

neighborhood determination) between two images,  

2

),,(),,(
||||minmin ji

jijijiji
xxe ��

��
     (4-1) 

where ix  and ix are images and represented by a single vector O(LxM) of image size 

LxM consisting of all gray pixel values of the whole image.  Although in general, the 

norm distance may not necessarily be the accurate metric to determine the similarity (e.g. 

other pertinent features: color of clothes, texture background of the person).  In our grey 

scale video applications, Eq.(4-1) seems to be adequate for image sorting of facial 

surveillance videos provided that we have a pre-processing called morphological 

binerized centroid registration of each short exposure in a facial box, inspired by a 

graceful degradation of scaling in human visual system. 
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 If we explicitly combine the Maximum Likelihood Cost Function together with 

the Graph-Laplacian Diffusion distance, the similarity metrics becomes identical to our 

Self-Reference Matched Filter (SRMF) where Di xx � in Eq. (4-2) and itj xx � . The least 

mean square energy is as follows:  

)]
2

||||
log[exp(min)],(log[min)2/||(||min)2/(min

2

),,(),,(

2

),,(),,( "
"" ji

jiji
jiijjiji

ji
jijijiji

xx
xxGxxe

�
�������

����
 

        (4-2) 

Coifman et al. have adopted the graph-Laplacian spectral theory 
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�� where �  is the standard deviation of 2|||| ji xx � �   to sort 

facial poses as an example of nonlinear dimensionality reduction [29].  Without creating 

any confusion, we have associated, for 2 sets of readerships familiar with video 

processing and with NDR graph theory, a snapshot time index itx freely with the vortex 

node ix of a face image. The minimization process, min in Eq. (4-2), is due to the 

opposite algebraic signs. The first term  itx represents an  individual face image and Dx  is 

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

exposure (LE) defined as:  
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      (4-3)  

The instantaneous output it xx i �  is the short exposure (SE) facial images. The SRMF 

can select a short exposure (SE) with min. square norm distance error to long exposure 

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

Figure 4-2: SRMF illustration: In this single video setup, the passenger is limited to 

walking through a narrow corridor towards the camera. (a) Short exposure (SE) of 20 

video frames in different sizes. The first 10 frames have 58x58 pixels and the last 10 

frames have 59x59 pixels (8 bits dynamic range) (b) For frames from 1 to 10, the pixels 

in 59th row and column are set to 0. From Eq.(4-3), Long Exposure (LE) is a blurred but 

is the statistically correct centroid of the frontal pose, 59x59 pixels (8 bits DR) (c) square 

norm distance error between  SE and the LE. The min. norm distance error of SE happens 

on 10th frame and the bit error per pixel is 0.05 due to size and background difference. 

 

4.2 Morphological Binarized Centroid Registration Algorithm 

In remote video surveillance, facial data acquired from video is generally a lower 

resolution than photographic biometric resolution, which typically must have at least 12 

pixels between the eyes defined [20].  Our time order reconstruction algorithm must 

follow this constraint as well.  A static face is regarded as a collection of pixels with light 

intensity on each pixel.  This collection of pixels also specifies the Cartesian coordinates 



�

(8�
�

of a point with respect to a set of axes. Therefore, a point can represent a face in an 

abstract image space [2-4].  For facial images of walking passengers, they can be 

visualized as lying on a  three dimensional manifold that can be parameterized by two 

pose angles and changes of resolution, assuming light intensity is constant in a short 

duration, perhaps lasting over tenth seconds 

 Our goal is to sort the time order of changing faces among backgrounds. We are 

motivated from human visual systems (HVS) to derive a morphologically efficient 

preprocessing technique.  It allows us to track a maximum overlapping common 

foreground faces among changing perspectives and size distances.  Some boxes have a lot 

of background information and some boxes do not.  Before comparison between facial 

boxes, image pre-processing is needed to deal with the different sizes of boxes and any 

unwanted background information.  

 To achieve a morphologic registration of the facial invariant centroid, we will 

approximate the aforementioned color hue for face detection by the grey scale intensity 

thresholding.  For example, we choose the Heaviside step function of the gray scale g by 

an arbitrary �  threshold: u= Heaviside 1|1| ��
#
g

 if ;#�g �zero if otherwise.  Instead of 

the logarithmic transform of million coordinates for the scale invariance, a real-time 

morphologic pre-processing is a simple binarized centroid determination at the middle of 

unity counts, shown in Fig. 4-3.   

 Binarized centroid registrations: For N face boxes (SE) in different sizes, a 

complete segmentation of a face box R is a finite set of regions R1, ..., Rs, 
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s
i ��$� � ,,1 �%      (4-4) 

The morphologic segmentation is likewise resulted from the threshold operation that 

transforms an input gray-scale image f to an output binary image g as follows: 

1),( �jig  for Tjif �),(      (4-5) 

0�    for Tjif �),(       

where T is the threshold of pixel intensity, g(i, j) = 1 for the face, and g(i, j) = 0 for the 

background illustrated in Fig 4-4. Now, assuming there are n pixels =1 in g and their 

coordinates values of 2 dimensional image are denoted in C(i) and C(j) respectively. 

n

iC
i

n

i
F

	 �� 1
)(

  where g(i, j) = 1    (4-6a) 

n

iC
j

n

j
F

	 �� 1
)(

 where g(i, j) = 1     (4-6b) 

),(),(),(),( ''
bbFF jijijiji ��� for every pixel in the image f  (4-7) 

),(),(),(),( ''
LELEFFllll jijijiji ��� for every pixel in the image f  (4-8) 

Where ),( FF ji  is the binarized centroid of the face in ith face box (SE),  ),( bb ji  is the 

geometric centroid of the ith face box, subscript l in  ),( ''
ll ji  indicates the ith image f 

translation from the ith coordinate to the laboratory coordinates system. ),( LELE ji  is the 

binarized centroid of the long exposure determined by Eq.(4-6). The first pass centroid 

registration is demonstrated in Eq.(4-7) and Eq.(4-8) is the 2nd pass centroid registration. 
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The determination of T's gray scale value is critical in this algorithm. For optimization of 

the threshold, different strategies have been developed for different sceneries [62]. An 

example of real facial boxes is illustrated in Fig. 4-5. The robustness of the binarized 

centroid of facial boxes is discussed in the Appendix. 

 

(a)   (b)   (c)   (d) 

Figure 4-3: Steps of finding a common central facial portion. Facial center allows us to 

cut identical central portion of each face. (a) Translation from facial center to box center: 

two facial boxes are in different sizes. The dot is the binarized centroid of the face and 

the square is the geometry centroid of the box. The first translation is to move the face 

from binarized centroid of the face to the geometry centroid of its box.  After that, a 

transformation is applied to every face box from its original coordinates to the laboratory 

coordinates. In (b) Registration of every face box to the centroid of the long exposure: the 

triangle is the binarized centroid of the long exposure in Eq.(4-5).  (c) Choose common 

portions of faces: after the two translations, major facial features such as the eyes, nose 

and mouth of every face box are relatively close under the same coordinates.  It is crucial 

so that norm distance or Gaussian diffusion distance can be adequate for a similarity 

measurement.  (d) Clean cut foregrounds: every face box is cut by a rectangle template to 

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

  

   

(c)      (d) 

Figure 4-4: An example of how thresholds play an important role for partitions of images. 

(a) 49 images in 256 gray scales. (b) Partition result of each image by the threshold that is 

the mean, around 60-70 gray scales, of each image. (c) Partition result of each image by 

the thresholds between 122 to155. (d) Partition result of e ach image by 4 thresholds 
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corresponding to 4 sub-regions of the each image. Clearly, the partition result in (d) is 

better than (b) and (c). The result of the maximum overlapping region of each image from 

(d)  is better as well.  

 

     

(a)    (b)    (c) 

  

(d)     (e) 

Figure 4-5: An example of binarized centroid registration algorithm for finding maximum 

overlapping area of facial boxes in different box sizes and image resolutions. (a) the 

original 49 facial boxes in different box sizes, 53x53 to 57x57,  and image resolutions. (b) 
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the results of registrations in the order of "facial centroid to box centroid", "translation to 

lab coordinates" and "translation to long exposure coordinate". (c) the crop result: the 

crop size is 40x40 by the partition result of each image in Fig. 4-4(b). (d) The crop result 

by the partition result of each image in Fig. 4-4(c). (e) The crop result by the partition 

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

 

Binarized centroid registration algorithm: 

 1. Step 1: Find the binarized centroid of every face and translate the binarized 

 centroid of face to the geometry centroid of each face box.  

 2. Step 2: Then, translate every face box to the laboratory coordinate 

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

 Eq. (4-3). 

 4. Step 4: Remove unwanted background by rectangle template. 

 In two pass binarized centroid registrations, we used the properties of the 

benchmark for face detection techniques; the eye(s), nose and the mouth have to be inside 

of the facial boxes if they are in video. Otherwise, the detection result is incorrect.  When 

we developed and tested our algorithms, we assumed that every cut out facial box was 

correct. In other word, every facial box should have eye(s), a nose and a mouth in it.  It 

also implied that no matter what size of facial boxes were, they were partially overlapped 

in content, area of eye(s), nose and mouth even they were in different sizes and 

resolutions. With the condition mentioned above, in most facial poses, eyes, nose and 
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mouth are always around the face centroid in the facial boxes except poses of heading 

left-most and right-most.   

 

4.3 Time Order Reconstruction 

 Conventional graph theory has begun in statistical mechanics for partition 

function Meyer expansion in terms of irreducible graphs, which has since been applied in 

many fields and applications such as circuit theory, the famous Kirchhoff current and 

voltage laws, squaring rectangles and layout problems in VLSI design, state equation of 

networks, etc. In general, graph is a mathematic structure used to model "pairwise" 

relations between objects from a certain collection.    

 

4.3.1 Basic Assumptions and Properties of Time Order Trajectory on an Abstract 

Manifold 

In an abstract high dimensional manifold, the connectivity between each node is 

determined by degrees of freedom and the distance between each node is called geodesic 

distance varying with what a degree of freedom is of the connectivity. To understand the 

underlying phenomena between each node in the manifold, one can sort each node 

embedding in line in a certain degree of freedom such as facial poses, intensity, etc. and 

such a technique is called dimensionality reduction (DR).  In Fig. 4-6, 3 different 

connections of facial boxes are illustrated. In this example, the geodesic distance of facial 

poses, attitude and time ordering of faces are all different. The exact geodesic distance of 
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a certain degree of freedom is unknown. One of the goals of DR is to find a geometry 

distance approach that is close enough to a certain geodesic distance. Of course, the 

geometry distance approach of different geodesic distances may be different as well. (The 

geometry distance refers to the distance calculated from mean square distance, norm 

distance, and feature distance, etc., that come from the datasets in a certain coordinates 

such as Euclidean coordinates.)     

  

�

(a)     (b) 

�

(c)     (d) 
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Figure 4-6: Connectivity of facial boxes is determined by the selected degree of freedom. 

(a) A set of facial boxes with undetermined connectivity. (b) The connection is 

determined by a degree of freedom of facial poses, left to left and right to right. (c) The 

connection is determined by a degree of freedom of facial attitudes, top to down. (d) The 

connection is determined by a degree of freedom of time ordering of faces.   

 In a high dimensional datasets, it's hard to find the underlying phenomena of 

datasets. The underlying phenomena are often described in a term of degrees of freedom.  

In physics, a term of degree of freedom is used to explain the dependence on parameters 

or dimensions of a phase space [63] (a space in which all possible states of a system are 

represented and each state is a unique point in the space). This phase space concept is 

very close to the perspective concept of facial images in an abstract space introduced in 

Chapter 2&4.    

 Ansatz 1: Assuming the projections of a passenger’s faces walking toward the 

cameras are one to one mapping to a low dimensional space. This low dimensional space 

is a low dimensional curvilinear coordinates for Euclidean space which satisfies the 

differential additive property by ordered components.  

 The sampling rate is fixed. The interval of between each sampling is fixed. 

Though, the change (or distance) between each facial image is not identical and it can be 

easily verified by simulations. This space is a low dimensional curvilinear coordinates 

illustrated in Fig. 4-7 (a).      

 Definition 1:  We named the space described in Ansatz 1 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 same passenger) is a trajectory on 

the manifold. The time order is analytic and unique.  

 Definition 2: The distance on the time order trajectory between each time frame is 

named as geodesic distance which satisfies the shortest existing path between two time 

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

 In this thesis, the geodesic distance between each data (node) in a certain degree 

of freedom is represented by a correlation W. The correlation W can represent pair-wise, 

triple and so on, up to n correlations. If a certain degree of freedom exists in a manifold 

composed of the data-sets, the embedding in line of each node is a trajectory on the 

manifold.  

������

$���
�����

%
������
�

(a) 
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(b) 

�

(c) 

Figure 4-7: Assumptions of time order reconstruction. A passenger's facial boxes are 

captured by a camera. The poses, light intensity, background, resolution, etc. of the facial 

boxes are changing over time. (a) For those facial images, they can be thought as lying on 

an intrinsically low dimensional curvilinear coordinates (b) The recorded sequence of 

facial images can be thought as a trajectory on the manifold. In this abstract nonlinear 
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manifold, the distance between each node on the trajectory satisfies the Eq.(4-9). (c) 

Moreover, the geodesic distance between Dt and Dt+2 is equal or smaller to the sum of the 

distance between Dt and Dt+1  and the distance between Dt+1 and Dt+2 in (c). 

Lemma 4-1: When the sampling rate is fast enough comparing to a moving passenger, 

the video sequence of the passenger captured by the camera satisfies the following 

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

IntegerstandstDDDD stttt ������ && ,1,1    (4-9) 

where tD  is a node representing a facial box and the subscript label t and s are the time 

indices of the time ordering of nodes on the manifold. The ||·|| represents the geodesic 

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

Proof: With enough sampling rate, each sampling interval it!  i = 1,...,n is small and the 

distance within each interval is denoted as 
igd! where i = 1,...,n. Let �  is equal to the 

smallest  
igd! . One can find each 

igd! which is less than 2�  by adjusting  it! . 

Lemma 4-2: the geodesic distance between Dt and Dt+2 is equal or less to the sum of the 

distance between Dt and Dt+1  and the distance between Dt+1 and Dt+2 in Fig. 4-7 (c). 

IntegertDDDDDD tttttt ����'� ���� ,2112    (4-10) 

where tD  is a node representing a facial box and the subscript label t is the time index of 

the time ordering of nodes on the manifold.  

Proof: It has been proven in [64].  
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 Since geodesic distance on the manifold is unknown, Bernstein et. al. [64]  have 

proved that one can estimate the unknown geodesic distance between data-sets on the 

manifold  by the graph distance with respect to the graph G constructed by the data-sets 

when the data-sets,  acquired by high sampling density function, are well distributed and 

covered the entire manifold. This is why many dimensionality reduction methods based 

on graph theory can approach geodesic distance by the graph distance. So do we in this 

dissertation.  

 Next, as aforementioned, we define the time order by a concept of a clock, 

Newton's concept of time.  We assume that a time difference is represented by a "tick and 

tock". A "tick" and a "tock" are equivalent to moving from one node to another node in a 

graph. In video, each facial box is a node. Then, the time order is assumed as the change 

of time difference and equivalent to a "tick and tock" followed by another “tick and tock”. 

Since a "tick" and a "tock" are described as moving from one node to another node, the 

connection between two nodes could be determined by the pair correlation. 

 Each facial box is registered to the long exposure on the same coordinates with 

the same size by morphological binarized centroid registration algorithm given in Ch. 4-2. 

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

x
xxxxR ��� 2121 ,),(       (4-11) 

The physical meaning of image pair correlation is equivalent to the production of 

overlapping area and Eq.(4-11) can be written explicitly as  

	 	� �
�����

L

x

M

y xxx
yxIyxIxxOxxxxR

1 1
212121 ),(),(),(,),(

21
 (4-12) 
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where O is denoted as overlapping area and each facial box ix  is written as ),( yxI
ix , i = 

1,..., n. and the size of each facial box is LxM. Each facial box is registered to the long 

exposure on the same coordinates with the same size by morphological binarized centroid 

registration algorithm given in Ch. 4-2.  

Lemma 4-3: In graph distance of data-sets, when one of the jx or ix is fixed, finding the 

maximum of Eq.(4-12) between jx  and ix is equivalent to finding the minimum of graph 

distance between jx  and ix .  

Proof: The square of graph pixel by pixel distance is  
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)],(),(2),(),([

)],(),([
  (4-13) 

 When one of the jx or ix is fixed in Eq.(4-13) and Eq.(4-12), it's trivial that the finding 

maximum �� ij xx , is equivalent to finding minimum distance between� jx and ix ���

� � � � � � � � � � � Q.E.D 

 In Lemma 4-3, it implicitly pointed out that when two facial boxes jx and sx are 

not directly connected, the overlapping area between them are smaller than the 

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

Lemma 4-4: Given n nodes in a graph, three nodes kji xxx ,,  are in a time order from 

ix to jx and jx  to kx . For jx , any other overlapping with different facial boxes are 

smaller than both �� ij xx ,  and �� kj xx , . 

Proof: From lemma 4-3, one can get that the top two overlapping area involving jx are 

�� ij xx ,  and �� kj xx , . By lemma 4-1, |||||||||||| kjijsj xxorxxxx ���� , s=1,...,n 

but i, j and k are excluded. It implies that �� sj xx ,  is smaller than either �� ij xx ,  or 

�� kj xx , . 

Lemma 4-5: The connection of time order of three nodes is determined by two pair-

correlations (or distances).  

Proof:  It's trivial from Lemma 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 nodes equal or greater than 3, it can be 

divided into n-2 sets of 3 nodes by the following rules. (i) start with an anchor node. (ii) 

In the set of triple nodes � , �  are determined by the top two nearest nodes of the anchor 

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 between a set of triple nodes is determined by the 

top two pair-correlations (or smallest two distances) within the set of triple nodes. 

Proof (a): By mathematical induction,  
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when n = 3, there is 1 set of 3 nodes illustrated in Fig. 4-8(a) 

When n = 4, there are 2 sets of 3 nodes illustrated in Fig. 4-8(b) 

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

Algebraically,  

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

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

Proof (b): It's proved by Lemma 4-5. The time order reconstruction is illustrated in Fig. 4-

9. 

� � � � �

 

(a) 

 

(b) 



�

;#�
�

 

(c) 

 

(d) 

Figure 4-8: Mathematical induction for Time order reconstruction. (a) When n =3 nodes, 

there is 1 set of triple nodes. (b) When n=4 nodes, there are 2 sets of triple nodes. (c) 

When n = n nodes, there are n-2 sets of triple nodes (d) When there are n+1 nodes, there 

are n-1 set of triple nodes.�
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(b) 
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pkjW ,,
kjiW ,,

rqpW ,,
srqW ,,

rqW ,
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(c) 

Figure 4-9: Step by step of time order reconstruction. (a) The time order within triple 

nodes are determined by the first two largest pair-correlation. (b) Find the next triple 

vertices and determine the inside time order connection by lemma 4-3. (c) repeat the time 

order connection until the time order reconstruction is done. 
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Chapter 5. Implementation of Time Order Reconstruction 

 The theory of time order in Chapter 4 is implemented in an iterative re-search 

fashion herein. The video sequence captured by the camera satisfies the following 

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

   IntegerstandstDDDD stttt ������ && ,1,1  (5-1) 

where tD  is a node representing a facial box and the subscript label t and s are the time 

indices of the time ordering of nodes on the manifold. The ||·|| represents the geodesic 

distance between nodes of the original time ordering of nodes on the manifold. If the 

Eq.(5-1) holds true, it implicitly indicates that a trajectory of time ordering (of a 

passenger) can't intersect itself and other trajectories of time orderings (of other 

passengers)  on the manifold. It also indicates that finding the time order is equivalent to 

find out the geodesic order which has the lowest total neighborhood geodesic distances. 

We plot the geodesic distance (simulated by LMS distance) as the contour map over the 

N2 dimensionality surface in Fig. 5-1.    

 

(a) 
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(b) 

 

(c) 
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Figure 5-1: Iterative confirmation logic for time ordering reconstruction and contour map 

of N nodes over the N2 dimensionality surface. (a) Iterative confirmation logic of s-curve 

poses Zipper Chain algorithm: In this example, facial boxes are sorted in a manner of 

time order. The first confirmation is to select the two nearest neighbors in LMS distance 

of frame 9th, that are frame 8th and 10th. The second confirmation is to determine 

whether frame 9th is also one of the two nearest neighbors of 8th and 10th in LMS 

distance. The third confirmation check is to determine another neighbor of 8th and 10th, 

that is 7th and 11th respectively and so on. The poses in frame 9th and 37th are similar. 

However, with the morphological pre-processing and the iterative confirmation logic 

given in this paper, we can find the correct neighbors of 9th without confusion. The axes 

are frame index, iterative confirmation of neighbors and LMS distance between frames. 

(b) Contour map of N random nodes over the N2 dimensionality surface. N is 50 in this 

example. The axes are frame index, frame index and LMS distance between frames. (c) 

Contour map of N time ordered nodes over the N2 dimensionality surface. N is 50 in this 

example. The axes are frame index, frame index and LMS distance between frames. The 

correct time ordering of facial boxes is found when the summation of all neighborhood 

pair-wise distances between nodes happens to be at the absolute minimum on the 

manifold. 

 

5.1 Implementation of Zipper Chain Algorithm  

 In implementation, we adopt LMS distance between facial boxes to approach the 

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



�

;;�
�

If video sequence can't satisfy Eq.(4-9) all the time, some frames may be in an incorrect 

time order. The impact of incorrect alignment, partial frames in sequence, of time order is 

discussed in the Conclusion.  The Meta algorithm is stated as follows: 

Steps of the ZC algorithm: 

 1. Step 1: Apply two pass binarized  centroid registrations introduced in Ch. 4.2 

 to approximate the area of eye(s), nose and mouth in every face box. The 

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

 2. Step 2: Determine the anchor pose: The long exposure is calculated by Eq.(4-3). 

 The anchor pose is the nearest neighbor of the long exposure, selected from the 

 input facial boxes. 

 3. Step 3: Construct a two nearest neighborhood matrix between each node and an 

 adjacency graph by the two nearest neighborhood matrix. 

 4. Step 4: Determine the weights of connections in the adjacency graph. The 

 weight of the  nearest neighbor connection is 3 and the weight of next nearest 

 neighbor connection is 1. Every node is supposed to connect two neighbors 

 except the head and tail nodes that we don't know. When a node has more than 2 

 relations with other nodes, the connections are selected by the top two highest 

 weights of relations.  

5.2 Discussion 

 In this section, three phenomena are being discussed. The first is the impact of 

leak-through background information in face boxes for the neighborhood determination. 
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The second is what the consequence is if the step of iterative two neighborhoods 

comparisons in ZC algorithm is replaced by a direct neighborhood determination by LMS 

distance. The last is to discuss the complexity of sorting N facial boxes.  

 

5.2.1  Impact of Background Information of Face Boxes for Neighborhood Determination  

 Many spectral clustering methods [1-8] are developed for sorting facial poses at a 

fixed distance with clear backgrounds.  As mentioned in Sect. II, norm distance or LMS 

distance has been used for determine the neighborhoods (or similarity) of facial poses in 

adjacency matrix [1-9]. However, in video surveillance, passengers are moving which 

causes the facial resolution of passengers to change over time with respect to a fixed 

video camera.  Moreover, the backgrounds of face boxes are not clear. In this case, the 

pixel-by-pixel LMS distance could not determine the correct neighborhoods due to the 

leak-through background information.  

 The under-sampled real world surveillance images of faces shown in 14 facial 

poses in a 4 sec window are in Fig. 5-2.  The LMS distance may not be sufficient to 

determine the similarity between faces when the changes of background are drastic for 

each face box shown in Fig. 5-2(c).  However, with binarized centroid registration pre-

processing applied before sorting, the result becomes much more robust to be able to 

tolerate a factor of 2 in sizes over about 10 seconds walking time. 
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(a)    (b)  

 

 

(c)     (d) 

Figure 5-2: Impact of background information for neighborhood determination. (a) 

Fourteen selected time ordered facial boxes of a passenger in different sizes, resolutions, 

backgrounds and poses. The time window between the first frame and the last frame is 4 

sec. In figure (a), the change of image resolutions and backgrounds are significant. (b) 

Random order: The fourteen facial boxes are in a random order. (c) The sorting result by 

LMS distance when the difference of resolutions and background information between 

each image is significant. The result can be improved by two pass binarized centroid 
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registrations. (d) Before sorting, two pass centroid registrations were applied and 

background information was removed as mentioned in Ch. 4. This result is in a much 

better shape. It shows for neighborhood determination, LMS distance is less sensitive to 

the resolution difference than leak-through background information between each frame.  

 

5.2.2 Relation between Similarity  and Time Ordering of Facial Boxes 

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

nodes mlkkji WW ,,,,  over the time-ordered facial image space. In implementation of time 

ordering reconstruction, a triple nodes relation is equivalent to iterative two 

neighborhoods comparisons in ZC algorithm in this thesis. What is the consequence if we 

replace the product of triple image relation by a pair-wise correlation? In other word, 

what is the sorting result if we replace iterative two neighborhoods comparisons in ZC 

algorithm by a neighborhood determination by LMS distance? The answer is that the 

result is a fast approximation of embedding in line for facial poses similarity sorting in a 

short duration, several seconds. This fast approach of similarity sorting algorithm is 

stated as follows:  

Steps of the similarity sorting algorithm: 

 1. Step 1: Apply two pass binarized  centroid registrations introduced in Ch. 4.

 to approximate the area of eye(s), nose and mouth in every face box. 
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 2. Step 2: Determine the anchor pose: The long exposure is calculated by Eq.(4-3). 

 The anchor pose is the nearest neighbor of the long exposure, selected from the 

 input facial boxes. 

 3. Step 3: Neighborhood determination by LMS (or norm) distance. The 

 connectivity of the anchor pose and other poses is determined by the LMS (or 

 norm) distance. Other choices of distance, such as face feature distance, etc., are 

 considerable if the LMS distance is not adequate to present the similarity. The 

 result is a fast approximation of embedding in line for 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 NP Complete problem. It is 

proved in the following:  

Lemma 5-1: Geodesic spatiotemporal neighborhood re-ordering of N projected poses of 

a moving person is a Non-determinant Polynomial-time Complete (NP Complete) 

problem. 

Proof: Since space and time are independent, all classes of NP complete problems have 

the same logic. There are combinatorial possibilities in the re-ordering of N poses: the 

first place has N choices, and the second place has N-1, etc.  The total number is 

explosive as N increases: 

total number of ordering = N(N-1)(N-2)...1/2=N!/2   (5-2) 
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The denominator of 2 in Eq.(5-2) is because the sorting results from head box to tail box 

is identical from tail box to head box.  

 This decision problem can map to well known NP complete problems: 

Hamiltonian cycle (also known as Hamiltonian path), traveling salesman problem, etc. 

The fundamental logic in those NP complete problems is that the space (city location, 

facial poses is a 2D space vector) and time are independent. The definition of 

Hamiltonian path is: Given a weighted graph, find a path that visits each vertex exactly 

once with the least weight [21]. The definition of Hamiltonian path is equivalent to the  

time order reconstruction; In a given weighted graph, each vertex is connected once with 

the least weight. 

 For example, in Fig. 5-3 a traveling salesman problem, there are 4 cities. The 

rows of M represent the time sequence and the columns of M represents the city locations, 

A,..,D. We can also map the facial poses to cities and the time sequence is the time order. 

The subscript t of M indicates the time order and the subscript of r of M indicates the 

random order. 

 Another well known example of Hamiltonian path is that every cycle graph is 

Hamiltonian [65]. In graph theory, a cycle graph is a graph that consists of a single cycle. 

In other word, every vertex has exactly two edges connected. The topology of time order 

reconstruction is a distinct Hamiltonian path on a cycle 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 complete problem. In (a), the path of facial 

boxes (or cities) is in time order (or minimum weights). In (b), the path of facial boxes 

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

Theorem:  The geodesic neighborhood ordering of  video projections of a moving person 

in space and time must be at the absolute minimum of the total difference distances 

between all successive order. 

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

least weight. 

Given N=3 poses.  Assume the correct spatiotemporal neighboring order is A, B, C, then 

|A-B|2 + |B-C|2 < |A-C|2 + |C-B|2    

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

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

The ZC algorithm was coded in Matlab on a PC with an Intel i-7 920 processor and 12 

GB memory. The time of loading facial images is excluded in the execution time. The 

first simulation is a similarity sorting test of 60 facial poses of 1 person in different order. 

The face boxes are in different sizes and resolutions over time. In this simulation, it 

shows the robustness of our similarity sorting algorithm. No matter what orders the facial 

poses are, the sorting result is the same, illustrated in Fig. 6-1.  It is a robust and real-time 

sorting approximation of moving objects in a short time window, based on the two pass 

centroid registrations and SRMF proposed in this paper.     

 For simulation of time order reconstruction, detailed steps are illustrated in Fig. 6-

2. There are 7 facial boxes in a random order. By zipper chain algorithm introduced in 

Chapter 5, the norm distance matrix is built up by the input facial boxes. After that, the 

two nearest neighbor matrix is constructed in Fig. 6-2(d). The adjacent graph is 

determined by the two nearest neighbor matrix and the result is in Fig. 6-2(f). Another 

simulation of time order reconstruction is illustrated in Fig. 6-3. 
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(a)     (b) 

 

(c)     (d) 

Figure 6-1: Simulation of similarity sorting. 60 different facial poses in two random 

orders in (b) and (c).  The sorting result of (b) and (c) by similarity sorting algorithm 

proposed in this paper is in (d). The execution time is 0.65 sec including two pass 

centroid registration pre-processing in average. The sorting results from different order of 

facial poses are the same.  
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Figure 6-2: Simulation of time order reconstruction of 7 facial boxes. (a) Seven facial 

boxes in a time ordering. (b) The same seven facial boxes in (a) but in a randomized 

order. (c) The closest SE to the LE is SE3. (d) The norm distance matrix of each facial 

box. (e) The two nearest neighborhood matrix of each facial box. (f) The adjacent graph 

of seven facial boxes constructed by the two nearest neighborhood matrix in (d) (g) The 

final result is the same as (a). 
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(f) 

Figure 6-3: Simulation of time order reconstruction of 12 facial boxes. (a) Twelve facial 

boxes in a time ordering. (b) The same twelve facial boxes in (a) but in a randomized 

order. The random order is [1 8 9 12 3 4 7 5 2 11 6 10]. (c) The closest SE to the LE is 

SE3. (d) The norm distance matrix of each facial box. (e) The two nearest neighborhood 

matrix of each facial box. (f) The adjacent graph of seven facial boxes constructed by the 

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

 In this thesis, nonlinear dimensionality reduction of complex datasets is 

approached by a higher order graph theory. With this approach, one can sort facial boxes 

in different sizes and resolutions by either similarity or time ordering that the traditional 

graph embedding algorithms couldn't. With the efficient time order reconstruction 

algorithm of sorting facial boxes in order to associate remote video and local audio in this 

thesis, one could answer the surveillance challenge-“who speaks what, where and when.” 

We show that it is crucial to have a morphological image pre-processing which begins at 

a binarized centroid registration, in order to find a maximum overlapping common region 

from all facial boxes in different sizes and coordinates.  Then a  Zipper Chain (ZC) 

algorithm is developed by considering the products of pair correlations functions in 

tandem verification.  Consequently, each face box is linked together in a time order, as if 

zipper’s teeth are mounted overlapping one another. This  ZC algorithm reconstructs the 

time order linking the video manifolds of walking facial boxes and audio manifolds of in-

situ voice recorders. Independent of the cameras setup configuration, the video sampling 

rate is an important parameter. Our experience shows to be sufficient at 20~30 Hz for an 

average walking pace of 3~6 miles per hour for this feast.  However, if a passenger run 

faster than the walking limit, the camera sampling rate must be increased to reduce the 

image blur.  We combine the anchor face that is automatically discovered by means of 

Self Reference Matched Filter, with the time-order Zipper Chain sorting capability, we 

hope to find the time-order of each person to allow us to associate each with his or her 

own voices recording.  In general, the average speaking speed is 3-4 words per second. In 

the movie industry, the technician can sync the voice recording by lip reading technique 
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when a close up facial detail is available.  However, the remote video may not have the 

detail.   In this situation, our goal is to identify the corresponding speakers according to 

the recorded audio. 

 The time order reconstruction of facial poses belongs to a NP complete problem 

and the discuss is in Sect. 5.2. Given N image poses,  the ordering index runs from 1 to N.  

Then, there are N! possibilities to assign the ordering index to each pose.  We plot the 

LMS distance as the contour map over the N2 dimensionality surface in Sect. 6.1. The 

time order reconstruction is equivalent to find the geodesic order that has the lowest total 

neighborhood distances on an abstract manifold. Zipper Chain algorithm is a heuristic 

solution for this NP complete problem. Lemma 4-1 is the constraint of the solution that 

each time ordering trajectory on an abstract manifold is prohibited to intersect with itself 

or other time ordering trajectories.  

 Cross sensory track association is an unsolved Empire 2010 sensor challenge 

problem proposed by ONR (Office of Naval Research). The real world field test is much 

more difficult from a laboratory test. In real world, there are a lot more uncontrollable 

factors that may affect test results. For example, on a rainy day, outdoor video may be 

unclear, or passengers in the video may have heavy shadows on a sunny day.  In addition, 

passengers may be obscured by each other or obstacles like trees, pillars, cars, etc.  To 

overcome those uncontrollable environmental factors, we take advantage of the strategy 

adopted in this research: cutting facial boxes and removing redundant background 

information can save up to 6 orders of magnitude in data storage, and by increasing 

cameras, coverage density is increased.  The problem of facial continuity in occluding 
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and unpredictable environmental factors may be mitigated by an increase in the sensor 

density. 

 It is known that our human visual system (HVS) gracefully degrades the scale of 

faces by focusing on the centroid of the faces, say nose and/or eyes.  This is 

accomplished by taking a log transform along the radial direction of the facial center so 

that the peripheral boundary sizes are less sensitive to our eye.  Thus, we wish to ignore a 

varied facial size, we take a binary truncation of a gray-scale image for efficiency reasons 

(equivalent to zero, when the log of unity at the threshold, and to one, when the gray 

value is above the threshold).   

 Time difference, time ordering and arrow of time are different. Time ordering is 

the change of the time difference, while the arrow of time is the flow of the time 

difference. In this thesis, we have presented a theory and implementation of time ordered 

image reconstruction.  Understanding the arrow of time may be achieved by calculating 

the Boltzmann entropy of time ordered images; the direction of flow as the increase of 

entropy.  
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