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Abstract

The science of super-resolution imaging involves the construction of a single high-

resolution representation by registering and fusing together multiple low-resolution

representations. These candidate representations may include images and videos.

This thesis covers four studies that advance the state-of-the-art in super-resolution

imaging.

The first study is based on the innovative idea of computing Event Models to

represent activities in the low resolution and low frame-rate input sequences. These

Event Models are then used, instead of the sequences, for temporal registration. Ex-

perimental results show that the use of Event Models produces significantly better

reconstruction than contemporary approaches.

Current techniques in super resolution imaging limit the input video sequences

to be from the same scene or the same instance of an event. We propose a novel

method for generation of high-resolution video from sequences acquired from repe-

titions of the same activity. The input video sequences may have different temporal

scales and spatial viewpoints. Our proposed method uses Event Model techniques

from the previous study and computes sequence synchronization to sub-frame ac-

curacy. We also demonstrate the application of this new method by constructing a

single 4D MRI sequence using multiple low resolution sequences.

MRI acquisition involves a fundamental trade-off between image quality and

frame rate. In our review, we found that current MRI technology can only capture

about seven frames per second before the image quality degrades below an accept-

able threshold. The low frame rate limits the usefulness of the MRI in the study

of high speed events, such as swallowing reflexes and cardiac motion. MRI can

be used to capture multiple instances of the same event from multiple view points.



These sequences are temporally offset, non-uniformly scaled, from different view

points and represent repetitions of the same event. Our third study builds on the

techniques developed in the previous studies to register these orthogonal MRI se-

quences. This provides an ability to simultaneously view the orthogonal image

planes from a single arbitrary view point.

In our final study we address the problem of identifying a subset of low resolu-

tion sequences, from a large set of samples, such that the resulting high resolution

video has the best possible reconstruction accuracy. To compare multiple input

video sequences, we first calculate an a priori confidence measure for each pair of

video sequences. The confidence measure is derived from the registration error and

non-uniformity of sequence samples. This confidence measure is a measure of di-

versity in the selected subset of low resolution sequences. We then use our iterative

ranking algorithm to rank the low resolution sequences so that a minimum number

of sequences result in desired reconstruction accuracy. Experimental results using

a wide variety of input video and audio sequences show that the reconstruction

accuracy of the proposed method is better than the reconstruction from a random

selection of input sequences.
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Chapter 1

Introduction

Mankind has always endeavored to capture and record events occurring in our sur-

rounding. These records have taken varied forms, ranging from cave paintings and

manuscripts, to images and videos. The earliest imaging system was developed over

a thousand years ago by Ibn al-Haytham (∼ circa 1021) as a crude pinhole projec-

tion instrument. Over the next eight hundred years imaging systems developed into

increasingly sophisticated instruments, with the first permanent photograph being

made in 1826-27 by Joseph Nicéphore Niépce and the first color photograph being

made by James Clerk Maxwell in 1861 [82]. Close to a hundred and fifty years

later, highly sophisticated imaging systems have been sent on excursions to Mars

and novel modalities, such as thermal imaging and magnetic resonance imaging,

have been developed to acquire and process visual information in entirely new do-

mains.

While recent advances in imaging systems have lead to significant improve-

ments in the spatial and temporal resolution of cameras, the prohibitive cost of such

systems still limits their use. Super-Resolution (SR) is a term generally applied to

image processing algorithms that supplant the need for expensive imaging equip-

ment by fusing low resolution (LR) images or sequences of images to generate

a high resolution (HR) image or video sequence. The two basic premises of SR

imaging algorithms are:
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1. Variability: As SR imaging fuses information from multiple LR images, it

is important that the information supplied by each image be different. In

the case of images, this premise translates into small spatial (sub-pixel) dif-

ferences in the multiple acquired images. In the case of video sequences,

differences in temporal acquisition are also added to this premise.

2. Registration: While variability ensures that the spatio-temporal information

of the images are different, often these differences are so vast that the images

need to be registered to a common frame of reference. If the registration

computed between images (or sequences) is inaccurate, reconstruction results

are poor.

This thesis is a collection of projects that attempt to improve the performance and

efficiency of spatio-temporal SR imaging. In pursuit of this goal we have conducted

four studies that provide new theory and methods to further advance the field of SR

imaging.

In this chapter, we will briefly review the chronological progression of imaging

systems and the development of SR imaging. We will then discuss the limitations

of current systems to provide the motivation behind this work, followed by the

objectives and organization of this thesis.

1.1 Super-Resolution Imaging

From as early as 1984, researchers have been working on fusing information from

multiple digital images to enhance the spatial details in images. Some of these

techniques are based on the assumption that high frequency details are available in

a LR image as aliased frequencies; and algorithms that estimate and filter the aliased

information were developed. Other techniques assume that the image acquisition

system is diffraction limited, for example, the camera lens itself is filtering out
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high frequency signals and no aliasing occurs. Yet another set of techniques rely

on extrapolation of available information by assuming that image information is

analytic in nature and can be modeled as a mathematical function. A review of

various techniques of SR imaging is presented in Chapter 2. Irrespective of the

assumptions that these techniques make, the common goal of SR imaging remains

– to combine the information in multiple low resolution images to generate an image

that has higher resolution.

It is important to understand that a single image can never (not with current

technology) achieve the same level of detail as a real world scene. This is be-

cause the spatial resolution of a camera is limited by the number of detectors on

the camera and the blur induced by the detector technology itself. The temporal

resolution on the other hand is limited by the exposure time and the frame rate of

the camera. These factors limit the spatial detail that can be captured as well as the

maximum speed of the dynamic events that can be acquired. SR traditionally has

been the reconstruction of static or still HR images from a set of LR images cap-

tured at sub-pixel differences from each other [74][77]. The central idea behind SR

reconstruction is that at sub-pixel displacements, each LR image acquires slightly

different information about the scene, and if the blurring and sampling induced by

the camera can be modeled and reversed, then these multiple LR images can be

fused together to generate a HR image. Lately the domain of SR has widened to

incorporate videos sequences as well, where a video sequence with high spatio-

temporal resolution is created by fusing a set of low (spatio-temporal) resolution

(LR) videos or combination of such LR videos and HR images [55][71].

SR reconstruction is focal to many applications such as generating HR still im-

ages from video [49] (where it is desirable to enlarge a single frame with more

detail), converting NTSC/PAL video to a high definition video (HDTV), artificial

zoom (where a section of the video stream is enlarged with more detail), in remote
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sensing and astronomy [65] (where images are often blurred) and medical imaging

[23][33] (such as positron emission tomography - PET scans where SR algorithms

have been used to increase the spatial resolution of the scan by combining multiple

scans offset with spatial shifts).

1.2 Motivation

The major motivation behind this research work comes from the fact that although

a substantive amount of work has been conducted in SR imaging of still images,

corresponding work in SR imaging of video sequences is still in its infancy.

While some ideas and concepts from image-SR translate well into video-SR, the

temporal aspect of video sequences adds some unique challenges. These unique

challenges need to be addressed before video-SR gains the same popularity that

image-SR enjoys. In the author’s opinion there are several areas that have not un-

dergone sufficient investigation in current studies on Spatio-Temporal (ST) Super-

resolution imaging, and some of these areas are highlighted below:

1. Contemporary SR imaging algorithms only support relatively high frame rate

(30 fps) video sequences, and traditionally the sequences used to test these al-

gorithms have very simple motion such as a large ball bouncing on the floor

or a car driving into a parking lot. When compared to the frame rates of the

video cameras the motion in the sequences is at much lower frequencies. In

such cases, sub-frame registration between the sequences is achieved by lin-

early interpolating the motion between frames. For simple motion, acquired

at high frame rates, linear interpolation does not deviate significantly from

the underlying motion. While linear interpolation works for high frame rates,

it results in erroneous ST registration for low frame rate sequences. Thus, for

low frame rate video sequences, or sequences whose acquisition frame rate is

lower than the motion in the sequence, an alternate approach is needed.
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2. Another limitation of current studies on Spatio-Temporal SR imaging is that

the scope of the problem being addressed is limited to multiple acquisitions

of a single scene. Other assumptions such as planar motion, limited view

point variation and fast frame rates also restrict the scope of the problem. In

some real life events it is not possible to acquire multiple video sequences

over the same duration of time. It is possible however, to repeat the event and

acquire multiple sequences corresponding to each repetition. In some cases,

the repetition of an event can result in subtle spatial and temporal changes

since the repetition need not be identical in every respect. A generalized SR

algorithm should be able to deal with these changes. To the best knowledge

of the author, there has been no prior work that deals with Spatio-Temporal

SR imaging from event repetitions.

3. Limited view point variation is a significant issue in SR imaging because

it forces the low resolution images to have a large degree of overlap in the

scene that is acquired. This implies that images acquired from view points

that have large angular differences, cannot be registered and reconstructed

as a high resolution image. The reason view point is a significant issue is

because the feature points in images often change when viewed from different

angles and different distances, thus making it difficult to relate feature points

in one image to another. The larger the difference in viewpoint and the more

complex the object or scene being viewed, the more difficult it is to relate

image features to each other. The same issue translates from static images to

video sequences acquired from varying view points, and consequently there

is a need to register video sequences that have considerable variation in view

points.

4. SR imaging community has also not addressed the issue that when multiple
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input sequences are available, we need to choose which combination of se-

quences will result in the best reconstruction. This is a crucial choice, since

poorly registered sequences will result in poor reconstruction. Currently,

there are two ways that the community addresses multiplicity of sequences –

(i) they use all the sequences that are available or (ii) they determine the best

combination of sequences by subjectively viewing reconstructed SR videos

from all possible input combinations. The first approach can often lead to

ghosting errors that indicate poor SR reconstruction and the second approach

is computationally very expensive since all input combinations are recon-

structed. Hence, there is clearly a need for a method to choose optimal input

sequences.

The justifications above highlight the necessity for further research in Spatio-

Temporal SR imaging and in developing methods to improve the efficiency of SR

reconstruction. In this thesis we will attempt to address the four problems discussed

above.

1.3 Problem Statement

In this thesis we investigate: (i) SR imaging schemes for low frame rate videos, (ii)

SR imaging schemes for video sequences of related scenes (event repetitions with

limited variation in view points), (iii) SR imaging schemes for video sequences with

orthogonal view points and (iv) methods to choose sequence combinations for SR

imaging.

1.3.1 SR Imaging at Low Frame Rates

In our first study we look at a simplified problem that the video sequences are of

the same scene, same viewpoint and are acquired at a fixed (unknown) temporal

offset. These restrictive assumptions are removed in the later studies. We investi-
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gate the effect of low frame rates on current state-of-the-art SR imaging algorithms.

Our work has shown that linear interpolation approach for sub-frame registration of

video sequences is not very accurate when frame rates of the video sequences are

low.

1.3.2 SR Imaging from Related Scenes – Limited Variation in
View Points

In our second study we investigate a new paradigm of combining multiple video

sequences from repeated instances of activities or related scenes. This is a chal-

lenging problem since the temporal scale and spatial viewpoint of the sequences

can be different. We examine a state-of-the-art algorithm for synchronization of re-

lated video sequences and show that the algorithm performance drops with increase

in complexity of motion in the sequences. Also, this contemporary algorithm can-

not compute sub-frame synchronization. Sub-frame synchronization is critical in

order to increase the temporal resolution in Spatio-Temporal SR imaging.

1.3.3 SR Imaging from Related Scenes – Orthogonal View Points

In our third study we investigate the effect of orthogonal viewpoints in Spatio-

temporal SR imaging, with particular emphasis on dynamic MRI sequences. Or-

thogonal viewpoints are addressed as a separate study since the algorithms for view-

point reconciliation fail when the acquisition is orthogonal (infact in most practical

cases, a viewpoint change greater than 30 degrees is irreconcilable). Another in-

teresting problem associated with this study is that the MRI frames are not static,

rather there is significant anatomical movement in the sequences.

1.3.4 Choosing Sequence Combinations for SR Imaging

Improving the efficiency of SR imaging is an integral part of this thesis work. In our

fourth study we investigate the factors that can help determine which sequence com-
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binations should be used for SR reconstruction. The sequences individually have a

fixed frame rate, however they are non-uniformly distributed in time (with respect

to each other). Our studies reveal that the order in which the sequences are fused

as well as the accuracy with which they are registered also affect the reconstruc-

tion result. It is therefore important to investigate factors such as non-uniformity,

registration accuracy and ranking of the sequences to improve SR imaging.

1.4 Thesis Contributions

The primary contribution of this thesis is the design of novel methods for efficient

spatio-temporal super-resolution imaging. The major contributions are :

1. The development of event models [57][64][58] for sub-frame registration of

sequences for SR imaging (presented in Section 3.2).

2. An algorithm [60] to align video sequences of related scenes that is invariant

to changes in viewpoint and temporal scale (presented in Section 4.2).

3. An algorithm [59] to align video sequences acquired from orthogonal view-

points (presented in Section 5.2).

4. A confidence measure and iterative ranking method [61] [62] to choose LR

sequences that result in the best SR reconstruction (presented in Section 6.3).

Our first study advances the state-of-the-art in sequence alignment by develop-

ing a method to compute the dynamics of events from video sequences. A vari-

ational framework is developed that builds on the event models to compute the

temporal registration or alignment between sequences. The dynamics of events (or

event models) offer significant performance improvement in sub-frame sequence

alignment over existing local alignment methods. Our second study involves the

development of a novel method to register video sequences of related events that
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have varying temporal scale. Our proposed method allows us to combine data from

sequences of multiple repetitions of activities which is particulary useful when the

number of acquisition sources is limited, either due to prohibitive costs or techno-

logical limitations. Our third study deals with a method to register and reconstruct

video data that has been acquired in orthogonal planes. This study is a significant

development in being able to generate and visualize medical data in four dimen-

sions (3D+time). Our fourth study involves an in-depth analysis of non-uniform

sampling, in particular recurrent non-uniform sampling (RNUS) and reconstruc-

tion. Concepts learned from RNUS are then applied to construct a confidence mea-

sure that allows us to compare and choose between LR sequences so that only those

LR sequences which have been accurately registered and which contribute useful

information to the reconstruction process are used for SR reconstruction; and LR

sequences that will deteriorate the reconstruction process are discarded.

1.5 Thesis Outline

This thesis contains materials previously published at various international con-

ferences and journals. In Chapter 2, we review the development of SR imaging,

state-of-the-art SR imaging techniques and discuss their limitations. We also re-

view registration, video synchronization and sequence alignment algorithms that

can be (or have been) used as precursors to reconstruction in SR imaging. Some

fundamentals of dynamic time warping, linear regression, recurrent non-uniform

sampling, computer vision and image processing techniques that are used in this

thesis work are also briefly discussed in Chapter 2.

The main body of work done in this PhD thesis is presented in four chapters

from Chapter 3 - Chapter 6. In Chapter 3 we address a simplified problem of reg-

istering low frame rate sequences of the same scene. We present the formulation of

event models and a variational framework to compute sub-frame accurate sequence
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registration. In this chapter, we compare and contrast event model based registra-

tion to another commonly used state of the art method for sequence alignment. We

demonstrate the efficacy of our method with experiments on real and synthetic data

sequences.

In Chapter 4 we present an algorithm to register LR sequences that are ac-

quired over varying temporal scales, for example, two repetitions of the same or

similar activity. This extends the problem scope from Chapter 3 to varied view

points and varied temporal duration. In this second study we develop a symmetric

transfer error (STE) which is minimized in a dynamic programming framework.

The minimization of a symmetric error results in synchronization that is not biased

by the choice of reference sequence. The regularized nature of the STE signifi-

cantly reduces the occurrence of singularities and results in sub-frame synchroniza-

tion. Comparative analysis with a rank-constraint based method is also presented in

Chapter 4 to demonstrate the marked improvement in video synchronization with

our method.

In Chapter 5 we extend the problem scope to address SR imaging from se-

quences acquired from orthogonal viewpoints. We present a method to register 2D

magnetic resonance imaging sequences acquired in bidirectional orthogonal planes.

This method allows the visualization of dynamic events in 4D space.

During the course of our first study on registration and reconstruction based

on event models, we realized that not all the low resolution sequences were con-

tributing equal information to the reconstruction process. Some combinations of

LR sequences resulted in superior reconstruction while others resulted in unaccept-

able reconstruction results. This motivated our fourth study on developing a metric

that could help choose sequences for efficient reconstruction. In Chapter 6 we

introduce a novel concept in SR imaging of automatically selecting only those LR

sequences that have a positive impact on reconstruction. This selection of sequences
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is achieved via a confidence measure, which is formulated in Chapter 6. This au-

tomatic pre-screening of LR sequences has two significant aspects: (i) It allows us

to use a smaller number of LR sequences to achieve a good SR reconstruction and

(ii) It weeds out sequences that would deteriorate SR reconstruction. The under-

lying concepts behind the confidence measure and various factors that affect it are

also presented. We also develop an iterative greedy ranking algorithm that uses the

confidence measure to efficiently reconstruct higher resolution data.

Chapter 7 presents the conclusions of this thesis and future research directions.
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Chapter 2

Review

In this chapter we present a literature review of various methods and algorithms

that are relevant to this thesis. The review is divided into two parts. In the first part

of this chapter we review various techniques for image and video super-resolution

imaging. We begin by presenting the imaging model of a camera which results in

the generation of low resolution (LR) images (Section 2.1). We then discuss several

super-resolution (SR) approaches that are used to fuse these LR images together.

We categorize these approaches into frequency domain (Section 2.3) and spatial

domain (Section 2.4) approaches and discuss these in some detail. Closest contem-

porary work dealing with spatio-temporal SR and the need for accurate alignment

and registration between the video sequences is highlighted in Section 2.5. In the

latter part of the chapter we review related work in video alignment and registration

and also briefly introduce various image processing and computer vision algorithms

that are used in this thesis.

2.1 Imaging Model and Low Resolution Image Gen-
eration

Super-resolution (SR) is the process of combining multiple low resolution (LR) im-

ages or videos to form a higher resolution (HR) image. Nearly all SR algorithms are
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Figure 2.1: General imaging model of the generation of low resolution images.
(Trans.=Transformation)

based on the premise that the LR images are blurred and down-sampled versions

of the SR images. A general model of the generation of LR images is shown in

Fig. 2.1, where a continuous HR scene undergoes a geometric transformation from

the world coordinates to the camera coordinates and looses spatial resolution as the

camera’s point spread function leads to some blurring. The scene is also sampled in

both space and time and we can assume that through this entire process of acquisi-

tion some noise gets added to the image, leading to a LR representation of the real

scene.

2.2 Categorization of Super-resolution Imaging Tech-
niques

Past research in SR imaging can be categorized in two ways. The first categorization

looks at the problem domain that is addressed – namely, image super-resolution

or video super-resolution. We call this categorization ‘image versus video SR’.

The second categorization looks at the techniques or methods for SR imaging –

namely, spatial versus frequency domain SR techniques. These two categorizations

are discussed in further detail in the following sections.
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Figure 2.2: Super-resolution categories based on problem domain - Image SR ver-
sus Video SR.

2.2.1 Image vs. Video SR

Image SR (or Spatial SR) deals only with the spatial aspect of the imaging model

and combines LR images (static images or frames from a video sequence) to gen-

erate a high resolution image, as depicted in Fig. 2.2. Note that, even though some

image SR techniques use video sequences as their input, they do not improve the

temporal resolution of the sequence. Instead, the image SR techniques assume that

adjacent frames in the video sequence have some spatial shifts due to camera or

object motion, and use this variability in the individual frames to generate a single

high resolution image [71].

Video SR (or Spatio-Temporal SR) on the other hand also incorporates the tem-

poral aspect of the imaging model and combines LR videos to generate a high

spatio-temporal resolution video [55][5][6].

2.2.2 Spatial vs. Frequency Domain SR Techniques

In this categorization, emphasis is placed on the solution domain of SR techniques

– whether the technique operates in image space (pixel values and locations) or

in image frequency, see Fig. 2.3. The earliest work in SR perhaps dates back to

Huang and Tsai’s [74] frequency domain approach, where the relation between the

LR video sequences was developed in the frequency domain and the reconstructed
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Figure 2.3: Classification of SR approaches into frequency domain and spatial do-
main. ML-Maximum Likelihood.

HR image is also computed in the frequency domain. Since then numerous SR

algorithms have been proposed in the literature, mostly in the spatial domain where

the imaging model and reconstruction is computed in the image space itself. The

methods proposed in this thesis are in the spatial domain.

2.3 Image SR – Frequency domain Techniques

Frequency domain approaches [74][77] are based on two properties of the Fourier

Transform: (i) A spatial shift in an image represents a phase shift in the Fourier

transform (FT), (ii) the continuous FT (CFT) is related to the discrete FT (DFT) by

an aliasing relationship. An assumption that is made in these techniques is that the

original scene (image) is band-limited (does not have infinite spatial frequencies).

Generally only planar motion parallel to the image plane is allowed. We explain

the frequency domain technique proposed by Tsai et al. [74] in the following para-

graph.

Let {fk}k=1,..,p , be p LR frames acquired with some shift δk. A LR frame, fk

can be considered to be sampled from a continuous HR signal f(x + δk), where

f(x) is the ideal continuous image. If Fk(ω) and F (ω) are the Fourier transforms
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of f(x+δk) and f(x), respectively, then the FTs are related to each other as follows:

Fk(ω) = eiδkωF (ω). (2.1)

The Discrete Fourier transforms (of the discrete LR images and the desired HR

image) can be expressed as follows:

fk = ΦFk, (2.2)

where Φ = (exp(−2πi
N

jn)) is the factor that represents the shift, j = 0..N − 1,

and N is the number of pixels in the image. Thus, the relation between the known

DFT coefficients of LR images f, the shift Φ and the unknown HR DFT coefficients

F can be expressed as as a system of linear equations.

During implementation, one of the LR images is considered to have zero offset

from the desired HR image, and is therefore the reference LR image. The DFTs of

the remaining LR images are then compared to the DFT of the reference LR image

to find Φk, or the offset between each LR image and the desired HR image. These

multiple DFTs and offset values (Φs) are stacked in a matrix form and solved using

numerical techniques to obtain F. The inverse DFT is applied to F to obtain the

reconstructed HR image.

While the frequency domain approaches are theoretically simple and have low

computational complexity, they are disadvantaged by the fact that the transforma-

tion relating the LR images has to be a global translation, rotation or scaling, i.e.

all the pixels in an image undergo the same transformation. In the case of video

sequences, global offsets imply that all frames in a video sequences are related by a

single offset value to corresponding frames in a second sequence. The problem we

are addressing in this work is not restricted to global transformations between im-

ages. Rather, we are trying to solve for the multiple offsets existing between frames

of two (or more) video sequences. Hence frequency domain approaches can not be

applied in our proposed work.
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2.4 Image SR – Spatial Domain Techniques

In this category of SR techniques, the relation between the observed LR images

and the unknown HR image is formulated in the spatial domain. The reconstruc-

tion of the HR image is also performed in the spatial domain. The spatial domain

approaches can model complex transformations between the LR images, and even

account for motion, and hence are a more global solution to the SR reconstruction

problem. We now review the prominent categories of SR reconstruction algorithms

in the spatial domain.

2.4.1 Registration and Interpolation of Non-uniformly Spaced
Samples

Registration of multiple LR images based on motion compensation (subpixel dis-

placement between the LR images) leads to a dense composite image with non-

uniformly spaced samples. The reconstruction process used to interpolate between

these LR images’ set can be visualized as follows: the LR images are piled on top of

each other based on the sub-pixel displacement. Each pixel in the SR image is then

computed by averaging the supporting pixels in the LR pile [69]. Such interpolation

methods are overly simplistic and incapable of reconstructing missing frequencies

from spatially averaged areas and under-sampled data.
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2.4.2 Iterated Back-Projection

The iterated back-projection algorithm introduced by Irani and Peleg [28] is perhaps

the most widely used SR algorithm [23][33][10]. The general idea of the iterated

back-projection algorithm is illustrated in Fig. 2.4, where the following terminology

has been used.

• gk is the kth observed LR image.

• f is the HR image of the object (desired).

• Tk is the 2D geometric transformation from f to gk which is determined by

the motion parameters of the tracked object and is assumed to be invertible.

• h is a blurring operator which represents the point spread function of the

camera. When unknown, this is assumed to a Gaussian.

• s is the sampling factor.

• η is the observation noise.

• ↑ is the upsampling operator.

• ↓ is the downsampling operator.

• k refers to the kth LR image.

• p is the back-projection operator. The back-projection operator can be used

to control the influence of each LR image on the reconstructed image. If all

LR images are considered to be of equal significance then p can be set to 1.

The imaging or generative model can be represented as follows:

gk = (Tk(f) ∗ h) ↓ s + η. (2.3)
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The geometric transforms Tk are computed between pairs of images by extract-

ing image feature points and using the corresponding features to derive a spatial

relationship between the image pair. Various methods that can be used to derive

these transforms are presented in Section 2.7.

An initial guess of the HR image f is taken by simply upsampling the K LR

images by the sampling factor s, applying the inverse geometric transformation T−1
k

that created the LR images and summing over all the pixels in K. Then, the LR

images are estimated by simulating the imaging process. The mean square error

(MSE) of the estimated and originally acquired LR images is ‘backprojected’ on

to the initial guess to yield an improved HR image f 1. This process is repeated

iteratively to minimize the following error function:

e(n) =

√√√√ 1

K

K∑

k=1

‖gk − g
(n)
k ‖2

2, (2.4)

where n represents the nth iteration. Intuitively, Eq. 2.4 computes the difference

between the actual LR images gk and the LR images that are generated by applying

a generative model to the current estimate of the HR reconstructed image, g
(n)
k .

When the most accurate HR image is reconstructed, then the difference between

the real LR images and the generated LR images will be minimum.

Unfortunately, iterated back-projection methods do not lead to a unique SR re-

construction as the SR update is an ill-posed problem. Also, inclusion of a-priori

constraints such as smoothness and edges are not easily achieved in the iterated

back-projection method.

2.4.3 Projection onto Convex Sets

Patti et al. [49] and Stark et al. [65] address the problem of solving the generalized

imaging model for an unknown SR image, (given multiple LR images captured at

sub-pixel displacements), by the method of projection onto convex sets (POCS). In

a vector space, a set C is convex if ∀−→x ∈ C and ∀−→y ∈ C the following relationship
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is satisfied:

λ−→x + (1− λ)−→y ∈ C ∀0 ≤ λ ≤ 1. (2.5)

SR reconstruction problem can be described in the form of convex set restric-

tions, where all the available LR images impose restrictions on the HR solution.

The HR solution will satisfy all the imposed restrictions. Therefore, finding the HR

image consists of finding the intersection of all the LR images. If the LR images

are considered to be closed and convex and the HR solution exists, then successive

projections of the solution vector onto the LR image convex sets will converge to

the intersection of the LR images.

Let g(m1,m2, k) be a sequence of LR images (where m1,m2 and k refer to

the image coordinates and time coordinate respectively). Then for any arbitrary

member y the convex constraints set can be defined as follows:

Ctr(m1,m2, k) = {y(n1, n2, tr) : |r(y)(m1,m2, k)| ≤ δ0(m1,m2, k)}, (2.6)

where r(y)(m1,m2, k) = g(m1,m2, k) − ∑
n1,n2

y(n1, n2, tr) · htr is the residual

error associated with y. htr is the camera blurring and sampling model at arbitrary

time tr. This equation implies that for a vector to be part of a convex set, the

difference between the LR image vector (is a known vector) and the blurred and

downsampled version of the arbitrary vector y, must be less than δ0. This sets a

threshold around the LR image values so that a solution vector that falls below the

threshold is accepted as a viable result. In other words, δ0(m1,m2, k) is a bound

representing the confidence that the actual image is a member of the convex set Ctr.

The projection Ptr of an arbitrary HR solution vector x(n1, n2, tr) on the convex

constrained set Ctr(m1,m2, k) is defined as follows:

Ptr[x(n1, n2, tr)] = x(n1, n2, tr) +



(r(x) − δ0) · htr, r(x) > δ0

0, −δ0 ≤ r(x) ≤ δ0

(r(x) + δ0) · htr, r(x) < δ0


 . (2.7)

This equation implies that an arbitrary vector x (which is the initial guess of

the HR image) is iteratively updated based on the residual (difference) between the
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blurred and downsampled version of x and the LR images g. Additional constraints

on the amplitude, such as members of the convex set can only take values from

0 to 255, can also be applied. Given the above projections, the composition of the

projectors onto the family of sets is iteratively computed. The initial guess of the SR

image is computed as a bilinear interpolation of one of the low-resolution images.

The iterations of the POCS algorithm stop when either the intersection of all the

constraint sets is reached or if by visual inspection (or a metric) the update on the

SR image (change between successive estimates) is lower than a preset threshold.

POCS is an interesting approach to SR reconstruction based on a spatial domain

observation model. The constraint sets allow for the inclusion of a priori informa-

tion to the solution. However, the rate of convergence and the reconstructed SR im-

age is dependent on the initial guess of the image. Also, the solution is non-unique

as the POCS iteration stops when a point in the intersection of all constraint sets is

found or the change between successive iterations decreases below a threshold.

2.5 Video SR – Spatio-temporal Superresolution

Spatio-temporal SR is distinct from spatial SR in terms of the temporal effects of

the acquisition model. There are two primary temporal effects observed in video

acquisitions which are not encountered in spatial SR. The first relates to dynamic

events happening at rates faster than the frame rate of the camera. In such cases,

either the event is not captured at all or is captured incorrectly. Shechtman et al.

[55] refer to this as temporal aliasing. The second temporal effect relates to the

exposure time of the camera, and though it is visible as a spatial artifact, the cause

of this motion blur lies in the temporal domain.
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(a) (b) (c)

Figure 2.5: Temporal aliasing (adapted from [55]). (a) Trajectory of a ball over
time. (b) Trajectory sampled over time by a low frame rate camera. Perceived
trajectory is along a straight line. (c) Illustration that even with perfect temporal in-
terpolation between the sub-sampled frames of (b) the true motion trajectory cannot
be recovered.

2.5.1 Temporal Effects in Video SR

• Temporal aliasing: As illustrated in Fig. 2.5, if the frame rate of the camera

is below the Nyquist frequency of the trajectory of motion, then the true mo-

tion of the object cannot be recovered, even by performing ideal temporal in-

terpolation. Figure 2.5, also illustrates the requirement of multiple sequences

for temporal SR since, interpolation within a single sequence cannot recover

the true motion.

• Motion blur: Motion blurring can be understood as the integration of the

light received at each pixel during the exposure time of the camera, see Fig.

2.6.

2.5.2 Video SR Categorization

Current research in spatio-temporal SR can be divided into three categories: (i) True

spatio-temporal SR, (ii) Spatio-temporal resolution enhancement and (iii) Spatio-

temporal interpolation, see Fig. 2.7. The original idea of spatio-temporal alignment

of sequences was introduced by Caspi and Irani [6] in 2002. They (along with

Shechtman [55]) extended their work, to space-time SR by incorporating the tem-

poral alignment algorithm from [5].
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Figure 2.6: Illustration of Motion blur and Spatial blur caused due to exposure time
and the point spread function of the camera respectively (adapted from [55]). The
rectangle indicated by spatial blur illustrates the spatial area that will be averaged to
a single pixel value in the discretized image. The temporal blur rectangle indicates
the time-period over which temporal information will be averaged to a single frame
in the video sequences.

Others have adapted the algorithm proposed by Shechtman et al. to enhance a

low frame rate video based on a high frame rate video of the same scene [26] —

spatio-temporal resolution enhancement. In spatio-temporal resolution enhance-

ment, one video stream is available at high resolution, and scene information from

the HR video is added to the LR video to improve the LR video quality. This en-

hancement is limited primarily to improving the resolution of static background

objects. Spatio-temporal interpolation techniques are the standard methods used

for frame rate up-conversion or for increasing the temporal resolution of videos.

We will discuss the Caspi algorithm and the space-time SR algorithm in detail

next. Other resolution enhancement and interpolation techniques are also briefly

reviewed.
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Figure 2.7: Different categories of spatio-temporal SR techniques.

2.5.3 Space-time SR

This section is a detailed review of the Shechtman, Caspi and Irani algorithm

[55][5]. Let S be a dynamic space-time scene which is captured by n different

video cameras as sequences {si}n
i=1 of limited spatial and temporal resolution. The

imaging process is modeled as blurring followed by sampling both in time and

space. The blurring effect can be explained as the point spread function (PSF) of

the camera (spatial) and exposure time or aperture time of the camera (temporal).

The sampling effect also has both time and space components. Temporal sampling

occurs because of the limited frame rates of the cameras and spatial sampling occurs

because of limited detectors on the camera.

A general dynamic scene can be represented in 4D as (x, y, z, t). However if

the scene is planar and the distances between the cameras is small compared to

their distance from the scene, then the scene can be represented as a 3D space-

time volume (x, y, t). Let one of the LR sequences be the reference LR sequence

(any sequence can be chosen without loss of generality), say s1. Sh is the HR dis-
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Figure 2.8: Relation between various transformations of the Shetchman model[55].

cretization of the continuous scene (at a higher sampling rate than {si}n
i=1). The

scaling transformation between s1 and Sh can be represented as T1. If Ti→1 is the

space-time coordinate transformation from the ith LR image to the reference LR se-

quence s1, then Ti (transformation from ith LR sequence to Sh) can be represented

as Ti = T1 · Ti→1. Refer to Fig. 2.8 for an illustration of this relation.

Spatio-temporal Alignment of Sequences

Caspi et al. [5] model Ti→1 (sequence to sequence alignment) as follows. Temporal

misalignment between the sequences arises because of different frame rates of the

cameras and offset in the activation time. This temporal misalignment is modeled

as a 1D affine transform. The spatial misalignment resulting from different camera

calibration parameters is modeled as an inter-camera homography. Let s and s′ be

two LR input image sequences. Let x = x, y, t be a space time point in sequence

s. Suppose this space time point is captured as a pixel at location (x, y) and frame

number n. Similarly, let x′ = x′, y′, t′ be a space time point in sequence s′, which

is captured as a pixel at location (x′, y′) and frame number n′. In order to find the
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spatial relationship between (x, y) and (x′, y′), we need to represent these image

points as homogenous coordinates. Homogeneous coordinates make it easier to

represent and apply transformations (such as affine transform) as matrices. Let

p and p′ be the homogeneous representation of the image coordinates (x, y) and

(x′, y′) respectively. If we assume a planar scene, then p and p′ are related to each

other by a homography (described in Section 2.7.2).


x′

y′

1


 =



h11 h12 h13

h21 h22 h23

h31 h32 h33


 ·



x
y
1


 . (2.8)



x′

y′

1


 = H ·



x
y
1


 . (2.9)

The temporal misalignment between the two sequences, s and s′, is modeled as:

t′ = r.t + ∆t, (2.10)

where r is the ratio of frame rates of the cameras and ∆t is a translation. The

algorithm is implemented by extracting features of interest such as corners and

maintaining a feature trajectory. Spatio-temporal alignment is implemented by re-

covering the alignment between the feature trajectories by minimizing the following

function:

P = arg min
H,∆t

∑

trajectories


 ∑

t∈trajectory

||p′(r.t + ∆t)−H(p(t))||2

 , (2.11)

where H represents the homography computed between the feature points in frame

n in sequence 1 and frame n′ in sequence 2. Note that the same matrix H will apply

to all frames in a sequence. Equation 2.11 is implemented as follows. An initial

value of H and ∆t are chosen. The homography is applied to one of the trajectories,

say p(t). Then, the difference between the feature point coordinates is computed

between frame 1 of sequence 2 and frame (1+∆t) from sequence 2. Similarly, dif-

ferences for all other corresponding feature coordinates is computed (for an offset

27



∆t and homography H), the differences are squared and summed. This operation

represents the first summation in Eq. 2.11. As a video sequence is not limited to a

single trajectory, the above operations are performed for all trajectories in the two

sequences, and the squared differences for all trajectories are also summed. This

is represented by the second summation in Eq. 2.11. Since t′ is not necessarily

an integer value, it is linearly interpolated from its neighboring values. The mini-

mization is performed by first fixing ∆t and solving for H , and then fixing H and

refining ∆t. The iterations are stopped when the residual error does not change.

The values of H and ∆t that result in the minimum error P (in Eq. 2.11), are the

solution.

Spatio-temporal Reconstruction

Once the sequence alignments Ti are computed using the above method (Caspi

algorithm) the next step is to reconstruct the SR video. In reconstructing the HR

sequences, spatial blurring caused by the camera’s spatial point spread function

and temporal blurring caused by the cameras exposure time, need to be accounted

for. Let the combined space-time blur of the ith camera be represented as Bi =

B(σi, τi, p
l
i), where pl

i = (xl
i, y

l
i, t

l
i) is the LR (’l’) space-time point, σ and τ are

the standard deviations of the PSF in space and in time respectively. Let ph
i =

(xh
i , y

h
i , thi ) be the corresponding HR point (which is to be computed). Also, let

S(p) represent the pixel value corresponding to point p. Thus, the known LR images

Sl
i(p

l
i) are related to the unknown HR S(ph) by the following relation:

Sl
i(p

l
i) = Bh

i ∗ S(ph), (2.12)

where Bh
i = Ti ·B(σi, τi, p

l
i) is the blur kernel in the HR coordinate system. Equa-

tion 2.12 models the blurring and downsampling that a HR image pixel undergoes

before being captured as a LR image pixel. In this equation, the values of Sl
i(p

h
i )

are available, the values of Bh
i are approximated and S(ph) are the values that are to
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be computed. If we stack all the LR images that are available into a large system of

linear equations, then all the LR images are related to the same HR image by differ-

ent space-time blur parameters. This large system of linear equations is represented

as:
−→
l = A

−→
h , (2.13)

where
−→
l is a vector containing ordered LR pixels, A is the sampling and blur PSF

(stacked Bh
i )matrices and

−→
h is a vector containing the unknown HR pixels. This

system of linear equations is solved for h using conjugate gradients.

2.5.4 Epitomes

Another probabilistic approach that has been used for SR is termed as Epitomes.

Epitomes [31][7] are patch based probability models that are generated by combin-

ing together a large number of example patches from input images. These example

patches represent some of the high-order statistics in images and video data such as

texture, shape and optic flow. Epitomes are learned and can be considered to be con-

densed versions of image patches in video sequences. For example, a low resolution

input video sequence is broken down into small sets of 3D volumes (space-time).

A probabilistic generative model is then used to learn the video epitome that could

best describe the low resolution image patches. Epitomes have been demonstrated

to be fairly successful in video inpainting, compression and mosaicking.

2.5.5 Frame Rate Up-conversion and Temporal Interpolation

Frame rate up-conversion is required for applications such as NTSC– PAL conver-

sion and display on HDTV, where high frame rates are desired [72] [32]. The stan-

dard frame rate up-conversion methods are frame repetition, linear interpolation,

motion compensated interpolation. Motion compensation is usually bi-directional

in order to take into account frames on both sides of the up-converted frame. Motion

29



compensation and interpolation however, cannot deal with temporal aliasing, as de-

scribed in Section 2.5. We mention interpolation in this thesis because it is currently

the method of choice for most temporal resolution enhancement approaches.

It can be inferred from the discussion on SR reconstruction that finding a correct

alignment between the LR sequences is paramount; hence in the following section

we will review some approaches to achieve sequence-to-sequence alignment. Note

that in video processing literature, both the terms – ‘alignment’ and ‘synchroniza-

tion’, have been used to refer to the same concept.

2.6 Video Synchronization

Video Synchronization techniques can be classified based on the the source of the

synchronization information. In some scenarios, this synchronization information

is acquired from an external source, while in other scenarios this information is

acquired from the video sequences themselves. We look at techniques in both these

categories next.

2.6.1 External Gating Signal based Synchronization

Currently, most synchronization algorithms (especially in medical imaging) use an

external timestamp to align multiple datasets together. For example, in cardiac

imaging [16][63], an ECG signal and MRI images from the heart are captured con-

currently. The unique cardiac peaks in ECG are used as landmark points to align

corresponding cardiac images. It is however not necessary that a direct reading from

the imaging region be used for time stamping. Yang et al. [86] records audio data of

subjects reciting consonants and vowels while simultaneously imaging the subjects

via ultrasound. The speech patterns in the audio data are then used as timestamps to

align the ultrasound data in order to visualize tongue movement. Others have also

tried multiple camera acquisitions with a controlled triggering of the onset of cap-
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ture, such that the sequences are offset by known subframe displacements. Then,

by simply exploiting the offset and the frame rates of the cameras, multiple video

sequences can be combined.

2.6.2 Image based Synchronization

A more generalized form of temporal synchronization is based on information de-

rived from the images themselves, such as, change in region properties such as

brightness [70][72] (in cardiac images) or motion of regions of the image[21]. List-

garten et al. [40] use a Hidden Markov Model (HMM) based approach for align-

ment of continuous time series data from speech and mass spectrometry. They

present a continuous profile model (CPM) which assumes that each acquired or

observed time series is a noisy sub-sampled representation of a single true time se-

ries, which they call latent trace. The noisy time series are generated by moving

through a sequence of Hidden Markov states. The CPM is trained using expecta-

tion maximization , and subsequently the latent trace of the model which represents

a higher resolution series is obtained. However, the CPM algorithm only performs

global alignments and a large number of replicated experimental data is required

to train the HMM. Giese and Poggio [21] model biological motion patterns using

linear combinations of prototypical sequences with the objective of synthesizing

motion of objects. For example, given a sequence of walking, they warp the tempo-

ral duration of the ‘walk’ by making the first section of a step faster to synthesize

a ‘limping’ sequence. They use a dynamic time warping approach to vary the time

duration of activities. They modeled the temporal deformation as a non-parametric

transformation as shown below.

t′ = t + τ(t) (2.14)

However, the underlying problems of correspondence and warping are ill-posed.

Since even in the absence of ambiguity in the features being compared, there are
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infinitely many possible solutions that can bring the two trajectories into correspon-

dence. Other such as Patti et al. [49] have also used DTW for alignment of curves,

however they constrain their warping model to a linear warp.

Perperidis et al. [50], use the Caspi model [5] described in Section 2.5.3 for

temporal registration of cardiac images and enhance it by incorporating local de-

formable transformations using 1D cubic B-splines. Their temporal transform is

represented as follows:

Ttemporal(t) = T global
temporal(t) + T local

temporal(t). (2.15)

The global transform has been modeled like Caspi’s temporal transformation model

(as shown in Eq. 3.7), where α accounts for scaling differences and β accounts for

translation differences.

T global
temporal = αt + β. (2.16)

The local transform has been modeled as splines using the following equation:

T local
temporal =

3∑

l=0

Bl(u)φti+1
, (2.17)

where Bl represents the lth basis function of the B-Spline and φ denotes a set of

control points with a uniform temporal spacing. The optimal temporal transform

is found by maximizing the normalized mutual information between the cardiac

datasets. The local temporal transform is also computed separately by finding tran-

sitional landmarks and then searching through all possible local deformations of the

splines while optimizing the normalized mutual information. They report that com-

puting the optimal deformation by their approach is computationally expensive and

sometimes takes over 24 hours to resolve. Their spline model is based on computing

transitional landmarks such as start of the cardiac cycle, maximum contraction, end

diastole etc., and depends greatly on the accuracy of this landmark recovery stage.

For trajectories where such local landmarks are not as easily distinguishable, the
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temporal transformation will reduce to a global transformation, and thus to Caspi’s

model.

Past literature in video synchronization and temporal registration can be broadly

classified into two categories — video sequences of the same scene or video se-

quences of similar scenes; differing primarily on the assumptions made with respect

to the temporal offset between sequences.

2.6.3 Video Synchronization of Same Scene

In synchronizing videos of the same scene, the temporal offset is considered to be

an affine transform [5], as described in the previous section. Dai et al.[8] use 3D

phase correlation between video sequences for synchronization. The 3D phase cor-

relation is computed in the Fourier domain. First the Discrete Fourier Transform

(DFT) of the frames is computed. The DFT returns a magnitude spectrum and a

phase spectrum. Dai et al. shift the temporal position of one video sequence, and

iteratively compute the spatial registration between individual frames in both se-

quences (assuming a homography) and compute the correlation of the phase spectra

of the corresponding video frames. The time shift that results in the highest corre-

lation value is used to synchronize the video sequences. However, their algorithm

only works for 2D planar scene sequences and the temporal offset is limited to a

translation.

Another method for synchronization of the same scene has been proposed by

Tuytelaars et al.[76]. They compute synchronization by checking the rigidity of a

set of five (or more) points. The rigidity is computed as a rank-constraint on the

spatial homography or fundamental matrix. We discuss the rank-constraint based

method in greater detail in Chapter 4, where we compare our work with the rank-

constraint based method. The central idea behind the rank-constraint based algo-

rithm is that for matched points moving non-rigidly in two sequences of the same
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Table 2.1: Review of related work. Legend: D.S.-Dynamic time shift, V.I.-View
Invariant, S.A.-Sub-frame Accuracy

Author Scene D.S. V.I S.A.
Caspi et al. [6] [5] Same X

√ √
Tresadern et al. [73] Same X

√ √
Lei et al. [37] Same X

√
X

Carceroni et al. [4] Same X
√ √

Wolf et al. [84] Same X
√

X
Pooley et al. [52] Same X

√ √
Dai et al. [8] Same X

√ √
Tuytelaars et al. [76] Same X

√
X

Giese et al. [21] Diff
√

X X
Perperidis et al. [50] Diff

√
X X

Rao et al. [54] Diff
√ √

X

motion, the 4th singular value in the case of a homography and 9th singular value

for fundamental matrix, will determine if the correct temporal alignment has been

computed. A large singular value implies that the sequences have not been synchro-

nized properly. Tresadern et al.[73] also follow a similar approach of computing

a rank-constraint based rigidity measure between four non-rigidly moving feature

points. They are able to reduce the rank number by 1 by translating the feature

points such that the origin of the image lies at the centroid of the feature points.

Caspi et al.[5] recover the spatial and temporal relation between two sequences by

minimizing the SSD error over extracted trajectories that are visible in both the se-

quences. Carceroni et al.[4] extend [5] to align sequences based on scene points

that need to be visible only in two consecutive frames. They approach the problem

of synchronization by assuming that the pair wise correspondence between frame

number of input sequence (ti = αit1 + βi) induces a global timeline relationship

(L = {[α1....αN ]T t + [β1...βN ]T}) between the sequences. This global time line

implies that even if we do not have knowledge of the temporal alignment of the

entire sequence, we can construct the line from pair-wise correspondences from a

few dynamic features that are visible in two or more frames of the scene.
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2.6.4 Video Synchronization of Related Scenes

When aligning video sequences of different but related scenes, i.e. sequences cor-

related via motion, one has to factor in the dynamic temporal scale of activities in

the video sequences. Giese and Poggio [21] approach alignment of activities of dif-

ferent people by computing a dynamic time warp between the feature trajectories.

However, the problem when the activity sequences are from varying viewpoints

is not addressed, and the approach computes a one-to-one frame correspondence.

Perperidis et al. [50] have proposed an algorithm to locally warp cardiac MRI se-

quences. The algorithm extends Caspi’s work [5] to incorporate spline based local

alignment. Though this approach does lead to good alignment of time-varying se-

quences, it has two main drawbacks: (i) the computation space for spline based

registration is quite large and the authors need to compute points of inflexion in

the cardiac volume change; and (ii) the alignment is still a one-to-one frame cor-

respondence and not sub-frame accurate. Others, such as Rao et al. [54] use rank

constraint as the distance measure in a dynamic time warping algorithm to align

multiple sequences. Note that this is the first work that can deal with video se-

quences of correlated activities.

In the previous discussion we reviewed various techniques for sequence-to-

sequence alignment. In the following sections we will review techniques for spatial

registration. Spatial registration is required to compute a pixel-by-pixel correspon-

dence between images or video frames. While there are various methods for spatial

registration, we will only review those methods are either directly used in this thesis

or after suitably modifications.

2.7 Spatial Registration

When a 3D scene is acquired by a camera, a spatial point in 3D space is transformed

into a 2D point on the image plane. When multiple cameras are used, different
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camera acquisition matrices result in the same 3D point being transformed into

multiple 2D image points. Spatial or Image registration involves transforming the

2D points in one image into the coordinate system of a second image, such that data

between the two images can be compared or integrated.

Registration can be either rigid or elastic. In rigid registration a single transform

matrix is applied to all the pixels in the image, whereas, in elastic (or non-rigid)

registration the transformation for each pixel is independent of each other. Non-

rigid registration is generally used when the object deforms between the multiple

acquisitions.

Another classification of registration techniques is based on the properties of the

images that are used for registration – area based and feature based techniques. In

area based techniques, regions are mapped from one image to another, using metrics

such as correlation and mutual information. In feature based techniques, features

such as edges, corners and lines are extracted in each image independently, and

correspondence (mapping) between the features is then computed by using stan-

dard feature matching algorithms such as Scale Invariant Feature Transform (SIFT)

[42], Intensity Based Regions (IBR) [75] and Maximally Stable Extremal Regions

(MSER) [46]. In this thesis we use rigid, feature based spatial registration tech-

niques which are discussed next.

2.7.1 Feature Extraction

The Scale Invariant Feature Transform (SIFT) algorithm has been proposed by

David Lowe [42] for feature extraction and feature description. The SIFT algorithm

detects extrema in Scale-space and these extrema are called keypoints (features).

The keypoints are detected as follows:

• The image is convolved with Gaussian filters at different scales. Gaussian fil-

ters are smoothing filters that blur the image. If I(x, y) is the original image,

36



and G(x, y, kσ) is the Gaussian blur at scale kσ, then the convolved Gaussian-

blurred image can be represented as L(x, y, kσ) = G(x, y, kσ) ⊗ I(x, y),

where ⊗ is the convolution operator.

• Successive Gaussian-blurred images are then subtracted to get a Difference

of Gaussians (DoG) image. A DoG image can be represented as D(x, y, σ) =

L(x, y, kiσ)− L(x, y, kjσ).

• Maxima and minima in a DoG image are captured as keypoints. These are

computed by comparing each pixel in the DoG image to its eight neighbors on

the same scale and eighteen neighboring pixels in the adjacent DoG images.

• Keypoints that have low contrast or are poorly localized around edges are

then discarded. This is done to ensure that the keypoints that are chosen are

stable across scales.

• In order to achieve rotation invariance, each keypoint is assigned one or more

orientations based on local image gradient directions.

• For each keypoint a 128 dimensioned descriptor is generated that contains

information about keypoint position, orientation and scale.

The SIFT feature vectors are invariant to minor affine (rotation, scaling, shear-

ing and translation) changes and have been proven to be highly distinctive (i.e fea-

ture vectors from two different features are distinct). Features extracted in two

images can be matched by computing the difference between their feature vectors.

This matching is used to compute the spatial transform that relates one image to

another. Of particular interest to us is the transform that relates planar scenes –

homography, which is discussed next.
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2.7.2 Homography

Suppose the scene being viewed by two cameras is planar (for example a wall with

graffiti on it) and has limited depth, then the images acquired by the cameras are re-

lated by a homography, which is a 3×3 transformation matrix. A standard algorithm

used to compute the homography is the Direct Linear Transformation (DLT) Algo-

rithm [25]. Suppose xi and x′i are 2D point correspondences extracted in Image1

and Image2 respectively. The homography transformation is given by x′i = Hxi,

where H =



h1 h2 h3

h4 h5 h6

h7 h8 h9


.

The homography transformation can be expressed as the vector cross product

x′i × Hxi = 0. For n ≥ 4 feature point correspondences, the vector cross product

can be solved for H . The homogenous equation for the vector cross product can be

written as Ah = 0, with A as the following 2n× 9 matrix:

A =




x1 y1 1 0 0 0 −x1x
′
1 −y1x

′
1 −x′1

0 0 0 x1 y1 1 −x1y
′
1 −y1y

′
1 −y′1

x2 y2 1 0 0 0 −x2x
′
2 −y2x

′
2 −x′2

0 0 0 x2 y2 1 −x2y
′
2 −y2y

′
2 −y′2

. . . . . . . . .

. . . . . . . . .
xn yn 1 0 0 0 −xnx

′
n −ynx′n −x′n

0 0 0 xn yn 1 −xny′n −yny′n −y′n




, (2.18)

and h =
[
h1 h2 h3 h4 h5 h6 h7 h8 h9

]T
. We compute the SVD (singular

value decomposition) of the matrix A. The singular vector corresponding to the

smallest singular value is considered to be the solution to h or H .

Note that in an image more than 4 corresponding feature points are extracted.

Thus the question now becomes - how can we seek a homography that satisfies the

most correspondences. This question is solved by using methods such as RANSAC,

which is discussed next.
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2.7.3 Random Sampling and Consensus

Random Sampling and Consensus (RANSAC) [18] is a mathematical strategy used

to find a solution that agrees with the largest data. For example, once features have

been extracted and tentatively matched based on some score, RANSAC strategy is

used to randomly choose four feature correspondences to compute the homography.

The algorithm then checks to see how many of the remaining feature correspon-

dences agree with the computed homography, these are called ‘inliers’. The goal

of the algorithm is to maximize the number of inliers, and the homography that

results in the maximum number of inliers is deemed to be the solution. RANSAC

can result in an incorrect solution when incorrect feature matches are so numerous

that they overwhelm the correct feature matches.

2.8 Motion Tracking

Motion in video sequences is a big clue that can be used for sequence alignment, and

hence tracking of object motion is important. We use two basic image processing

techniques for motion tracking in this thesis – adaptive background subtraction and

template matching.

2.8.1 Adaptive Background Subtraction

In this method a statistical model of the background scene is built and moving

regions in a video sequence are determined by subtracting each image frame from

the background model [3]. The statistical model is built from video frames where

no motion occurs. For each image point a measure of mean and variance in pixel

intensity is computed. This statistical model accommodates small variations in light

intensity which maybe caused by shadows and flicker of light source.

When a frame that has motion in it is subtracted from this adaptive background

model, the difference in pixel intensity between the model and frame of interest
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is compared to the variance of the background model. Only motion that results in

pixel intensity changes greater than the model variance is considered as extracted

motion.

2.8.2 Template Matching

Template Matching is another technique used for object tracking [22]. In template

matching, a template image of the object being tracked is explicitly specified and

the algorithm searches for this template image in the video sequence. The tracking

of the template to subsequent video frames can be implemented as a neighborhood

search around the last known position of the template match.

2.9 Motion Modeling

Motion modeling has been used in the past for a myriad of applications, such as

video summarization [78], video compression [30], indexing and retrieval [12][2]

[68], motion estimation [35][80], video segmentation [51] and action recognition

[41][9] . These models can be loosely categorized into parametric and non-parametric

(structural) models. This categorization is based on the premise that parametric

models allow direct interpolation or extrapolation of motion trajectories based on

the derived model parameters. Non-parametric or structural models allow segmen-

tation and clustering of motion but cannot be used directly for interpolation or ex-

trapolation of motion trajectories.

2.9.1 Parametric Motion Models

Parametric motion models [78]-[30] represent motion in terms of a parametric equa-

tion. For example, the x and y coordinates of a trajectory can be represented as

a linear function of time. Other functions such as the Fourier basis, radial basis

function, non-uniform B-splines, Wavelet basis, bilinear transformation and higher
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order polynomial transforms, can also be used to represent motion. Once the ba-

sis vectors to be used in the parametric models have been decided, the coefficients

of these basis vectors can be computed using methods such as Bayesian networks,

learning theory, condensation algorithm and more popularly – linear least squares.

Parametric models are scalable in the number of parameters that are required for

the model; hence variations in motion type, computation cost and reshaping of

regions can be dealt with. Also, appropriate approximations of the dominant or

apparent motion can be made at considerably lower computation costs [10]. For

example, Davis et al.[9] describe an approach to represent oscillatory motions by

three parameterized sine-wave generators. Thus the basis vectors for their model

are sinusoids, and a FFT analysis is computed to calculate the amplitude and phase

parameters of the model.

2.9.2 Non-parametric Motion Models

Non-parametric or structural motion models are based on analysis and recognition

via templates, prototypes or training data [13]. Genc et al. [20] apply morphing,

which is widely used in computer animation, to interpolate trajectories of motion.

Some other non-parametric models include motion textures [44] (which use en-

ergy distribution of motion vectors to derive multidimensional vectors representing

motion) and event based analysis [88] (which uses stochastic properties of events

without prior knowledge of the events or their temporal scale to segment video se-

quences). Zelnik-Manor et al. [88] compute a statistical distance measure based

on the histograms of the spatio-temporal gradients at various temporal scales to

cluster and recognize video events. It is theorized that a temporal event is always

characterized by the same temporal scales in all sequences. However, events when

repeated by different or even the same individual may or may not be on the same

temporal scale. For example, an individual throwing a ball repeatedly may do so at
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different speeds, varying non-linearly with time, but the overall event still remains

“throwing a ball”. Another drawback of restricting the event model to a constant

temporal scale is that the classes of actions that can be discriminated must be quite

varied in terms of their speed and orientation. However, we use event properties for

temporal registration and demonstrate why dominant motion descriptors are more

suitable for sub-temporal registration than local warping strategies.

2.10 Dynamic Time Warping

Dynamic time warping (DTW) is a standard method used in speech recognition

for adjusting the temporal duration of utterances. For example, if the word “dy-

namic” was uttered slowly and fast, the two speech patterns could be aligned based

on DTW. Indeed any data which can be turned into a linear representation can be

analyzed with DTW. In Fig. 2.9, we show two 1D signals (A and B) that have an

overall similar shape but vary in the temporal alignment. DTW can be used to warp

the time axis of these signals before a distance metric is used to compute the sim-

ilarity between the signals. However, DTW has two major drawbacks. It can map

a single point onto a large subsection of another time series thus leading to ‘singu-

larities’. In addition, it may fail to find an obvious alignment between two series

because a feature in the first is slightly higher in magnitude than its corresponding

feature in the other series.

DTW is implemented by computing the cost of mapping a point in one series

to all the points in another series. Thus, for two series of length n and m, a n×m

cost matrix (D) is computed. Then from the (n, m) cell of matrix D, a reverse path

is traversed, such that the accumulated cost of the path is minimum. This traversed

path represents the mapping computed between series 1 and series 2. DTW can

be implemented in both symmetric and asymmetric form. If the implementation is

symmetric, both the reference and test sequences are given equal weight in com-
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(a) (b)

Figure 2.9: Illustration of dynamic time warping of two 1D signals A and B. (a) The
two signals which have the same overall shape, but vary in the temporal duration of
some sections of the signal. (b) The alignment computed by DTW.

puting the warping path. An illustrative equation of symmetric warping is shown

below:

W (n,m) = min




D(n,m) + W (n− 1,m)
D(n,m) + W (n− 1,m− 1)
D(n,m) + W (n,m− 1)


 , (2.19)

where n refers to Time-Series 1, m refers to Time-Series 2, W is the accumulated

cost of warping and D is the cost of matching the current cell. However, if one

sequence is considered more accurate than the other, then the warping can be un-

equally weighted towards it and such an implementation is asymmetric in nature.

Compare Eq. 2.19 to one possible asymmetric implementation of DTW shown in

Eq. 2.20, which is ‘biased’ towards time-series1 and is also penalizing a linear

warping:

W (n,m) = min




W (n− 1,m)
2D(n,m) + W (n− 1,m− 1)
D(n, m) + W (n,m− 1)


 . (2.20)

Consider Eq. 2.20, in traversing the minimum accumulated cost path, when the

next step to cell (n,m) is being evaluated, the path from (n − 1,m) cell does not

add the cost D(n,m) (the cost of mapping the nth series-1 point to the mth series-2

point) to the accumulated cost W (n,m). However, the path from (n − 1,m − 1),

doubles the cost of D(n,m) in addition to the accumulated cost till (n− 1, m− 1).

Thus the linear path from (n−1,m−1) to (n,m) is penalized higher than the other

paths.
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Figure 2.10: Dynamic Time Warping of two signals A and B. (Most algorithms
assume a linear warp.)

2.11 Linear Regression

In this section we present a review of weighted least squares regression and three

goodness of fit statistics that we have used in our work for modeling event dynam-

ics. Regression methods such as least squares have been used in SR for estimating

the value of HR pixels from Eq. 2.13. We use linear regression to estimate the event

model as a function of the motion trajectory of the object in LR images. Regression

is the method of estimating real valued functions from noisy samples. The esti-

mated functions then provide a mapping between a systems input(s) and output(s).

A regression model will select the best approximating function while minimizing a

measure which is called (synonymously) risk or discrepancy or cost. A commonly

used loss function is the squared error between the observed value and estimated

value of the output. The weighted least squares regression minimizes the error esti-

mate using the following equation:
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SSE =
n∑

i=1

wi(ci − ĉi)
2, (2.21)

where ci is the ith trajectory point of the n trajectory points available, ĉi is the

trajectory point computed based on the least squares fit and wi are the weights

assigned to each trajectory point.

In the bi-square weighted method, the weight given to each data point depends

on how far the point is from the fitted line. Points near the line get full weight while

points farther from the line get a reduced weight. This approach minimizes the

effect of outliers on the results of the regression analysis. To assess if a regression

model is appropriate, goodness of fit statistics such as sum of squared error (SSE),

R-square and root mean square error (RMSE) are computed. The SSE measure is

defined in Eq. 3.1; a value closer to 0 indicates a better fit. The R-square statistic

measures how successful the fit is in explaining the variation in the data and it is the

square of the correlation between the trajectory point and the predicted trajectory

point. For sum of squares about the mean c , SST (total sum of squares) is defined

as:

SST =
n∑

i=1

wi(ci − ci)
2. (2.22)

Then, the R-square statistic can be defined as:

Rsquare = 1− SSE

SST
. (2.23)

An R-square value closer to 1 indicates that a greater proportion of the variation in

the data has been accounted for. The root mean square error is then defined as:

RMSE =

√
SSE

ν
. (2.24)

The RMSE statistic estimates the standard deviation of the randomness or error

in the data. An RMSE value closer to zero indicates a better fit. If n is the number

of trajectory points acquired and m is the number of fitted coefficients estimated

from n, then the residual degrees of freedom are defined as ν = n−m .
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2.12 Recurrent Non-uniform Sampling

Recurrent non-uniform sampling (RNUS) is used to describe the sampling strategy

where a signal is sampled below it’s Nyquist rate, but multiple such sample sets

offset by a time delay are available, i.e., the sampling frequency is fixed, but the

sampling time is randomly initialized. Figure 2.11 illustrates such recurrent non-

uniform sampling, where x(t) is a 1D continuous time signal which is sampled at

a sampling rate of T , giving rise to samples at T, 2T..MT . Another sample set is

also acquired at a sampling rate of T , however, this sample set is offset by a timing

offset τ . Most RNUS algorithms assume that the value of τ is known a priori (i.e.,

it is a controlled variable) or its exact value can be computed.

In RNUS reconstruction, a signal is reconstructed from multiple sample sets

which are offset from each other by a known time interval [45]. The non-uniform

sampling theorem [38] states that “a bandlimited function x(t) can be uniquely

reconstructed from a set of samples which are non-uniformly spaced but satisfy

the condition that there be precisely N distinct samples to every interval of length

NT , where N is some finite integer and T is the sampling period.” An interpolation

formula for reconstruction of the signal from its non-uniform samples is provided

in [19]. In practice however, we neither encounter bandlimited signals nor do we

have infinite samples. Therefore, the interpolation formula has been simplified and

adapted for finite data reconstruction, with reduced complexity. A review of some

of these approximations is presented in [45]. Another approach to reconstruction

from RNUS was presented by Feichtinger et al. [17], where the sampling atoms

or synthesis functions are computed using approximation operators such that every

bandlimited function x(t) has a stable summed expansion of the type shown below:

x =
∑

n∈Z
x(τn)en, (2.25)

where en are the sampling atoms. Unlike uniform sampling functions the sampling
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Figure 2.11: Illustration of recurrent non-uniform sampling with two sample sets.

atoms are not necessarily translations of a mother function and decay rapidly such

that the reconstructed signal value is computed using adjacent local samples.

In the next sections we review how RNUS is formulated and how an approxi-

mate high resolution signal can be reconstructed from non-uniform samples.

2.12.1 Sampling formulation

Suppose x(t), without loss of generality a 1D signal, is sampled at a rate fsL(T =

1/fsL), such that fsL < fNyquist, to generate a sub-sampled signal Si. If N such

sample sets are available (i.e., 1 ≤ i ≤ N ), each sampled at a rate fsL , and

sampling instances are placed such that the combined sampling rate equals NfsL,

then if NfsL > fNyquist, x(t) can be reconstructed from its non-uniform samples.

This strategy is often used in interleaved analog to digital converters [67]. Let the

nth sample set acquired be represented as follows:

Sn = x(kT +
(n− 1)T

N
+ τn), (2.26)

where 1 ≤ k ≤ M , and τn is the nth random temporal offset.

2.12.2 Reconstruction formulation

Direct reconstruction of a continuous signal from its N non-uniformly sampled

sequences [66] can be done as follows:

x(t) =
N∑

n=1

∑

k∈Z
x(kT +4n)φn(t− (kT +4n)), (2.27)
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(a) (b)

Figure 2.12: (a) Reconstruction from uniform samples using sinc kernels. (b) Illus-
tration of non-uniform samples which can be expressed as linear combinations of
samples from (a).

where 4n = (n−1)T
M

+ τn and φn represents the reconstruction kernels such as

splines, Lagrange’s polynomials and the cardinal series. An indirect approach to

reconstruction from RNUS is to derive uniformly separated samples from the non-

uniform signal instances, and then reconstruct using the standard interpolation for-

mula in Eq. 2.28. Suppose a bandlimited signal x(t), is sampled at the Nyquist rate

to obtain uniform samples x(kT ), x(t) can be reconstructed from the samples using

the interpolation formula:

x(t) =
+∞∑

k=−∞
x(kT )

sinΩ(t− kT )/2

Ω(t− kT )/2
, T = 2π/Ω. (2.28)

Let x0, x1 and x2 correspond to three discrete samples of x(t) taken with a uniform

time interval at time t0, t1, and t2 (see Fig. 2.12(a)). Assuming a finite window of

reconstruction (instead of the infinite samples in Eq. 2.28), an approximate recon-

structed signal can be computed as:

x̂(t) = x0sinc(t− t0) + x1sinc(t− t1) + x2sinc(t− t2). (2.29)

If x(t) was also sampled at non-uniform time instances t′0, t
′
1 and t′2, as shown

in Fig. 2.12(b), by substituting t with t′i (0 ≤ i ≤ 2) in Eq. 2.29 we can write the
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following linear equations:

x(t′i) = x0sinc(t′i − t0) + x1sinc(t′i − t1)

+ x2sinc(t′i − t2) : 0 ≤ i ≤ 2, (2.30)

where x(t′i) are the known non-uniform samples. Equation 2.30 can be expressed

as a system of linear equations:

B = A · x, (2.31)

where A =



sinc(t′0 − t0) sinc(t′0 − t1) sinc(t′0 − t2)
sinc(t′1 − t0) sinc(t′1 − t1) sinc(t′1 − t2)
sinc(t′2 − t0) sinc(t′2 − t1) sinc(t′2 − t2)


 , B =

[
x′0, x

′
1, x

′
2

]T

and x =
[
x0, x1, x2

]T
.

These linear equations can be solved using standard methods (such as LU de-

composition [53]) to calculate the sample values at the uniform sampling instances

(x in Eq. 2.31). By plugging the solution of x (sample values at uniform instances

of time) into Eq. 2.29, approximate reconstruction of the original signal can be

done.

2.13 Summary

In this chapter we reviewed current state-of-the-art in super-resolution imaging. We

presented a chronological development of methods in this area and examined the

limitations and drawbacks of these techniques. We reviewed methods in video syn-

chronization and dynamic time warping. Algorithms for feature extraction, spatial

registration and recurrent non-uniform sampling were also reviewed. We will refer

back to these algorithms in subsequent chapters.
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Chapter 3

Event Models as a Tool for SR
Imaging at Low Frame Rates

In this chapter we present our first study on improving the temporal registration

of low resolution (LR), low frame rate, video sequences for super-resolution (SR)

imaging. We assume a simplified scenario where: (i) the sequences are acquired

from the same scene, (ii) the view point or camera position does not change, and

(iii) the video sequences have a fixed temporal offset between them. We investigate

the effects of low frame rates on SR reconstruction from such video sequences.

Contemporary approaches ignore the global dynamics of the scene and use a linear

interpolation model for alignment of LR sequences. We have used event dynamics,

a property that is inherent to an event and is thus common to all acquisitions of the

event, to integrate multiple low-temporal resolution acquisitions to generate high-

temporal resolution data.

This rest of this chapter is organized as follows. In Section 3.1 we briefly review

some contemporary registration algorithms and introduce the problem statement.

We present a systems overview of our proposed method in Section 3.2. In Sec-

tion 3.2.1 we discuss our algorithm for matching video sequences based on event

dynamics. We also present a comparative analysis of a contemporary algorithm

proposed by Caspi et al. [5][6] and submit a case study where their algorithm gives

erroneous results. In Section 3.3 we present our experimental setup and results
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with real and synthetic data. The results are compared with those obtained with the

Caspi algorithm on the same data. In Section 3.4 we present a novel application of

our work in registering and generating high resolution MRI sequences for medical

data visualization, as well as, the generation of high temporal resolution videos.

We briefly discuss the relation between proposed work and the sampling theorem

in Section 3.5. In Section 3.6 we put forward the conclusion of this study.

3.1 Introduction to Event Models

All digital data acquisition techniques essentially acquire discrete samples of a fun-

damentally continuous world. Often, limited by current technology, we can only

collect and process a limited amount of information from the events that occur

around us. For example, generic video cameras can capture information at frame

rates of 30 frames per second (fps), whereas a fast magnetic resonance imaging

(MRI) protocol can capture only 6-7 fps of soft tissue motion in the human body.

In order to recreate the true event that occurred, most researchers use multiple ac-

quisition sources and offset their capture so that correlated but discrete samples are

acquired. In this chapter, we address the problem associated with a scenario where

only a single acquisition source can be used at a given time. To solve this issue,

one approach is to reconstruct information by interpolating between low-resolution

discrete samples available in a single set of data. Interpolation is a poor solution

when few samples are present, as the interpolated data may be completely inaccu-

rate when compared to the real event. The unique approach we propose is to use

repetitions of the same event (which may or may not be replicable each time) and

use event dynamics to temporally register and reconstruct the samples in a multidi-

mensional space. Temporal registration of the LR sequences is used to generate a

high-resolution data set, which can be used further for applications such as robust

object tracking, super-high resolution video generation or medical image visualiza-
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tion.

In the past, temporal registration has been achieved by using either specific

timestamp information from an external source or information derived directly from

the video data by identifying key points. In both these cases, global and local

misalignments are computed by minimizing a matching criterion. While global

alignment allows the video sequences to be roughly registered, correction of lo-

cal misalignment is essential as it allows sub-frame temporal registration. Current

techniques for correcting local misalignment are based on linear interpolation or

splines. Linear interpolation involves connecting discrete trajectory points with

straight lines. As the line must pass through the trajectory points, linear interpo-

lation leads to exact fitting. If the trajectory points were not accurately extracted,

which can often be the case if the image is noisy or features change due to mo-

tion in the scene, the interpolated lines will also be an inaccurate representation

of the trajectory motion. Thus, if feature extraction or coordinate selection is not

robust, error is introduced into the registration. Splines on the other hand require

accurate determination of control points and knots. These control points and knots

are computed from a large solution space, making Splines computationally expen-

sive. Also, more than one combination of control points and knots can be used to

interpolate between the trajectory points, thus leading to a non-unique registration.

Video sequences are typically used when the aim is to capture event related

motion in the scene. In this thesis we propose to use event dynamics, a property

that is inherent to an event and is thus common to all acquisitions of the event, to

integrate multiple low-temporal resolution acquisitions to generate high-temporal

resolution data. First let us define an ‘event’. An event can be defined as the oc-

currence of something important at a certain spatial location, over an interval of

time. Thus, the two parameters important in defining an event are its spatial loca-

tion and its temporal range. It is our hypothesis that any event in multidimensional
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space will generate distinct spatiotemporal patterns, and while these patterns may

not be identical over multiple repetitions, they will have a high degree of correla-

tion. Space-time patterns of image elements (such as single pixels or regions of an

image) can be represented as motion models of the elements. This will allow the

parameterization of events occurring in spatio-temporal space. Low-resolution cap-

ture limits us to sample only a few representative space-time points of these motion

patterns. However, if sufficient spatiotemporal patterns of repeated instances of the

same event are available, then the low-resolution samples can be used to generate a

high-resolution space-time pattern of the event.

3.2 System Overview

A system overview of the proposed technique for temporal alignment of LR videos

of the same scene is shown in Fig. 3.1. In Fig. 3.1 we assume that (i) multiple

LR videos are available as input to the spatio-temporal alignment module, (ii) the

LR videos are from the same scene, and (iii) the spatial alignment between them

can be represented as a linear conformal transformation1. Figure 3.1 shows three

system modules: (i) Spatial alignment, (ii) Temporal Alignment, and (iii) Recon-

struct. In the spatial alignment module, feature are extracted and tracked through

the video sequences. These features are considered to be discrete samples from

the continuous motion in the sequences. Standard algorithms are used to compute

the spatial alignment between the sequences, these have been reviewed in Section

2.7. The temporal alignment module is implemented in two stages: (i) Generation

of a weighted bi-square regression based parametric model of the dominant mo-

tion and (ii) Minimization of the alignment error of the parametric models. In this

chapter we focus on temporal alignment, the weighted bi-square regression based

1For MRI data, this spatial misalignment is caused by slight movement of the subject between
scans and for real video data used in this part of our work the LR videos are generated as subsampled
versions of a high resolution video hence there is no spatial alignment required.
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Figure 3.1: Systems overview of proposed technique for temporal alignment of
videos of the same scene

parametric model is discussed in detail in Section 3.2.1 and the minimization of

alignment error is discussed in Section 3.2.2. The last module in Fig. 3.1 represents

the reconstruction algorithm used to generate the super-resolved data. Various SR

reconstruction algorithms have been reviewed in detail in Chapter 2. For MRI data

the reconstruction module of the system is implemented in the frequency domain,

and differs from the methods reviewed in Chapter 2. The MRI reconstruction algo-

rithm is presented in Chapter 6, Section 6.4.4.

3.2.1 Regression Model for Temporal Alignment

Regression models (reviewed in Section 2.11) have been used in the past for motion

modeling in two contexts: (i) to predict the position of a feature point between two

acquired frames (i.e. interpolate between two acquired feature locations), and (ii)

to extrapolate the position of an feature point for a frame in the future, i.e. pre-

dict position of a feature in a frame that has not been acquired yet. In this work

we are concerned with the first context – interpolating missing data between ac-

quired frames. In our method, we do not consider individual trajectory points, but

rather look at the entire dynamics that those points represent for alignment. Let

the discrete points sampled on the two trajectories be represented as c(x, y, n) and

c′(x′, y′, n′), where x, y represent the spatial position and n represents the frame

number or temporal position of the feature point. Since we are focussing on tem-
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poral alignment only, we assume that the trajectories have been previously spatially

aligned and can therefore be represented as c(x, y, n) and c′(x, y, n′). Note that af-

ter spatial registration, the spatial coordinates x′, y′ in the second sequence can be

represented as x, y.

We approximate the real world continuous event dynamics by applying a weighted

bi-square linear regression model on the discrete samples. The weighted bi-square

linear regression (WBLR) model is presented in detail in Appendix A. Intuitively,

the WBLR model works as follows. Given a set of discrete feature points, the

WBLR model attempts to compute model parameters which can be used to gener-

ate continuous trajectories. The algorithm assigns a weight to each discrete feature

point. These weights are used to assign importance to the feature points. For ex-

ample, if a feature in the trajectory was incorrectly extracted, it is desired that the

impact of this feature on the continuous trajectory should be minimized. Hence it

will be assigned a low or zero value. Since we cannot pre-determine if a feature has

been inaccurately extracted, these weights are unknown. The WBLR algorithm ini-

tializes the weights to 1. In this work, we start with the assumption that the model is

linear, and using the discrete feature points, we compute the parameters for a linear

fit to the data. The difference between the actual feature points and the estimated

feature points is then computed as follows:

SSE =
n∑

i=1

wi(ci − ĉi)
2 (3.1)

where ci is the ith trajectory point of the n trajectory points available, ĉi is the

trajectory point computed based on the least squares fit and wi are the weights

assigned to each trajectory point. The WBLR algorithm then adjusts the values of

the weights to try and minimize the sum of squared error (SSE) in Eq. 3.1. The

algorithm iterates over computing model parameters, SSE and weight update till

the SSE converges. We then increase the model parameters to a quadratic, higher
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order polynomial and exponential fit and reapply the WBLR algorithm for each

update to the model. Model parameters that result in the least residual (SSE) and

best goodness of fit statistics is chosen to represent the trajectory. The following

goodness of fit statistics have been used in this work: sum of squared error (SSE,

Eq. 3.1), R-square and root mean square error (RMSE).

The R-square statistic measures how successful the fit is in explaining the vari-

ation in the data and it is the square of the correlation between the trajectory point

and the predicted trajectory point. For sum of squares about the mean c , SST (total

sum of squares) is defined as:

SST =
n∑

i=1

wi(ci − ci)
2. (3.2)

Then, the R-square statistic can be defined as:

Rsquare = 1− SSE

SST
. (3.3)

An R-square value closer to 1 indicates that a greater proportion of the variation in

the data has been accounted for. The root mean square error is then defined as:

RMSE =

√
SSE

ν
. (3.4)

The RMSE statistic estimates the standard deviation of the randomness or error

in the data. An RMSE value closer to zero indicates a better fit. If n is the number

of trajectory points acquired and m is the number of fitted coefficients estimated

from n, then the residual degrees of freedom are defined as ν = n−m .

The events represented in our real sequence experiments are ball throwing and

swinging a ball tied to a string. These events can be characterized in spatio-temporal

volume by a sinusoidal pattern and spiral pattern respectively. A spiral pattern

on decomposition can also be viewed as a sinusoid with slight variations in the

structural parameters. Figure 3.2 illustrates the decomposition of a spiral pattern

into a linear translatory and a sinusoidal pattern. Variations are also added to these
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patterns by the linear translatory motion of the ball. A sinusoid pattern can be

approximated by the series:

sin(x) = x− x3

3!
+

x5

5!
− x7

7!
+ .... (3.5)

This series converges quickly, and a series order of 7∼8 is sufficient to repre-

sent the underlying trend of the motion of the ball. Thus the upper bound of our

parametric model can be set to a polynomial of degree 8, which reduces our search

space to a more manageable one. Note that this parametric model is global and we

do not compute parametric models locally. For local parametric models the search

space would be large, like the search space of splines.

3.2.2 Minimization of Alignment Error

We chose the weighted (bi-square weights) least squares algorithm for our regres-

sion model since it optimizes the generation of a continuous trajectory by factoring

in inaccuracies in feature extraction. Subsequent to linear regression computed by

minimizing the residual error (Eq. 3.1), the trajectories can be represented as con-

tinuous curves c(x, y, t) and c′(x, y, t′), where the temporal variable of the second

sequence t′ is related to the temporal variable of the first sequence t as: t′ = t+∆t.

∆t is a single offset value that relates all corresponding frames in one sequence to

the other. Temporal registration of the two trajectories (thus the video sequences)

involves finding a sub-frame displacement ∆t that minimizes the distance between

the coordinate positions in the two continuous event models as follows:

C = arg min
∆t

∑

t

[(c(x, t)− c′(x, t′)2 + (c(y, t)− c′(y, t′)2]. (3.6)

We did not use fitting with splines as they depend greatly on the accuracy of the

control points. Since our trajectories are from multiple events, we want to reduce

the dependence of the algorithm on local points or features, which may or may not
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(a)

(b)

Figure 3.2: Decomposition of motion patterns into constituent x and y motion. (a)
Spiral motion is decomposed into constituent x and y oscillatory patterns; (b) ball-
throw motion is decomposed into linear motion along the horizontal coordinate and
oscillatory motion along the vertical coordinate.
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have been accurately obtained from the multiple trajectories. We believe that the

overall trend of the event will be a better global representation of the trajectory.

3.2.3 Caspi Model for Temporal Alignment

In Chapter 2 we reviewed various approaches for computing temporal alignment

between two sequences. Of the approaches reviewed, the algorithm proposed by

Caspi et al. [5] is the most closely related to this work, since the problem ad-

dressed is sequence alignment for super-resolution reconstruction. We provide a

quick overview of the Caspi algorithm in this section (Note that the equations from

[5] have been adapted to reflect only a temporal misalignment). Temporal mis-

alignment is defined to occur when two input sequences have a time-shift or offset

between them, which could have been caused by different frame rates of the cam-

eras or delay in activating the cameras. This temporal misalignment is modeled in

[5] by a 1D affine transform as follows:

t′ = s.t + ∆t. (3.7)

The optimum temporal alignment is computed by minimizing the following error

function:

−→
P = arg min

∆t

∑

trajectories


 ∑

t∈Trajectory

||p′(s.t + ∆t)− p(t)||2

 , (3.8)

where p(t) = [x(t), y(t), t] is the spatial position of the feature point along the tra-

jectory at point t in time. p′(s.t + ∆t) is the location of the corresponding feature

point in the second sequence at time t′ = s.t+∆t. Since t′ is modeled as a subframe

displacement, coordinate values at t′ are linearly interpolated from the correspond-

ing integer location t1 = bt′c and t2 = dt′e. Error minimization is performed by

computing ∆t for the best linear interpolation value. The minimization is stopped

when the residual error stops changing or when a given number of iterations are

exceeded. A search is then performed for α = t′ − t1 that minimizes the following
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Figure 3.3: Pictorial representation of linear interpolation in Eq. 3.9 for sub-frame
temporal alignment.

equation (see Fig. 3.3 for a pictorial representation):

min
α

∑

t

||p′(t1).(1− α) + p′(t2).α− p(t)|| : α ∈ [0, 1] (3.9)

3.2.4 Comparative Analysis

Let us now consider a case of two trajectories p(t) and p′(t) as shown in Fig. 3.4,

where p′(t) is the same as trajectory p(t), but offset by a subframe displacement

‘∆t’ These continuous trajectories are discretely sampled by an acquisition source

at different points in time. We represent this by the circles on the trajectory. Using

Caspi’s algorithm p′(t) will be interpolated for all subframe values from its value

at the integer points, say p′(t1) and p′(t2) according to Eq. 3.9. Subsequent to

linear interpolation, at some temporal displacement ∆t̂ , p′(t) will become equal

to p(t) and the algorithm will find a best match and stop (we have simplified the

trajectory to that of a single coordinate, and only display two points on the trajec-

tory). However, the true temporal displacement was ‘∆t’, which was not computed

as the linear interpolation ignored the curvature of the trajectory. In cases where

the sampling rate of the trajectory is high, linear interpolation will provide accept-

able results. This is because, as the time between two samples begins to decrease,

the trajectory becomes more linear. However, for poor temporal sampling rates, as
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Figure 3.4: Case study of failure of linear interpolation for temporal alignment.

is the case with MRI, linear interpolation will often result in erroneous temporal

offsets, as we show in our experiments.

3.3 Experimental Analysis

The system shown in Fig. 3.1 has been implemented in the MATLAB7.0 pro-

gramming environment. We present our experimental analysis in the following two

sections: synthetic trajectories and real video data.

3.3.1 Synthetic Data

Synthetic data was created by downsampling eight high temporal resolution trajec-

tories of hyperbolic functions, such as tanh, cosh, sinh and combinations of these

functions. Some representative trajectories are shown in Fig. 3.5. Each high res-

olution trajectory was downsampled into two trajectories each. One of these two

downsampled trajectories was also offset by a known temporal difference in order to

create temporal misalignments. Hence, for these cases the true temporal alignment

was also known a priori. Entire trajectories as well as sub-segments of trajecto-

ries were matched using both the methods. The results of the temporal alignment
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Table 3.1: Results of Temporal Alignment (TA) with Synthetic Data for Linear In-
terpolation (LI) and Event Dynamics (ED) based matching. LI corresponds to Caspi
Algorithm and ED corresponds to Proposed Algorithm. Unit of error is ‘frames’.

Traj Actual TA TA by LI Error with LI TA with ED Error with ED

Traj 1
13 6 7 12.25 0.75
13 7.25 5.75 13.5 0.5
13 6 7 13.5 0.5

Traj 2
13 6 7 16 3
13 6 7 14.75 1.75

Traj 3
10 12 2 11 1
10 6 4 11 1

Traj 4
10 12 2 11 1
10 6 4 10 0

Traj 5
10 12 2 11 1
10 6 4 10 0

Traj 6
10 6 4 9 1
10 6 4 10 0

Traj 7
10 12 2 10 0
10 13 3 11 1
10 18 8 14 4

Traj 8 10 13 3 12 2
Average Error in frames 4.7142 0.8571

are shown in Table 3.1. It can be seen from Table 3.1 that the proposed method

has an average error of 0.86 frames, compared to 4.7 frames for the Caspi model.

The maximum error for the Caspi model was 9.25 frames, while the error with our

method was 0.75 frames for the same trajectory. The maximum error in our model

was 4 frames, while the corresponding error for the Caspi model was twice as high

at 8 frames. An analysis of the relation between error and complexity of trajectory

reveals that complex trajectory (or complex motion) will result in higher error in

registration, see trajectory-7 in Fig. 3.5 and its corresponding error value in Table

3.1.

3.3.2 Noise Analysis

We also performed analysis on synthetic data to determine the robustness of both

Linear Interpolation (Caspi Algorithm) and Event Dynamics (proposed) methods to
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Figure 3.5: (a)-(h) Sample trajectories from synthetic data. (a) Traj 1, (b) Traj 2, (c)
Traj 3, (d) Traj 4, (e) Traj 5, (f) Traj 6, (g) Traj 7, and (h) Traj 8.

63



Figure 3.6: Plot of Error in temporal registration vs. variance of noise added to the
50 real data trajectories for Linear Interpolation (Linear Interp) and event dynamics
based matching (ED Matching).

noise which was randomly added to the trajectory locations. The trajectories were

normalized using the following equation:

cn(xi, yi, ti) =
c(xi, yi, ti)− µ.c(x, y, t)

σ.c(x, y, t)
(3.10)

where µ is the mean, and σ is the standard deviation of the trajectory. Pseudo-

random noise with zero mean and variance between 0 and 1 was then added to the

trajectory points, and temporal registration was performed on these noisy trajecto-

ries using both the Linear Interpolation and proposed methods. The experiments

were iterated 1000 times, and the average error computed is shown in Fig. 3.6. The

addition of noise leads to an increase in the error in both the methods as can be

seen in Fig. 3.6. However, event dynamics based temporal registration consistently

resulted in lower temporal registration errors compared to linear interpolation at all

levels of noise.

3.3.3 Real Data

We captured multiple video sequences of throwing a ball and swinging a ball tied to

the end of a string. These sequences were captured at 30fps and were downsampled
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Figure 3.7: (a)-(f) Sample trajectories from the real data. (a) Throw 1, (b) Swing 1,
(c) Swing 2, (d) Swing 3, (e) Throw 2 and (f) Throw 3.
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into two sub-sequences each, with varying frame rates ranging from 15fps to 3.3fps.

One of these two downsampled trajectories was also offset by a known temporal

difference in order to create temporal misalignments. Hence, for these cases the true

temporal alignment was known a priori. The moving ball was segmented using a

color based scheme and the centroid of the segmented region was computed. Some

representative centroid trajectories are shown in Fig. 3.7. Illustrative frames of

these sequences have been compiled in Appendix B, Section B.1. These video

sequences and the temporal registration result are also available online at:

www.ece.ualberta.ca/˜meghna/ieeeMult/2006.html.

In Fig. 3.8 we show the extent of spatial error that can be caused by a few frames

of error in the temporal registration. This figure consists of two frames transparently

overlapped over each other. The position of the ball in the original sequence for that

instant of time is indicated on the figure. It can be seen that linear interpolation has

led to an incorrect alignment with a large spatial offset from the correct position.

The results of temporal registration using both linear interpolation and proposed

method are tabulated in Table 1. It can be seen that linear interpolation results in

an average error of 2.27 frames and a maximum error of 4.95 frames in temporal

offset calculation, while event dynamics based matching results in an average error

of 0.105 frames and a maximum error of 0.5 frames. Also interesting to note is

that the results for the ‘throw’ sequences are better than the results for the ‘swing’

sequences. This could be because the complexity of motion for swinging an object

is much higher (3D motion) than that of a throw.

3.4 Applications

In this section we present two applications of our work, namely – medical visual-

ization and generation of high temporal resolution videos. While our work can be

applied to a myriad of regions of the body for medical visualization, in this thesis,
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(a)

(b)

(c)

Figure 3.8: (a) Original frame at correct temporal alignment. (b) Incorrectly aligned
frame corresponding to (a) and (c) Superimposed frames from the original sequence
and temporally aligned sequence showing incorrect registration.
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Table 3.2: Results of Temporal Alignment (TA) with Real Data for Linear Inter-
polation (LI) and Event Dynamics (ED) based matching. LI corresponds to Caspi
Algorithm and ED corresponds to Proposed Algorithm. Unit of error is ‘frames’.

Traj Actual TA TA by LI Error with LI TA with ED Error with ED

Throw 1

4 2.75 1.25 4 0
4 2.85 1.15 4 0
5 3.8 1.2 4.85 0.15
6 2.75 3.25 5.9 0.1
7 2.05 4.95 6.95 0.05

Swing 1

6 3.45 2.55 5.55 0.45
7 2.05 4.95 6.95 0.05
4 2 2 4 0
5 2 3 4.75 0.25
4 2 2 4 0

Throw 2

3 1.9 1.1 2.95 0.05
3 1.9 1.1 2.8 0.2
4 2 2 4 0
3 1.9 1.1 2.95 0.05
4 2 2 4 0

Swing 2

4 2.75 1.25 4.25 0.25
5 1.75 3.25 5.5 0.5
5 2 3 5 0
4 2 2 4 0
4 2 2 4 0

Swing 3

5 1.75 3.25 5.25 0.25
5 1.75 3.25 5.25 0.25
4 2.5 1.5 4 0
4 1.8 2.2 4.2 0.2
4 2 2 4 0

Throw 3

5 2 3 5 0
5 1.75 3.25 5 0
4 2.75 1.25 3.75 0.25
4 1.8 2.2 4 0
3 1.9 1.1 3.1 0.1

Average Error 2.27 0.105
Max Error 4.95 0.5
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we present one representative application in the visualization of the oral-pharyngeal

region.

3.4.1 Medical Visualization

Current technology in medical visualization allows users to view 2D and 3D data.

However, the temporal changes in the 2D images or 3D volumes are lost as no

technique has high temporal resolution (2D+time/3D+time) acquisition capability.

In order to obtain high temporal resolution, accuracy in the spatial domain has

to be sacrificed, as there is a trade-off between spatial and temporal resolution.

We applied the event dynamics technique to aid the diagnosis and treatment of

dysphagia or swallowing disorders. [1].

Dysphagia can be caused by many factors such as a stroke, trauma to the cranio-

facial region or tumors in the brain and oral-pharyngeal tract. The current method

of assessing dysphagia is video-fluoroscopy, where the patient swallows a barium

cookie and is subjected to X-rays during the swallow. This method of assessment

has three major drawbacks: (i) the patient is subjected to harmful radiation, (ii) soft

tissue information is lost, since X-rays pass through soft tissue, and (iii) 3D spatial

information is lost, since all image planes that are perpendicular to the direction

of the X-rays are accumulated together into a single image plane. Thus 3D depth

information is lost. These limiting features of X-ray have prompted our work in

using MRI to assess swallowing disorders. The central idea behind our work is to

combine low resolution (LR) MRI swallow video sequences (acquired over multiple

swallows) into a single high resolution swallow sequence. The event dynamics

technique has been used to register the LR MRI sequences to sub-frame accuracy.

Experimental details and performance results are presented below.

An overview of the method is presented in Fig. 3.9. In the Dysphagia experi-

ment, MRI images of a patient are taken while swallowing small amounts of water.
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Figure 3.9: Overview of application of method to medical visualization.

MRI data is acquired using a radial acquisition method as 96 radial projections of

192 points and reconstructed to an image size of 384×384. Acquisition time for

each image with the above configuration is 0.138 seconds, which computes to a

frame rate of 7.2 fps. Some spatial movement of the head in between swallows is

expected. To compensate for this movement we register the swallow images using

linear conformal transformation by manually selecting control points in the two im-

age sets and computing a transform based on these control points. Once the images

have been spatially registered, the next step is to segment the bolus of water and

track its path in the space-time volume of the swallow.

In order to segment the moving bolus we use a standard background separation

technique [85]. A background template image is calculated as the average of MRI

images where no bolus is present (images towards the end of swallow acquisition).

From this background image we subtract the swallow MRI images. Regions of

motion are thus segmented as shown in Fig. 3.10 and 3.11(a-b). We then compute a
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Figure 3.10: Background separated images from a swallow showing the bolus.

(a) (b)

(c) (d)

Figure 3.11: Bolus track in space-time volume of (a) swallow1 and (b) swallow2.
Centroid path in space-time volume of (c) swallow1 and (d) swallow2.

71



weighted centroid of the bolus in all segmented images. The weights are computed

in order to eliminate any residual noise. The centroid of the largest extracted region

is assigned the highest weight and is retained, while other regions are considered

as noise and removed from the space-time volume. A path of the centroid motion

is then created as shown in Fig. 3.11 (c) and (d). The motion of the centroid is the

trajectory path in this application.

In our experiments a polynomial of degree 6 was fitted on the coordinates of

centroids with a residual error of 6.747 pixels, an R-square value of 0.9982 and

a RMSE value of 1.29 pixels. The results of temporal alignment with the Caspi

model and the Event Dynamics model were comparable. Caspi model found the

alignment to be offset by 3.55 frames, while our method determined the offset to be

4.45 frames. The results with Event Dynamics model are shown in Fig. 3.12.
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3.4.2 High Temporal Resolution Video Generation

The proposed Event Models technique can also be applied to the generation of

high temporal resolution videos of events in the scenario where multiple cameras

are acquiring a single event but at an unknown temporal offset from each other or

when a single camera is acquiring multiple repetitions of an event. We validate

this application by testing our algorithm on videos of spinning a ball on a thread

and throwing a ball. Illustrative frames of these sequences have been compiled

in Appendix B, Section B.1. These video sequences and the temporal registration

results are available online at:

www.ece.ualberta.ca/˜meghna/ieeeMult/2006.html.

Some representative frames are shown in Fig. 3.13. Figures (a)-(e) show con-

secutive frames of the original video sequence. This sequence was then subsampled

by a factor of 5 with a time shift of 4 frames. Image (e) shows the frame that was

retained in the subsampled sequences. Based on the temporal offset calculated by

linear interpolation (g) has been incorrectly aligned in the series (f)-(j). Event Mod-

els on the other hand correctly aligned image (o) in the series (k)-(o). Using results

from the real data experiments in Section 3.3, we can say that event dynamics based

matching clearly performs better than linear interpolation and at worst performs as

well as linear interpolation.

3.5 Event Dynamics Technique and Sampling Theo-
rem

It would be interesting at this point to discuss the relation between the proposed

Event Dynamics method and the Sampling theorem. The Sampling theorem states

that in order for a continuous signal to be completely reconstructed from its discrete

samples, the signal must be sampled at a sampling frequency higher than twice the

maximum frequency of the signal or in other words twice the bandwidth of the
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Figure 3.13: (a)-(e) Frame from the original sequence of ball swinging, (f)-(j) Tem-
poral registration based on linear interpolation, (k)-(o) Temporal registration based
on event dynamics. (e) is the frame in the original sequence that is to be aligned.
(g) is the incorrectly aligned frame. (o) is the correct alignment of (e).

75



Figure 3.14: Trajectory of the centroid x-coordinate over 58 frames in a video taken
at 30fps.

signal. If this sampling rate is violated then the reconstructed signal suffers from

aliasing. In the temporal domain this results in temporal aliasing [5] in video se-

quences. With respect to our experiments in Section 3.3, let us assume that the

video acquisition at 30fps (or 30Hz temporally) is higher than twice the maximum

frequency of the motion in the video (swinging a ball). This assumption may not

always be true, but is being made for the sake of discussion. A sample of the x-

coordinate motion of the centroid of the ball is shown in Fig. 3.14. The Fourier

spectrum of the x-coordinate motion is shown in Fig. 3.15. It can be seen from

Fig. 3.15 that most the signal (x-coordinate motion) power is accumulated in the

frequency below 5Hz. This implies that if we were to sample the acquired video

further, we should sample it at a rate higher that 10Hz in order to reconstruct the

motion of the x-coordinate accurately. However, in our experiments we sample the

30fps video at frequencies as low as 4Hz, which is much below the sampling fre-

quency of the signal. It is to be noted that we are not reconstructing the signal from

just a single sub-sampled video but rather we are trying to recover a better version

of the signal from a temporally aligned set of samples. A detailed examination of

the sampling theorem and its relation to this work is presented in the next chapter.

76



Figure 3.15: Power spectrum of the trajectory in Fig. 3.14 showing that bandwidth
can be approximated to be below 5Hz

3.6 Conclusions

In this chapter we presented a method using event dynamics (ED) to temporally

register multiple video sequences together. We also presented a comparative anal-

ysis of ED matching and linear interpolation for sub-frame temporal alignment of

real sequences and synthetic trajectories. For fast occurring events with low acqui-

sition rates, an ED based matching computes temporal offsets with higher accuracy

than matching linearly interpolated values. It is to be noted that for such ED match-

ing, no landmark points need to be calculated on the trajectory and the computation

time is small as no brute force search is performed. However, a reasonably ac-

curate polynomial curve fit does need to be computed. We analyzed the effect of

noise on the accuracy of the ED based temporal alignment algorithm as well as the

contemporary linear interpolation algorithm. We showed that the event dynamics

based approach results in lower errors even at high noise levels. We also presented

two applications of our work in medical visualization and high temporal resolution

video generation.

In the next chapter we address a more complicated scenario where the sequences
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are acquired from varied view-points and are of related events (and not the same

event), thus the temporal scale of the activities in the sequence vary with time.
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Chapter 4

Symmetric Transfer Error for
Spatio-Temporal SR Imaging

In the previous chapter we presented event models and discussed how event models

can be used to improve registration of low frame rate sequences for SR imaging.

However, the problem scenarios used to compute and compare event models were

restricted to multiple sequences of the same scene. In this chapter we expand on

our previous work to address a more complex problem scenario where video se-

quences of related events are acquired via uncalibrated cameras with unknown and

dynamically varying temporal offsets.

The rest of this chapter is organized as follows. In Section 4.1 we present the

problem statement and outline related work in video synchronization, and justify

the necessity for this work. We also review the closest related work – Rank Con-

straint based algorithm (RCB) proposed by Rao et al. [54]. In Section 4.2, we

present our proposed symmetric transfer error and an optimization strategy to min-

imize it. In Section 4.3, we present the performance evaluation of the proposed

technique. Application of our work in 4D MRI visualization is presented in Section

4.4. Finally, summary and conclusions are presented in Section 4.5.
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4.1 Review of Synchronization Techniques

Synchronization of video sequences plays a crucial role in applications such as

super-resolution imaging [5][6], 3D visualization [57], robust multi-view surveil-

lance [36] and mosaicking [27]. Most video synchronization algorithms deal with

video sequences of the same scene and hence assume that the temporal offset be-

tween the video sequences does not change over time, i.e., a simple temporal trans-

lation is assumed. Video synchronization, however, is not limited to aligning se-

quences of the same scene. The synchronization techniques can be extended to

find the spatio-temporal alignment between related scenes, for applications such as

video search, video comparison and enhanced video generation. In such scenar-

ios, the temporal offset between the video sequences changes dynamically, and

cannot be estimated by a translational offset. For example, if FrameN in Se-

quence 1 matches FrameM in Sequence 2, then for dynamic offsets it is possi-

ble that FrameN+1 may not match FrameM+1. Rather FrameN+1 could match

FrameM+k, where k is an arbitrary offset that is positive and changes with time.

The closest related work in synchronization of video sequences that are related

by dynamically varying temporal offsets is limited to integer frame alignment of

video sequences [54]. Rao et al. [54] use rank constraint as the distance mea-

sure in a dynamic time warping algorithm to align multiple sequences. In the

Rank Constraint Based (RCB) algorithm proposed by Rao et al. [54], eight cor-

responding points between the first frames of two videos, say (x′1, y
′
1), ..(x

′
8, y

′
8)

and (x1, y1), ..(x8, y8), are specified. Feature points in video sequences are tracked

to acquire trajectories (u′, v′) and (u, v). The RCB algorithm uses the 9th singular

value of the matrix M defined in Eq. 4.1 as the distance function d(i,j) = σ9(M)
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for warping.

M =




x′1x1 x′1y1 x′1 y′1x1 y′1y1 y′1 x1 y1 1
. . . . . . . . .
. . . . . . . . .

x′8x8 x′8y8 x′8 y′8x8 y′8y8 y′8 x8 y8 1
u′iuj u′ivj u′i v′iuj v′ivj v′i uj vj 1




The warping matrix E represents the error in alignment upto frame i in sequence 1

and frame j in sequence 2.

E(i, j) = d(i,j) + min(E(i− 1, j), E(i− 1, j − 1), E(i, j − 1)) (4.1)

However, the RCB approach has the following limitations:

◦ The algorithm cannot compute synchronization with a sub-frame alignment.

◦ The dynamic time warping implementation and the distance measure used

leads to singularities in video synchronization.

◦ If the eight corresponding points chosen in their rank matrix are from points

that are not in temporal sync, then synchronizing using the 9th singular value

will not work.

◦ The authors also mention that when there are other points close to the correct

match, then the matching algorithm results in ambiguities.

◦ The warping is computed in one direction, for example, Sequence 1 is warped

towards Sequence 2. This uni-directional warping results in an alignment that

is biased towards the reference sequence. Any error in feature extraction or

noise in the reference sequence disproportionately affects the outcome of the

synchronization.
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Figure 4.1: System Overview of Symmetric Transfer Error (STE) Approach. DTW
– Dynamic Time Warping.

4.2 Proposed Approach

Our contribution lies in formulating the synchronization problem as the iterative

minimization of a symmetric transfer error (STE), which allows us to compute sub-

frame accurate synchronization of video sequences that have a dynamically varying

temporal offset between them. In addition, the method of minimizing STE allows

us to reduce the occurrence of singularities in the synchronization. Singularities

[34] occur when multiple frames in the target sequence map to the same frame in

the reference sequence. Such a situation can occur when the temporal speed of an

event in one sequence is significantly slower than another sequence. However, in

most cases this slowing down of the event should lead to a sub-frame mapping and

not singularities.

A brief system overview of the proposed approach is shown in Fig. 4.1. The in-

put to the system are low resolution video streams from an ensemble of events. The

first system module computes the spatial alignment between these video streams.

In this work we assume that the frame rates of the cameras are identical and fixed

throughout the acquisition, the scene is planar and the backgrounds in both the

scenes have sufficient static points that can be extracted using view-invariant feature

detectors [47] to estimate the spatial relationship between the two scenes. These as-
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Figure 4.2: Illustration of two distinct scenes acquired using two distinct cameras.
The projections (ghosts) of scenes onto the reciprocal cameras are also shown.

sumptions are not limiting since the synchronization algorithm can be adapted to

account for epipolar geometry for non-planar scenes and robust correspondence

algorithms can be used for wide-baseline cameras [46].

In the second module we extract feature trajectories from the sequences and

compute event models (as described in Chapter 3). We assume that a single feature

trajectory of interest is available to us such that the beginning and end points of

the activity are marked in the trajectory, similar to the assumption made in [54]. In

general videos, multiple object trajectories will be generated and an additional task

of the synchronization algorithm will be to find corresponding feature trajectories

in the multiple video sequences. This is an open problem in vision research and one

that we will not address in this thesis.

In the third module (Fig. 4.1), we compute trajectory projections (ghosts) and

the dynamic time warp between the event models. A symmetric transfer error is

minimized in the fourth module before reconstructing the high resolution video

sequence. These system modules are discussed in detail in the following sections.
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4.2.1 Spatial Alignment

Spatial Alignment is the first module in the system overview shown in Fig. 4.1.

Given that we have two cameras C1 and C2, as shown in Fig. 4.2, that view two

independent scenes of similar activities; C1 views scene X1 and acquires video

I1, and C2 views scene X2 and acquires a video sequence I2. Features, F1 and

F2, are extracted and tracked in both the acquired video sequences. The spatial

relationship (homography H) between the two scenes is computed by using the

Random Sampling and Consensus algorithm (RANSAC) [18] and the Direct Linear

Transform (DLT) algorithm [25]. We use these spatial alignment algorithms as

follows. Edge and Corner feature points in the first frame of the input sequences are

extracted. Each feature in one frame is matched to features in the second frame to

find the correspondence between feature points. The RANSAC algorithm randomly

chooses four corresponding features in the frames and computes a homography

matrix H in the following manner.

Suppose xi = (xi, yi) and x′i = (x′i, y
′
i) represent a feature point correspon-

dences extracted in frame 1 and frame 2 respectively. With four feature matches,

we construct the matrix A as follows:

A =




x1 y1 1 0 0 0 −x1x
′
1 −y1x

′
1 −x′1

0 0 0 x1 y1 1 −x1y
′
1 −y1y

′
1 −y′1

x2 y2 1 0 0 0 −x2x
′
2 −y2x

′
2 −x′2

0 0 0 x2 y2 1 −x2y
′
2 −y2y

′
2 −y′2

. . . . . . . . .

. . . . . . . . .
xn yn 1 0 0 0 −xnx

′
n −ynx′n −x′n

0 0 0 xn yn 1 −xny′n −yny′n −y′n




. (4.2)

The singular value decomposition of the matrix A is computed and the singular

vector corresponding to the lowest singular value is the solved homography matrix

H . The RANSAC algorithm applies this matrix H to all remaining feature points

in the first frame, i.e. it projects these feature points onto the second frame. If

the computed homography H is correct, then a majority of the projected features

84



will fall on their corresponding feature locations. The features that agree with the

computed H are called ‘inliers’. The algorithm runs a pre-determined number of

iterations in order to maximize the number of inliers. The homography computed

from Camera 1 to Camera 2 is denoted in this chapter as H1→2 and from Camera 2

to Camera 1 is denoted as H2→1.

4.2.2 Event Models

Feature extracted in Section 4.2.1 are tracked over all the frames in the sequence to

generate feature trajectories. A single feature trajectory is used to illustrate this in

Fig. 4.2. On their own these feature trajectories are discrete representations of the

event in the scene, and we need to interpolate between the discrete representations.

We use event models, proposed in Chapter 3, to generate continuous models from

discrete points. The continuous feature trajectories are represented as F1 and F2.

Note that we store these continuous models as discrete matrices in computer mem-

ory, but the temporal resolution of the continuous models is much higher than the

discrete models. Hence, we index into F using integer numbers.

4.2.3 Compute Ghosts

As the feature trajectories are dynamically offset from each other (as illustrated in

Fig. 4.2), we cannot directly optimize for both the homography and temporal offset.

Direct optimization has been proposed by Caspi et al. [6], which is performed by

using an estimated value of H and solving for a fixed temporal offset, and then

using the computed offset as a fixed variable and solving for H . We cannot follow

the same technique since the offset between two sequences in our problem scenario

is not fixed. Instead, we project the trajectory from Scene 1 to Scene 2, as if Camera

C2 did view Scene 1 (and vice versa). Note that the accuracy of this projection is

subject to noise in the extracted trajectories as well as error in the homography

computation. We call these projections the ghosts of the trajectories, represented as
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G.

G1 = H1→2.F1

G2 = H2→1.F2 (4.3)

The ghost trajectory G1 is the projection of trajectoryF1 (which was captured by

the Camera C1) on to the imaging plane of the second Camera C2. The homography

matrix H1→2 is the projection matrix for G1. Similarly, the ghost trajectory G2

is the projection of trajectory F2 (which was captured by the Camera C2) on to

the imaging plane of the first Camera C1. The homography matrix H2→1 is the

projection matrix for G2. These projections are illustrated in Fig. 4.2.

The aim of the synchronization algorithm is to temporally align a trajectory in

Camera 1 (F1) to the ghost of the trajectory from Camera 2 (G2), and vice versa.

Current dynamic offset synchronization algorithms, e.g. [54] and [21], synchronize

discrete feature trajectories to a frame-by-frame correspondence by only computing

a unidirectional alignment. For example, they assume Trajectory 1 to be the refer-

ence, and warp Trajectory 2 towards it. This unidirectional alignment biases the

synchronization towards the reference sequence. Feature extraction and tracking

errors in the reference sequence now propagate unchecked into the synchroniza-

tion. We show in this work that a more symmetric approach will not only mitigate

such an error propagation, but will also result in better sequence synchronization.

Our symmetric optimization approach is presented in the following section.

4.2.4 Regularized Dynamic Time Warping and Symmetric Trans-
fer Error

In the previous steps, feature trajectories and associated event models are com-

puted independently for each sequence. This introduces a variability in the se-

quence alignment, such that frame alignment from Sequence 1 to Sequence 2 is

not identical to frame alignment from Sequence 2 to Sequence 1. This asymmetry
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Figure 4.3: Computing symmetric transfer error for a single frame ‘i’ in Sequence
1.

is illustrated hypothetically in Fig. 4.3. In Fig. 4.3 the horizontal axis represents

frames in Sequence 1 and the vertical axis represents frames in Sequence 2. The

two reciprocal alignments computed between the sequences are shown as W1,2 and

W2,1. I.e., W1,2 is the mapping from trajectory F1 in Sequence 1 to the ghost G2

of Sequence 2, and W2,1 is the mapping from trajectory F2 in Sequence 2 to the

ghost G1 of Sequence 1. Since the trajectories and event models are computed in-

dependent of each other, the reciprocal mappings are not identical, W1,2 6= W2,1.

Asymmetry in mappings for real video sequences is shown in Fig. 4.13. If indexing

function M(W1,2, i) indexes the mapping W1,2 and returns the frame in Sequence

2 corresponding to the ith frame in Sequence 1 (similarlyM(W2,1, i) indexes map-

pingW2,1 and returns the corresponding frame in this mapping), then the symmetric

transfer error (STE) for the ith frame (where i ∈ R) is defined as follows:

E(i) = |M(W1,2, i)−M(W2,1, i)| (4.4)

Let us illustrate Eq. 4.4 with an example. Suppose in Fig. 4.3, for the ith frame

in Sequence 1, mapping W1,2 reports the corresponding frame in Sequence 2 to be

the 7th frame, and mapping W2,1 reports the corresponding frame to be the 10th

frame. Then, STE for the ith frame is E(i) = 3. STE for the entire sequence is then
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calculated as follows:

E =
∑

i=1..max(N,M)

|M(W1,2, i)−M(W2,1, i)|, (4.5)

where N is the length of F1 and G1 of Sequence 1 and M is the length of F2 and

G2 of Sequence 2. Intuitively, minimizing STE for synchronization using Eq. 4.5 is

akin to computing an optimal compromise between the reciprocal mappings W1,2

and W2,1.

The mapping functions W1,2 and W2,1 are computed using a regularized dy-

namic time warping (DTW) approach. The implementation of DTW via dynamic

programming, factors in boundary conditions, continuity and monotonicity of the

mapping function. We build a cost matrix D(n,m) ∀n ∈ [1..N ] and ∀m ∈ [1..M ]

(Eq. 4.6) as follows:

D(n,m) = ‖(F1(n)− G2(m))‖2 + w(‖∂F1(n)− ∂G2(m)‖2), (4.6)

where the term w(‖∂F1(n)− ∂G2(m)‖2) is the regularization function and the op-

erator ∂ is defined as follows:

∂F(k) =
F(k)−F(k − 1) + [F(k + 1)−F(k − 1)]/2

2
(4.7)

In Eq. 4.6, w is the weight assigned to the regularization function. The motivation

behind regularization of the cost function is two fold: (i) it allows us to factor in

a smoothness constraint on the warping and (ii) it also reduces the occurrence of

singularities in the mapping. The mapping function W , is computed by traversing

the path of minimum cost in the cost matrix D, similar to the DTW algorithm

reviewed in 2.10 and illustrated in Fig. 4.4, with i and j initialized to N and M

respectively, as follows:

W1,2(n,m) = D(n,m) + min(φ) (4.8)

φ = [W1,2(n− 1,m),W1,2(n− 1,m− 1),W1,2(n,m− 1)] (4.9)
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Figure 4.4: Illustration of computing the mapping function W from the cost matrix
D.

In Eq. 4.9 we consider a neighborhood of three frames (similar to [54]), however,

this neighborhood can be extended. While Eqs. 4.6-4.9 detail how W1,2 is com-

puted; the same apply to W2,1 with suitable substitutions made for F2 and G1. It

can be seen from Eqs. 4.5-4.8 that STE is dependent on the regularization weight

w, and the minimization of the STE with respect to w optimizes the sequence syn-

chronization. An example of STE values computed for varying values of w for two

synthetic trajectories are shown in Fig. 4.5, where the minimum symmetric error is

achieved at a regularization weight of w = 175.

Wopt = arg min
w

∑

i=1..max(N,M)

|M(W1,2, i)−M(W2,1, i)| (4.10)

Equation 4.10 enforces the minimization of the difference between the two map-

pings W1,2 and W2,1 in Fig. 4.3. The advantage of optimizing a symmetric mea-

sure, as opposed to an asymmetric measure, is validated experimentally on real

video sequences.

4.2.5 Algorithm Pseudocode

The pseudocode of the proposed algorithm is as follows:

• Pre-preocessing

1. Extract feature trajectories F1 and F2
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Figure 4.5: (Plot of STE E(w) versus regularization weight w for two synthetic
sequences of length 100 and 140 frames. min(E) is also indicated.

2. Compute Event models F1 and F2

3. Compute Homography H

4. Project Event models to derive ghosts G1 and G2

5. Set max w, min w, iter step

• Iterate to minimize STE

• For w=min w : iter step : max w

1. Compute regularized warp W1,2

(a) Compute cost metricD(n,m) = ‖(F1(n)−G2(m))‖2+w(‖∂F1(n)−
∂G2(m)‖2)

(b) Compute mapping as the path of minimum cost W1,2(n,m) =

D(n,m)+min(φ), φ = [W1,2(n−1,m),W1,2(n−1,m−1),W1,2(n,m−
1)]

2. Compute regularized warp W2,1

(a) Compute cost metricD(n,m) = ‖(G1(n)−F2(m))‖2+w(‖∂G1(n)−
∂F2(m)‖2)
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(b) Compute mapping as the path of minimum cost W2,1(n,m) =

D(n,m)+min(φ), φ = [W2,1(n−1,m),W2,1(n−1,m−1),W2,1(n,m−
1)]

3. Compute Symmetric Transfer Error

(a) E =
∑

i=1..max(N,M)

|M(W1,2, i)−M(W2,1, i)|

(b) M is a simple indexing function.

• End

• Find min E(w)

• Report Wopt corresponding to min E(w)

For our experiments the variables in the pseudocode min w, max w, and iter step,

were empirically determined and set to 0, 300 and 25 respectively.

4.3 Experiments and Comparative Analysis

We evaluated our method using both synthetic and real image sequences. We also

implemented the rank-constraint based (RCB) algorithm as described in [54] that

deals with aligning videos of similar events. While the RCB method cannot com-

pute sequence alignment to sub-frame accuracy, we still compare our method with

it for integer alignment. Our test cases can be divided into two sections - synthetic

sequences and real sequences. For synthetic sequences, we evaluate and compare

the STE algorithm to the RCB algorithm for integer alignment accuracy. For real

sequences, we evaluate and compare the results upto sub-frame accuracy. These

experiments and results are presented next. All experiments were run on a 3.2GHz

Intel Pentium IV processor with 1GB RAM using MATLAB 7.04. Excluding the

preprocessing time, the STE algorithm took 1.79 seconds to run through all itera-

tions, to compute the optimal alignment between two synthetic sequences of length
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100 and 140. The processing time for real sequences of length 84 and 174 was 1.93

seconds. The RCB algorithm was faster since it only computes the alignment once

and not iteratively. The average run time for the RCB algorithm was 0.2 seconds

for synthetic sequences and 0.25 seconds for real sequences. Even though the com-

putation time for the proposed algorithm is higher than the contemporary method,

it is still in the order of a few seconds and the increased run time is compensated by

the increased accuracy of the alignment.

4.3.1 Synthetic Sequences

In synthetic tests, we generate planar trajectories (shown as the bottom plots in Fig.

4.6 and 4.7), 100 frames long, using a pseudo-random number generator (‘rand’

function in MATLAB). These trajectories are then projected onto two image planes

using user defined camera projection matrices. An illustrative projection matrix is

shown in the Appendix B, Section B.2.

The camera matrices are designed so that the acquisition emulates a homogra-

phy, and are used only for generation purpose and not thereafter. A time warp is

then applied to a section of one of the trajectory projections, such that its length

now becomes 140 frames. Both the RCB and the STE methods are then applied

to the synthetic trajectories to compute the alignment between them. This process

is repeated on 100 synthetic trajectories. Figure 4.6 shows some synchronization

results with simple synthetic trajectories. In Fig. 4.6 the horizontal axis of the chart

presents frame numbers from Sequence 1 and the vertical axis represents frame

numbers from Sequence 2. The lines drawn across the chart represent the map-

pings between the two Sequences. It can be in Fig. 4.6 that for simple trajectories,

the STE and RCB methods result in comparable synchronization, close to the cor-

rect alignment. However, as the complexity of the synthetic trajectory begins to

increase, the RCB method starts producing erroneous alignments while the STE
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Table 4.1: Synchronization Errors for RCB and STE methods for Noisy Trajecto-
ries. Unit of measurement is the sum of absolute differences between the actual and
computed frame correspondence.

Noise σ2 STE RCB
0.0001 281 384
0.001 326 470
0.01 400 755
0.1 623 1199

method continues to compute synchronization that closely matches the actual syn-

chronization, as can be seen in Fig. 4.7. Let u represent the errors made by the

RCB algorithm and v represent the errors made by the proposed algorithm, then the

percentage improvement in the synchronization results, w, is computed as follows:

w =
u− v

u
× 100. (4.11)

On average, the proposed STE algorithm made 34% less errors in computing the

synchronization when compared to the RCB method.

We also tested the effect of noisy trajectories on our synchronization approach.

Normally distributed and zero mean noise with various values of variance (σ2) was

added to the synthetic feature trajectories. Two illustrative noisy trajectories are

shown in Fig. 4.8. The results of synchronization of noisy trajectories with both

the RCB and STE approach are shown in Table 4.1, where the sum of absolute dif-

ferences between the actual and computed frame correspondence is reported as the

synchronization error. When the noise variance is low (σ2 = 0.0001), the proposed

STE approach has 26% higher accuracy than the RCB algorithm, where the relative

accuracy is determined using Eq. 4.11. As the noise variance increases, the STE

approach is affected slightly by the addition of noise, however, the performance of

the RCB method degrades dramatically. When the noise variance is (σ2 = 0.1), the

proposed STE approach has 48% higher accuracy than the RCB algorithm. Some

representative alignment results are shown in Fig. 4.9.
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(a)

(b)

Figure 4.6: Results of synchronization of synthetic trajectories using proposed
Symmetric Transfer Error (STE) approach and rank-constraint based (RCB) ap-
proach. (a)-(b) Simple trajectories result in comparable synchronization between
both approaches.
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(a)

(b)

Figure 4.7: Results of synchronization of synthetic trajectories using proposed
Symmetric Transfer Error (STE) approach and rank-constraint based (RCB) ap-
proach. (a)-(b) More complex trajectories demonstrate the efficacy of the symmet-
ric minimization approach.
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Figure 4.8: Two illustrative noisy trajectories with noise variance =0.1.
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Figure 4.9: Performance of the STE and RCB methods for noisy trajectories with
noise variance (a) 0.1 and (b) 0.01.
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4.3.2 Real Sequences

We used video sequences provided by Rao et al. at http://server.cs.ucf. edu/∼vision/

and also acquired our own video sequences of activities similar to their data. Feature

trajectories were available for the UCF video files. For our test video sequences,

we provided an input template image of a coffee cup that was tracked in the video

sequences to generate feature trajectories. The input sequences are shown in Ap-

pendix B, Section B.2.2. Both the proposed and RCB synchronization methods

were then applied to the real video data. In the real data tests, ground truth infor-

mation is not available. However, a tentative ground truth alignment is computed

by visual determination.

Figure 4.10 shows the synchronization computed using the RCB algorithm. The

top row of Fig. 4.10 (a)-(d), consists of frames from Sequence 1 that were matched

to frames (shown in the bottom row (e)-(h)) from Sequence 2. The position of

the object being tracked has been enclosed in a green rectangle to highlight the

incorrect synchronization computed by the RCB algorithm. Fig. 4.11 shows the

synchronization computed by the STE algorithm, where the frames in the top row

are matched to frames in the bottom row. It can be visually determined that the

alignment computed by the proposed method is a close temporal match.
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Figure 4.12: Warping computed between Sequence 1 and Sequence 2 of realU-
ofA.avi test files. Point(1)-(3) are singularities marked on the warp.

The warping path computed between the two sequences by both methods is

shown in Fig. 4.12. Points (1)-(3) marked on Fig. 4.12 highlight the regions in

the warp where multiple frames in Sequence 1 were warped to a single frame in

Sequence 2 and vice versa —i.e., singularities. It can be seen from these highlighted

regions that the proposed method reduces the number and length of singularities.

4.3.3 Symmetric vs. Asymmetric Synchronization

In the previous section we compared our STE based synchronization against the

asymmetric synchronization proposed in [54]. The advantages of our approach in

terms of sub-frame synchronization capability and reduction in singularities has

been highlighted in the previously mentioned experiments. However, our approach

and the RCB approach differ not only in the symmetry aspect, but also in the dy-

namic aspect of the cost function (Eq. 4.6). In order to highlight the advantage of

the dynamic optimization of the STE, we validate it against unidirectional asymmet-

ric synchronization using a fixed warping cost function. The mappings computed

using both the symmetric and asymmetric approach for realUCF.avi test video are

shown in Fig. 4.13. In Fig. 4.13, difference between the asymmetric mappings can
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Figure 4.13: Symmetric vs. Asymmetric Synchronization of realUCF video files.

be clearly seen. This implies that depending on the video sequence that is chosen as

the reference, the synchronization computed by the RCB algorithm will be differ-

ent. However, note that the proposed STE method reduces the difference between

the mapping from Sequence 1 to Sequence 2 and the mapping from Sequence 2 to

Sequence 1.

4.4 Application – 4D MRI Registration

One of our motivations behind this work is to build a 4D (volume+time) represen-

tation of functional events in the human body using 2D planar acquisitions. Specif-

ically we are investigating swallowing disorders. In Chapter 3, we presented the

application of Event Models in registering MRI video sequences in the same imag-

ing plane – mid sagittal plane. In this chapter, we investigate the scenario that the

mutliple MRI videos are not acquired in the same imaging plane, as shown in Fig.

4.14. As swallow ‘repetitions’ are acquired in different imaging planes, the video

sequences are related to each other by dynamic temporal offsets. We apply the RCB

and proposed STE algorithm to compute the temporal offset to sub-frame accuracy.
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Figure 4.14: Illustration of spatial alignment of MRI slices.

Details of the input MRI sequences and method of acquisition are discussed in

Appendix B. We acquire three video sequences corresponding to left, right and

center MRI slice planes, as illustrated in Fig. 4.14. The MRI video sequences are

subjected to dynamic temporal offsets in the motion of the bolus. Since the acquisi-

tions are at very low frame rates, limited by the technology to 4-7 fps, it is crucial to

align the sequences to sub-frame accuracy. Our approach shows promising results

in aligning the MRI sequences to generate a 4D representation. Implementation

details of this application are discussed next.

The trailing and leading edges of the bolus are extracted from the MRI se-

quences using standard background separation techniques [3]. The center of the

trailing bolus is extracted using horizontal and vertical profiles, and is used to gen-

erate feature trajectories in the three sequences. After suitable event models have

been computed for the trajectories, both the RCB and the STE algorithms are ap-

plied to the video sequences to compute synchronization. The results of synchro-

nization with the STE and RCB algorithms are shown in Fig. 4.15, Fig. 4.16 and

Fig. 4.17 respectively. Figure 4.15 shows a few frames from the synchroniza-

tion computed between the center and right MRI slices that demonstrate sub-frame

alignment. Frame 7 of the right MRI sequence is mapped to frame 6.5 of the center
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Figure 4.15: Synchronization computed between Center-Right MRI sequences.
Frame 7 of the right MRI sequence is mapped to frame 6.5 of the center MRI
sequence.
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MRI sequence. Visually it can be seen that this sub-frame alignment is quite accu-

rate and the results are much better than those produced with the RCB algorithm

shown in Fig. 4.17.

Once the synchronization has been computed, 4D visualization of the MRI data

is carried out with a 4D model as shown in Fig. 4.18. The 4D model depicts a sagit-

tal volumetric section of the subject’s body (from the shoulder to mid forehead).

The multiple registered MRI frames are simultaneously rendered with varying lev-

els of transparency. The colormap of the 4D model is set to show regions of high

intensity as red and low intensity as blue. We have enhanced the images such that

the bolus can be easily seen as the red section close to the nasal region.

4.5 Summary

We proposed and successfully tested a novel method to synchronize video sequences

that are related by varying temporal offsets. Our formulation of synchronization as

the minimization of a symmetric transfer error (STE) resulted in synchronization

that was not biased by the choice of the reference sequence. The regularized nature

of the STE significantly reduced the occurrence of singularities and resulted in sub-

frame synchronization. Comparative analysis with a rank-constraint based method

demonstrated a marked improvement in video synchronization with our method. An

application of the proposed method in 4D MRI visualization was also presented.
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Figure 4.16: Synchronization computed between Center-Left MRI sequences by
proposed algorithm. Frame 5 of the left MRI sequence is mapped to frame 5.5 of
the center MRI sequence.
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Figure 4.17: Synchronization computed between Center-Left MRI sequences by
RCB algorithm. RCB algorithm is unidirectional and limited to integer frame align-
ment.
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Figure 4.18: Static visualization (one time instant) of 4D synchronized MRI data.
The colormap of the 4D model is set to show regions of high intensity as red and
low intensity as blue. The bolus can be easily seen as the red section close to the
nasal region.
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Chapter 5

Spatio-Temporal SR Imaging from
Orthogonal Viewpoints

In Chapter 4 we presented a novel method, based on symmetric transfer error, to

align multiple video sequences of related events. It was assumed that even though

the viewpoints of the multiple video sequences are different, there are sufficient cor-

responding points (atleast 4 in the case of a homography and 8 in the case of a fun-

damental matrix) that can be established in order to derive the spatial relationship

between the sequences. However, in some applications, such as MRI, sequences

from orthogonal view points are captured. In this scenario, no correspondence will

be found between orthogonal sequences. In this chapter we present an approach to

obtain super-resolution video from orthogonal view points.

The rest of this chapter is organized as follows. In Section 5.1 we present a brief

review of related work in this area and define the problem that is addressed in this

chapter. In Section 5.2 we present a strategy for alignment of orthogonal dynamic

sequences. Experimental results and verification are presented in Section 5.3, and

a summary is presented in Section 5.4.

5.1 Review of Dynamic MRI Registration

The ability to visualize patient data in 4D using Magnetic Resonance Imaging

(MRI) offers medical practitioners many advantages over other imaging modalities
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(CT/Ultrasound), including (i) visualization of soft tissue motion, (ii) short inter-

exam time intervals and (iii) not subjecting patients to harmful ionizing radiation.

While MRI was initially developed as a static imaging technique, new advances in

protocols for MRI acquisition have seen the technology evolve into more dynamic

applications such as imaging cardiac rhythms and blood flow. However, these dy-

namic acquisitions are still limited to the 2D image plane with very poor temporal

resolution. In order to combat the tradeoff between spatial and temporal resolu-

tion in dynamic MRI, researchers align multiple acquisitions of a functional event

(such as a cardiac cycle) to increase the temporal resolution of the data. Thompson

et al.[70] use the sum of pixel intensities of complex-difference images in Fourier

space as the gating signal to register multiple MRI sequences acquired in a sin-

gle imaging plane. Siebenthal [79] et al. acquire a large dataset (180-240 images

per slice) of MR images of the abdominal region in the sagittal plane and align

the images by sorting them based on navigator frames (frame acquired in a fixed

plane). This approach is suitable for generating 4D volumes of slow movements

such as breathing, however, like Thompson et al. [70], the approach cannot deal

with orthogonal image planes.

In Chapter 3 we addressed the problem of aligning MRI sequences by segment-

ing and tracking the centroid of the bolus (water that was swallowed) and using

the centroid trajectories for alignment [64]. The MRI sequences were acquired in

a single (mid-sagittal) plane. In this chapter, we extend the problem domain and

propose an approach to align video sequences acquired in bidirectional planes. An

illustration of the bidirectional acquisition is shown in Fig. 5.1, where we acquire

MRI videos in three sagittal planes (center, left and right) and one video in the

coronal plane. An interesting consequence of using bidirectional acquisition planes

is that video sequences in the same acquisition view (e.g all sagittal sequences)

automatically get aligned with respect to each other.

109



Figure 5.1: Illustration of MRI data acquisition planes.

We consider a representative application of visualizing swallowing in 4D. Cur-

rent MRI research, that pertains to this application, involves breath-hold imaging

[14][87] where the subject is asked to hold the position of the tongue for the du-

ration of a breath while MR images are acquired. Thus, unlike our approach, con-

temporary methods cannot incorporate the temporal aspect of activities. Other as-

sessment techniques (endoscopy and videofluoroscopy) for swallowing disorders

are either invasive or require radiation exposure. Our goal is to develop methods

that will allow diagnosis of swallowing disorders using non-invasive, non-ionizing

MRI. Due to technological restrictions in MR imaging, we are limited to capturing

the 4D swallowing process as a series of 2D images (acquisition is limited to about

7 dynamic frames during a swallow), i.e., we can acquire video sequences of the

swallow, but only in a single acquisition plane. As a major portion of swallowing

is an involuntary task, we can capture nearly identical swallows by controlling the

volume of the bolus. Thus, by changing acquisition plane over repeated swallows,

and fusing these video sequences together we can generate 4D data. The task of the
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Figure 5.2: System overview of Bi-directional, Orthogonal Dynamic MRI Regis-
tration.

4D alignment problem is to compute the temporal alignment between these bidirec-

tional, orthogonal video sequences using information from the image domain (no

external gating is used).

5.2 Proposed Method

A system overview of the proposed method is presented in Fig. 5.2. Orthogonal

MRI video sequences are acquired and registered to a static 3D reference volume,

termed as the fiducial volume. Within each of the video sequences, intensity profiles

are computed such that the variation in pixel intensity in select regions is tracked

over time. These intensity profiles are matched to each other to register the or-

thogonal sequences and rendered for visualization. An intuitive explanation of the

proposed method is to imagine that the moving bolus traces a 3D path in space,

illustrated as the gray volume in Fig. 5.3. This 3D path is captured in multiple 2D

planes as indicated by the sides of the cube in Fig. 5.3. The central idea behind

our 4D alignment strategy is to find the volume or region in the bolus path that

is common to the bidirectional acquisitions. The regions of interest in the coronal
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Figure 5.3: 3D path traced by the moving bolus and corresponding regions in the
bidirectional planes that need to be identified.

plane are represented as red squares in the left cube and regions of interest in the

sagittal planes are represented as red parallelograms in the right cube in Fig. 5.3.

Once these regions are identified, we compute temporal profiles of pixel intensities

to identify the corresponding frames at which the maximum volume of bolus tra-

versed through these regions. Details of the proposed system are presented in the

following sections.

5.2.1 MRI Acquisition

Swallowing images are acquired as even and odd radial acquisitions in k-space and

re-gridded using a sliding window approach to video sequences with a frame rate of

7 frames per second. The sagittal dynamic MRI sequences are acquired in the left,

right and center planes as shown in Fig. 5.1. The coronal swallowing sequence is

acquired such that imaging plane bisects the oropharyngeal tract and the epiglottis,

these anatomical regions have been annotated on the MR images in the Appendix B,

Fig. B.9. Unlike contemporary methods, we do not place strict restrictions on the
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acquisitions, and the MRI sequences are acquired at varying resolutions to simulate

data acquired over a number of sittings and differing protocols. A static volume is

also acquired as a series of images over 19 sagittal planes (∼1cm apart). This vol-

ume is used as a fiducial volume to find corresponding regions in the bidirectional

MRI sequences.

5.2.2 Registration to Fiducial Volume

As the protocol for acquiring the coronal and sagittal sequences can be different, we

first register these sequences to a common fiducial volume. The spatial relationship

between the respective planes of the fiducial volume and dynamic MRI sequences

is approximated by an affine transform. An operator manually selects anatomically

relevant control points to register the first frames in the dynamic sequences to the

sagittal and coronal slices of the fiducial volume. We found that automatic registra-

tion methods such as SIFT[42] and RANSAC[18] (reviewed in Section 2.7.3) did

not find any inliers to compute image registration as the dynamic images and the

fiducial volume are noisy and do not have sharp edges or corners. The computed

transforms are then applied to all the frames in the sequence. Once the dynamic

sequences are registered to the fiducial volume, regions identified in one dynamic

sequence can be projected onto the orthogonal sequence.

5.2.3 Computing Intensity Profiles

At the time of acquisition the coronal image plane is chosen such that it intersects

the sagittal image plane close to midway (intersection is approximately determined

based on the anatomy of the pharyngeal region). A slight variance in determining

this intersection does not significantly affect the algorithm as we compute the in-

tensity profiles over a windowed region. We use a columnar region of width ‘w’

(w = 7 pixels) around the plane of intersection as the region of interest, as shown

in Fig. 5.4. The pixel intensities in this region are summed along the width of the
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Figure 5.4: Intensity profile computed for frame-26 of the center sagittal sequence.
The sagittal region of interest (sROI) is also indicated.

Figure 5.5: Intensity profile computed for frame-1 of the center sagittal sequence.

114



column to generate a columnar profile of the region. For example, let I(x, y, k) be

the kth frame of size N × M , and the intersection of the coronal plane with this

frame be approximated at column x = P . A columnar region W (x, y) correspond-

ing to x ∈ (P −w/2 : P + w/2) and y ∈ (1 : M) is chosen such that the columnar

intensity (CI) for the kth sagittal frame can be computed as:

CI(y, k) =
∑
x

I(x, y, k) ∀x, y ∈ W. (5.1)

The average columnar intensity (avCI) for the first few frames (n) in each se-

quence (assuming the swallow process has not begun yet) is used as a benchmark

intensity profile against which subsequent profiles are compared. The avCI can be

computed as follows:

avCI(y) =
1

n

∑

k

CI(y, k) for k = 1..n. (5.2)

The difference in intensity caused by motion of the bolus in the columnar region

is computed as follows:

CIdiff(y, k) = |CI(y, k)− AvCI|. (5.3)

We observe the difference in intensity peaks at the y-location where the path of

the bolus intersects the columnar region. This can be seen by comparing Fig. 5.4

which corresponds to Frame 26 to Frame 1 of the sequence shown in Fig. 5.5. We

search for the maximum value in CIdiff and also the y-location where this value

occurred by using MATLAB’s in-built function max. The function max returns the

maximum value in the array provided to it as input and also the location where the

value occurred:

[mV al(k),mInd(k)] = max(CIdiff(y, k)). (5.4)

We compute mV al from Eq. 5.4 over all the frames of the video sequence, and

search for frame at which the maximum value of mV al occurs, as shown in Eq.
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Figure 5.6: Dynamic Intensity Profiles over sagittal regions of interest (sROI). The
peak in each profile indicates the frame at which the maximum bolus passes through
that region.

5.5. The frame at which the maximum value is achieved is termed as an ‘Sframe’.

[val, Sframe] = max(mV al(k)) for k = 1..K (5.5)

The region of interest in the sagittal sequence is determined from the Sframe as a

w × w pixel region at intersection of the bolus path and the columnar region as –

sROI(x, y, k) = I(x, y, k) for x ∈ (P−w/2 : P+w/2) and y ∈ [mInd(Sframe)−
w/2 : mInd(Sframe) + w/2]. The pseudocode for computing the sROI is shown

in Table 5.1. The dynamic intensity profile over the sagittal region of interest is the

sum of pixel intensities in sROI represented over time, as shown in Fig. 5.6. Thus,

for the three dynamic sagittal MRI sequences we compute three dynamic intensity

profiles over the ROIs as shown in Fig. 5.6.

5.2.4 Matching Maxima in Intensity Profiles

In the previous section we described how regions of interest are identified in the

sagittal plane. As illustrated in Fig. 5.7, these ROIs have to be projected to the

fiducial volume and onto the coronal imaging plane using the affine transforms

computed in Section 5.2.2. In the fiducial volume, the height of the sagittal ROI

is computed as a w pixel wide region around the pixel with the highest intensity
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Table 5.1: Pseudocode for computing sROI and Sframe
avCI(y) = 1

n

∑
k CI(y, k) for k = 1..n

For k=1:K %K is the length of the video sequence
CI(y, k) =

∑
x I(x, y, k)∀x, y ∈ W

CIdiff(y, k) = |CI(y, k)− AvCI|
[mV al(k),mInd(k)] = max(CIdiff(y, k))

% max returns the maximum value in the array and also the
% location where the value occurred
End
[val, Sframe] = max(mV al)
sROI(x, y, k) = I(x, y, k)∀x ∈ (P − w/2 : P + w/2)
and y ∈ [mInd(Sframe) + w/2 : mInd(Sframe)− w/2]

in the sROI profile y ∈ [mInd(Sframe) + w/2 : mInd(Sframe) − w/2]. This

height is transferred directly to the coronal projection of the fiducial volume. The

width in the coronal projection is computed as a w pixel wide region around the

intersection of the dynamic sagittal MRI and the dynamic coronal MRI. Thus a

w × w coronal ROI (cROI) is identified in the fiducial volume. By using the image

transform computed during initial registration operation, we project the cROI in the

fiducial volume to a cROI in the coronal image plane. Note that for three planar

intersections between the left-right-center and coronal image place, there are three

cROIs computed.

Once the cROIs have been identified, we compute the dynamic intensity profiles

over these ROIs in the same manner as the sROIs. We compute average intensity in

the cROI when no bolus motion is present in the image as follows:

avCI =
1

n

∑

k

∑
x,y

I(x, y, k) ∩ cROI(x, y) for k = 1..n, (5.6)

where n are the first few frames of the video sequence. The intersection of I and

cROI only returns that region of I where the mask cROI is 1. We compute the

difference in pixel intensities in the coronal ROI over time as follows:

CI(k) =
∑

x,y I(x, y, k) ∩ cROI
CIdiff(k) = |CI(k)− AvCI| (5.7)
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Figure 5.7: sROI is projected onto the fiducial volume and then further projected
onto the coronal imaging plane.

The frame (Cframe) in the coronal sequence that corresponds to the bolus path

intersecting this place is determined by finding the frame for which CIdiff is

maximum, i.e.:

[val, Cframe] = max(CIdiff). (5.8)

The pseudocode showing these operations in determining the Cframe is pre-

sented in Table 5.2. Figure 5.8 shows the normalized dynamic intensity profile for

the three coronal regions of interest. Once the Sframes and corresponding Cframes

have been computed, the sequences are simply lined up as per this correspondence,

as shown in Fig. 5.9.

5.3 Results

All test files used in this chapter as well as corresponding results are available at

[48]. A video of the 4D alignment is also available online at [48] and representative
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Figure 5.8: Dynamic Intensity Profiles over coronal regions of interest (cROI). The
peak in each profile indicates the frame at which the maximum bolus passes through
that region.

Figure 5.9: Frame number correspondence computed between sagittal and coronal
sequences.

Table 5.2: Pseudocode for computing Cframe
avCI = 1

n

∑
k

∑
x,y I(x, y, k) ∩ cROI for k = 1..n

% where n is the first few frames of the sequence
% and returns only that region of I where the mask cROI is 1
For k=1:K

CI(k) =
∑

x,y I(x, y, k) ∩ cROI
CIdiff(k) = |CI(k)− AvCI|

End
[val, Cframe] = max(CIdiff)
% max returns the maximum value in the array and also the
% location where the value occurred
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(a)

(b)

Figure 5.10: A section of the MRI sequences indicating the alignment result. Corre-
sponding frames in the coronal and sagittal planes when (a) the soft palate has been
pushed up and the bolus is ready to descend into the pharynx, (b) the epiglottis
has descended and the leading edge of the bolus has reached the epiglottis, (c)-(d)
continued in Fig. 5.11.
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(c)

(d)

Figure 5.11: A section of the MRI sequences indicating the alignment result. Cor-
responding frames in the coronal and sagittal planes when (c) the bolus splits over
the epiglottis and (d) the bolus begins its descend into the oesophagus.
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Figure 5.12: Verification of results using SSD metric. The minimum error at off-
set=0 indicates the accuracy of our method.

frames are shown in Appendix B, Section B.3. A section of the computed sequence

alignment is presented in Fig. 5.10, where four corresponding images from each of

the dynamic sequences are shown.

5.3.1 Verification

In addition to a visual assessment of the alignment results (shown in Fig. 5.10),

we also verify the results using sum of squared differences (SSD) verification as

proposed by Werner et al. [15]. Our method computes the alignment between the

orthogonal planes, i.e. each sagittal sequence is aligned to the coronal sequence;

the sagittal sequences are not aligned directly with respect to each other, but rather

as a consequence of their alignment to the coronal sequence. Thus, the efficacy

of our method can be assessed by evaluating the sagittal alignment. If the align-

ment between the sagittal sequences is accurate then the SSD metric between the

corresponding frames should be smaller than that for misaligned sequences. Note

that since the sagittal sequences are from different slices the SSD values will never

be zero, but they will be minimal for the correct alignment. We add an erroneous

time offset (in the range of±4 frames) to our computed alignment, and measure the

SSD over all the frames thus aligned. The result of the SSD verification are shown

in Fig. 5.12, where the SSD values have been normalize to [0, 1]. The horizontal
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axis represents the erroneous temporal offset added to the sequence alignment, and

the vertical axis represents the normalized SSD measure. It can be seen from Fig.

5.12 that the minimum SSD value indeed occurs when the error added to the com-

puted temporal offset is 0, which indicates the alignment computed by our method.

5.4 Summary

In this chapter, we presented a method to align bidirectional dynamic MRI se-

quences for 4D visualization. We identified regions of motion common to the

bidirectional imaging planes and computed an intensity profile of these regions of

interest. The frames that correspond to the maxima in the intensity profiles are used

to align the video sequences for further visualization. Interestingly, aligning the

sagittal sequences to a single coronal sequence resulted in an accurate alignment

between the sagittal sequences themselves.
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Chapter 6

A Confidence Measure to Choose
Low Resolution Sequences in SR
Imaging

In the previous chapters, Chapter 3–Chapter 5, we developed various algorithms

for video super-resolution (SR) imaging. We used all available low resolution

sequences to assess registration and reconstruction quality. However, we did not

consider the scenario that not all sequences will contribute positively towards SR

reconstruction. In the absence of time-stamp information registration between mul-

tiple video sequences is estimated using optimization techniques. Therefore, not all

computed registration is reliable and registration accuracy declines with decrease

in acquisition rates. In addition, not all sequences contribute useful information

towards reconstruction from multiple non-uniformly distributed sample sets. The

objectives of the work in this chapter are: (i) to choose the low resolution sample

sets that should be combined in order to maximize reconstruction accuracy and (ii)

to minimize the number of sample sets needed to achieve that level of accuracy.

This chapter is organized as follows. We present a general overview of the

problem in Section 6.1. In Section 6.2, we present the pre-processing proposed re-

quired in order to compute the confidence measure and iterative ranking. In Section

6.3 we present our confidence measure (along with a detailed discussion of vari-

ous influencing factors) and an iterative greedy rank based reconstruction method.
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Evaluation of the confidence measure and ranking algorithm with 1D (synthetic

and audio) and 2D (real video and MRI) data is presented in Section 6.4. Lastly,

conclusions of this work are presented in Section 6.5.

6.1 Introduction to the Problem

Most temporal registration techniques are based on optimizations, such as linear

least squares [57] and variational analysis [55]. In the absence of time-stamp infor-

mation, temporal registration computed using the aforementioned methods is only

a best estimate of the actual registration. Errors in feature extraction and tracking,

which are often the preliminary steps in registration, can also increase the inaccu-

racy of the computed registration. It is intuitive that erroneously registered video

sequences lead to poor reconstruction. While various methods have been developed

in the past to compute temporal registration and reconstruct SR video sequences,

none of these methods address the issue that not all computed registration will be

accurate and also not all video sequences will contribute useful information for

reconstruction purposes.

In order to address this issue we use concepts developed in the field of recurrent

non-uniform sample (RNUS) reconstruction, which has been reviewed in Section

2.12 (see Chapter 2). Although RNUS was developed for applications where ac-

curate time stamp information is available and it is assumed that the sample sets

are from the same continuous time signal (which does not always hold true for SR

reconstruction), it still provides useful insight into some of the factors that must be

considered for SR reconstruction.

The work proposed in this chapter is unique as it introduces the concept of a

confidence measure in temporal registration and reconstruction from recurrent non-

uniform samples. The formulation criterion for the confidence measure is two fold

– (1) it provides an estimate of how much confidence we have in the registration
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(a)

(b)

Figure 6.1: Simplified flowcharts of (a) standard SR reconstruction process, (b)
enhanced SR reconstruction process based on computed confidence measure and
iterative greedy ranking algorithm.

and (2) it also provides an estimate of how much new information is added to the

reconstruction process by the inclusion of a particular sample set. We also present

an iterative ranking method that not only prioritizes the sample sets, but given that

some registration may be inaccurate, it also introduces a threshold limit beyond

which adding more sample sets becomes redundant. These concepts are presented

in detail in the following sections.

In standard SR reconstruction, as shown in Fig. 6.1(a), all available input se-

quences are registered and a HR sequence is reconstructed. One of the motivations

behind this work is to develop an enhanced SR system, as shown in Fig. 6.1(b),

which receives multiple low resolution videos of the same (or similar) scene as

input and delivers as output a ranking of sequences which should be used for re-

construction. The system discards those sequences which either do not provide

any new information for reconstruction or whose registration is unreliable. ‘Spatio-

Temporal Registration’, in Fig. 6.1(b), can be considered to be the pre-processing
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step performed before the proposed method, and ‘Reconstruction’ can be consid-

ered to be the post-processing step. Within the ‘Proposed Method’, there are two

main modules – computation of a confidence measure and an iterative greedy rank-

ing algorithm. We discuss these system modules next.

6.2 Pre-processing

Prior to SR reconstruction, registration is done either by using all the pixels in the

video frames (which can be computationally expensive) or by extracting feature

and using feature trajectories for alignment. Let {Si, 1 ≤ i ≤ N}, denote N

video sequences that are acquired at a constant frame rate and are offset from each

other by a random time interval τn. Each sequence Si has M frames (I) such that

Ii,k denotes the kth frame of the ith video sequence. Features are extracted in all

sequences to generate discrete trajectories Ωi,k,p, 1 ≤ p ≤ P , where P is the number

of features extracted.

Features can be extracted based on point characteristics such as corners [24]

[47] or based on region characteristics such as shape and color [39] or a combina-

tion of both. The video sequences we have used to test our method have a single

predominant region that exhibits motion. Thus, in this work we implement a re-

gion based feature extraction method where we extract a single blob region based

on motion and color information and use the centroid of the blob as a feature. The

centroid of the blob represents the average motion for all the pixels in the blob. If

multiple features are extracted, they can be tracked using algorithms such as the

KLT tracker [43], Kalman Filter [81] or the RANSAC algorithm [18] to generate

feature trajectories. For the sake of brevity in the following discussion, we will

ignore the subscript p and assume that Ωi,k refers to all the extracted features.

On their own the feature trajectories are discrete representations of an event or

activity in the scene, and we need to interpolate between the discrete representations
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for sub-frame registration. An efficient approach to generate continuous represen-

tations of the discrete trajectories is to generate event models. We apply the concept

of Event Models, presented in Chapter 3, to build a continuous time event model

Ωi,t of the discrete feature space Ωi,k as follows:

Ωi,t = Ωi,kβi + εi, (6.1)

where βi is the regression parameter and εi is the model error term. An approximate

regression parameter β̂i is iteratively computed such that the following weighted

residual error is minimized:

εi =
M∑

k=1

wk||Ωi,t − Ω̂i,t||2 : t = k, Ω̂i,t = Ωi,kβ̂i, (6.2)

where ||.|| represents the norm. The method of computing weights wk is described

in Appendix A. Using event models [57] results in a more accurate estimate of

the subframe temporal offset compared to the commonly used linear interpolation

approach. Once the event models Ωi,t are available, the temporal offset (τn) between

the ith and jth sequences is computed by minimizing the following function:

τn = [argmin
τn

∑

t

||Ωi,t − Ωj,t+τn||2.] : i 6= j (6.3)

The above minimization formulation deals with event models derived from the en-

tire sequence length and therefore results in more accurate estimation of the offset

τn.

6.3 Proposed Method

In the following sections we first discuss the various factors that influence recon-

struction from multiple sample sets. We then present an algorithm to compute a

confidence measure which is representative of these factors, followed by an algo-

rithm to iteratively rank the sequences.
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Figure 6.2: Illustration of decrease in reconstruction error with increase in τn (re-
ported as a normalized number [0, 1], where 1 corresponds to the sampling rate T ).

6.3.1 Factors Affecting Sample Confidence

When reconstructing signals from multiple sample sets, two factors need to be kept

in mind: (i) the uniformity (or lack thereof) of sample data and (ii) the accuracy

with which the datasets have been registered. In the following sections we look at

the influence of both these factors on the development of an efficient approach to

super-resolution registration.

Non-uniformity of Sample Sets

Consider the reconstruction formulation discussed in Section 2.12, and the system

of linear equations Eq. 2.31 which can be used to derive approximations of sam-

ples at uniform instances from the known non-uniform samples. Due to a finite

window of reconstruction, the system of equations represents only an approximate

linear relation between uniform and non-uniform samples, and this approximation

can result in an ill-conditioned linear system. Also, if the non-uniform sampling

instances are close to each other, then due to finite precision, round off error or er-
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roneous computation of the offset τn, the system of equations can become singular.

By maximizing the row-wise difference between the coefficients of matrix A in Eq.

2.31 we can reduce the chances of A becoming ill-conditioned or singular. Maxi-

mizing the difference between the coefficients of A translates into maximizing the

distance between the closest sampling time instances of the ith and jth recurrent

non-uniform sample sets as follows:

maximize[(t′i − t0)− (t′j − t0)] : i 6= j,

maximize[t′i − t′j] ⇒ maximize[τij]. (6.4)

One interpretation of Eq. 6.4 is that for optimal reconstruction, the sampling

instances of the recurrent sample sets should be as far away from each other as pos-

sible. Intuitively, without any a priori information about the signal, this will allow

for sampling of the major trends in a signal. Proponents of non-uniform sampling

will argue that sampling such that higher number of samples are taken in high fre-

quency regions would be an optimal sampling approach. However, note that most

acquisition methods have fixed sampling rates with little user control over the sam-

pling process. The validity of criterion in (Eq. 6.4) can be demonstrated experimen-

tally as follows. We generate random HR signals bandlimited to a user-controlled

frequency (by applying a low-pass filter), and sample them to create multiple LR

sample sets. We assume that there is no temporal registration error and the location

of the sample sets with respect to each other is known accurately. We add up to

10 sample sets iteratively during reconstruction, repeating the experiment with 100

signals with different values of temporal offset τn. The decrease in the reconstruc-

tion error as more and more sample sets are combined (for different values of τn) is

shown in Fig. 6.2.

In Fig. 6.2 the horizontal axis represents the number of samples sets that were

used for reconstruction and the vertical axis represents the average reconstruction

error computed between the reconstructed signal and the actual signal. Consider the
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Figure 6.3: Modeling the error in temporal registration as a (a) Gaussian distribu-
tion, (b) Uniform distribution.

reconstruction error for a temporal offset of τn = 0.5. This temporal offset implies

that the sample locations were approximately midway from each other. It can be

seen that the reconstruction error for this offset decreases at the largest rate as more

and more sample sets are used in the reconstruction, as compared to other offset

values. Thus sample sets that have large offsets between each other result in lower

reconstruction errors at lower number of sample sets added, when compared to

sample sets that have smaller offset from each other. This implies that being able to

measure the non-uniformity between sample sets is important when reconstructing

from RNUS.

Error in temporal registration

Computing the temporal offset between sample sets is a non-trivial task and there

is possibility of error in the computation. A similar problem of estimating error in

computation of sampling instances is encountered in digital communication. The

error in actual sampling time instances and computed sampling time instances is

termed as sampling jitter [83], and is often modeled as Gaussian distribution, as

shown in Fig. 6.3(a). If the sampling instance in a communication system is denoted

by τ , then assuming a Gaussian distribution, the probability density function of the
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jitter can be expressed as:

δ(τ) =
1

σ
√

2π
exp(−(τ − µ)2

2σ2
), (6.5)

where mean µ is the expected arrival time instance and σ2 is the variance expected

at the receiver. However, in our case we model the error in temporal registration as

a uniform distribution, as shown in Fig. 6.3(b), with a range [a, b] as follows:

δ(τ) =





0 for τ < a
1

b−a
for a ≤ τ ≤ b

0 for τ > b
(6.6)

Thus, if actual temporal offset between two sample sets is τ , due to error δ(τ) in

computing the offset, the offset used for reconstruction is τ + δ(τ). Experimentally

we found that there are two effects of error in temporal registration, as illustrated in

Fig. 6.4.

• As the error increases, more and more sample sets are needed to achieve

the same reconstruction efficiency as with fewer more accurately registered

sample sets.

• For a given distribution of error, there exists a threshold number of sample

sets beyond which adding more sample sets does not improve the reconstruc-

tion error, and adding more sample sets is redundant. In some cases, adding

more sample sets can deteriorate the reconstruction accuracy.

Figure 6.4 plots the average reconstruction error (Squared Error SE) vs. the number

of sample sets used for reconstruction for temporal registration errors ranging from

5% to 55%. It can be seen that for the experimental sample sets, when the error in

temporal registration is above 25%, adding more sample sets does not improve the

reconstruction results, and infact the reconstruction results deteriorate. Since error

in temporal registration determines a threshold limit to the number of sample sets

needed to achieve a certain reconstruction efficiency, we need to include a suitable

representation of this error in our confidence measure.
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Figure 6.4: Effects of error in temporal registration on reconstruction.

Figure 6.5: Illustration of recurrent non-uniform sampling with two sample sets.

6.3.2 Computing the Confidence Measure

We have discussed two factors related to recurrent non-uniform samples that af-

fect the reconstruction process. Due to lack of correct time-stamp information we

can neither accurately determine the non-uniformity of sample sets, nor the error

in temporal registration. We can, however, determine other parameters which are

indicative of non-uniformity and temporal registration error. We define two such

parameters in the form of objective functions Φg and Φl, which are presented next.

Given two sample sets x(kT ) and x(kT + τn) (as shown in Fig. 6.5) and their re-

spective feature space Ωi,k,p (defined in Section 6.2), we define an objective function

133



that estimates the non-uniformity of the sample using the following equation:

Φg =
P∑
p

M∑

k=1

(‖Ωi,kT,p − Ωj,kT+τn,p‖2) : i, j ∈ (1..N). (6.7)

Intuitively, Φg represents the global registration error of the discrete trajectories.

Discrete samples that are closer to each other have relatively smaller differences in

sample values as compared to samples that are farther apart in time from each other.

Thus the formulation of Φg (in Eq. 6.7), as a sum of difference between the discrete

feature trajectories (after they have been approximately registered), reflects how far

the sample set are in time.

We also define the following objective function that estimates the error in tem-

poral registration (subsequent to computing the continuous event models Ω̂i,t):

Φl =
P∑
p

∑

t

(‖Ω̂i,t,p − Ω̂j,t+τn,p‖2) : i, j ∈ (1..N). (6.8)

Intuitively, Φl represents the offset-compensated registration error of the event mod-

els, and event models that have been incorrectly registered result in larger values of

Φl. The objective functions, defined in Eqs. 6.7 and 6.8, give a general idea of the

confidence in the temporal registration. However, they do not relate to the confi-

dence by a simple proportionality, i.e. a large Φg does not imply a poor confidence

in the registration. It has been experimentally observed that a large Φg indicates

more uniform distribution of the sample sets and a small Φl indicates better regis-

tration of offset compensated signals, hence better signal reconstruction or higher

confidence in the choice of sample sets. Therefore, we define the confidence mea-

sure as a linear weighted sum of Φg and Φl as follows:

χ = wg(Φg)
q + wl(Φl)

r, (6.9)

where wg and wl are weights assigned to the contribution of both the objective

functions to the overall confidence measure. Relational parameters q and r, that

define whether the objective functions and the confidence measure are directly or
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inversely related, are examined shortly. A method to compute the weights is dis-

cussed later in this section. We now present two hypotheses with respect to Φg and

Φl which are intuitively supported by our discussion in Section 6.3.1 and supported

by experimental validation that follows.

Hypothesis 1: Φg is an indicator of τn , and a value of τn which places the sam-

ple sets as far apart from each other as possible, results in a better reconstruction.

Hence an increase in Φg should increase the confidence measure.

Hypothesis 2: Φl is an indicator of the overall error in registration, and a large

Φl results in poorer reconstruction. Hence an increase in Φl should decrease the

confidence measure.

We validate the above hypotheses on 1D synthetic data. For each experiment

a pseudo-random high resolution (HR) 1D signal is generated at a user specified

bandwidth using the ‘rand’ function in MATLAB. LR sample sets are generated by

sampling the HR signal with a fixed sampling rate and a uniformly distributed tem-

poral offset τn. Φg and Φl are computed for various combinations of the LR sample

sets . An approximate HR signal is also reconstructed from the LR combinations

using code provided in [45] for Feichtinger’s algorithm [17]. Reconstruction error

is computed as the sum of squared error (SSE) between the reconstructed signal

and the original signal. Figure 6.6(a) plots the reconstruction error versus Φg com-

puted for the synthetic test signals. It can be seen that Φg demonstrates a linear

relationship with the reconstruction error: as Φg increases the reconstruction error

decreases, i.e. the confidence measure which should be associated with Φg should

be in direct increasing proportion. Therefore ‘q’ in (Eq. 6.9) can be approximated

to ‘1’. We also fitted the reconstruction error versus Φg curve with a quadratic

function and it can be seen from Fig. 6.6(a) that a linear fit is a sufficiently good ap-

proximation of the curve. The same analysis is applied to the relationship between

the reconstruction error and Φl, which is shown in Fig. 6.6(b). It is observed that
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Figure 6.6: (a) Relationship between reconstruction error and objective function
Φg. (b) Relationship between reconstruction error and objective function Φl.

136



as Φl increases, the reconstruction error increases. Hence, ‘r’ in (Eq. 6.9) can be

approximated to ‘−1’. The scale of the values of Φg and Φ−1
l are different, hence

they are normalized to lie between [0,1]. The normalization of Φg (and similarly

Φ−1
l ) is computed as follows:

Φ̃g =
Φg −min(Φg)

[max(Φg)−min(Φg)]
(6.10)

The proposed confidence measure χ can therefore be expressed as follows:

χ = wgΦ̃g + wlΦ̃l

−1
(6.11)

Computing Weights wg and wl

Ideally, we want the confidence measure to linearly increase with a decrease in the

associated reconstruction error. This requirement is a key factor in determining the

weights (wg, wl) that control the effect of sampling non-uniformity and offset es-

timation. Suppose we could hypothetically arrange the sample sets in increasing

order of reconstruction error as shown in Fig. 6.7, where the horizontal axis repre-

sents combinations of sample sets and the vertical axis corresponds to normalized

values of confidence measure. The confidence measure (χ) computed using arbi-

trary values of weights may not be a linear curve. For example, Fig. 6.7 illustrates

confidence measure values with two sets of weights, χ(wg1, wl1) and χ(wg2, wl2).

Note that ideally we want the confidence measure to relate linearly to the recon-

struction error, therefore the goal of tuning the weights is to reduce residual of a

linear fit of the confidence measure. In Fig. 6.7 for example, weights wg2, wl2 re-

sult in smaller residual error in the linear estimation of χ as compared to wg1, wl1,

and are hence more suited for computing the confidence measure.

In reality, we cannot estimate the reconstruction error of a set of samples, since

the original signal is not available to us. However, the objective functions Φg and

Φl can be computed and as validated previously, these functions are linearly related
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Figure 6.7: Confidence measure values computed for two different set of weights
(wg1 and wg2). Linear fit for wg2 results in a smaller residual.

to the reconstruction error. An additional assumption that is made with respect to

the weights is that they sum to unity, i.e. wg +wl = 1. A pseudocode for computing

optimal weights is presented in Table 6.1. Let there be N sample sets of an event

from which we compute Φg and Φl for all NC2 pairs of sample sets. We sort the

sample set pairs based on either Φg or Φl (we found experimentally that the choice

of the objective function does not affect the computation of optimal weights). For

incremental increases ∆wg in the value of wg (wl = 1 − wg), we iterate over steps

(i)-(iv) described in Table 6.1. The weight corresponding to the minimal residual

value is chosen as the optimal weight.

In order to test the proposed weight optimization strategy we generated five

sample sets from a high resolution signal. We took ten combinations (5C2) of these

samplesets and reconstructed an estimate of the original signal. The aim of the

experiment was to optimize weights (based on the linearization strategy discussed)

such that the highest confidence measure for the combinations corresponds to the

lowest reconstruction error. The results for four such test cases, with optimized
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Table 6.1: Pseudocode for computing optimal weights.
For wg = 0 : ∆wg : 1

(i) Compute χ(wg) = wgΦ̃g + wlΦ̃l

−1 ⇒ wgΦ̃g + (1− wg)Φ̃l

−1
.

(ii) Perform a quick sort based on either Φg or Φl.
(iii) Construct a linear fit to estimate χ̂(wg).
(iv) Compute the residual of the linear fit as: R(wg) = ||χ̂(wg)−
χ(wg)||2.

End
(v) Optimize weights as: wopt

g = argmin
wg

R(wg) =

argmin
wg

||χ̂(wg)− χ(wg)||2

(vi) Compute wopt
l = 1− wopt

g .

Table 6.2: Reconstruction error values for optimized and sub-optimal weights wg

and wl = 1− wg.
Weight Category χ SSE

Case1
wg = 0.8 optimal 0.711 24.08
wg = 0.5 suboptimal 0.462 620.1

Case2
wg = 0.7 optimal 0.625 186.3
wg = 0.3 suboptimal 0.649 712.2

Case3
wg = 0.8 optimal 0.731 112.4
wg = 0.5 suboptimal 0.497 986.0

Case4
wg = 0.9 optimal 0.852 29.17
wg = 0.5 suboptimal 0.571 717.6

and randomly chosen sub-optimal weights, are shown in Table 6.2. The highest

confidence measure and the corresponding reconstruction error are also presented.

It can be seen that optimizing the weights results in the desired correspondence

between a high confidence measure and low reconstruction error, whereas, the same

relationship does not hold true for sub-optimal weights in the confidence measure.

6.3.3 Iterative Rank-based Method

In reconstructing from multiple sample sets we need to order the sample sets such

that the information added for reconstruction is maximized and the error in the

reconstruction is minimized. This can be accomplished by ranking the multiple

sample sets based on the proposed confidence measure. We use ranking instead of
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directly using the numerical confidence measure scores as the scales of the confi-

dence may change over each iteration, while ranking is a more consistent relative

measure of the confidence measure. We assume that in each iteration the number

of distinct ranks decreases by 1. In practice, however, confidence measure scores

may result in ties. In such cases a weighted measure of the previous rank score can

be added to the current rank to break the tie. This weighted addition of the pre-

vious rank incorporates prior rank information rather than arbitrarily choosing one

sample set over another.

A flowchart of the iterative rank based reconstruction (IRBR) algorithm is shown

in Fig. 6.8. The IRBR method is implemented as a greedy algorithm. In the first

iteration the algorithm computes confidence measures between all possible combi-

nations of two sample sets. Sample set combinations are then ranked based on the

confidence measure. The sample set combination which has the highest confidence

measure is combined to reconstruct the first sample set of a new sample set array.

The remaining sample sets are then added to this new sample set array in no par-

ticular order. Next, confidence measures are computed between the reconstructed

sample set from the previous iteration and all other remaining sample sets in the

current iteration. This step is what defines IRBR as a greedy algorithm, since the

reconstruction error minima which was computed in the very first iteration deter-

mines the path that the following iterations take. If absolute difference between

the signal reconstructed at the current iteration and previous iteration is less than a

threshold (empirically determined), or if all the sample sets have been combined,

the iterations are stopped.
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6.4 Performance Evaluation of the Proposed Method

In this section we present the experimental setup and validation of each module of

the proposed system. We first evaluate each objective function independently and

present a representative result that illustrates why a weighted measure of both the

objective functions (Φg and Φl) is more suitable than using either objective function

independently. We then evaluate the confidence measure (χ) with synthetic and real

(video) data sets. An evaluation of the iterative ranking algorithm is also presented

with synthetic and real (audio) data sets. We also evaluate the proposed approach

on low resolution MRI data and demonstrate the improvement in reconstruction.

Lastly, we discuss the computational complexity of the system.

6.4.1 Independent Evaluation of Φg and Φl

In order to understand the complementary nature of Φg and Φl, we evaluate each

objective function independently. We set up our experiments such that six synthetic

sample sets are divided into two experimental cases of three sample sets each. The

objective of the experiment is to determine which pair of three sample sets (i.e.

sample1-sample2, sample2-sample3 or sample1-sample3) will result in the min-

imum reconstruction error when combined. Since the sample sets are generated

synthetically, the actual signal is known and the reconstruction error (SSE) can be

computed. The SSE error is only used to validate the decisions that we take with

respect to the sample set combinations.

In the experiments, we compute Φg, Φ−1
l and χ for all possible combinations

of sample sets. These values along with the SSE error for sample set combinations

in Case 1 and Case 2 are shown in Table 6.3, where values of Φg and Φ−1
l are

normalized within each test case to lie between [0, 1]. If we observe the values of

Φg for the three combinations in Case 1, and choose the combination corresponding

to the highest Φg as the best combination (sample1-sample2), that decision will be
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Table 6.3: Experimental results for independent evaluation of objective functions
Φg and Φl.

Combinations Φg Φ−1
l χ SSE

Case1
sample1-sample2 1.0 0.0 0.2 47.70
sample2-sample3 0.161 0.0165 0.0454 318.85
sample1-sample3 0 1.0 0.8 31.86

Case2
sample4-sample5 0 1.0 0.2 1469.31
sample5-sample6 0.8983 0.0066 0.7199 162.33
sample4-sample6 1.0 0 0.8 148.41

incorrect as sample1-sample2 combination does not correspond to the lowest SSE.

However, if we were to choose based on the highest value of Φ−1
l , the decision

would be correct. Now, consider the results for Case 2. For Case 2, choosing based

on Φg will result in the correct choice, while Φ−1
l will result in an incorrect answer.

Thus, using only Φg or Φ−1
l as a metric to choose sample set combinations results

in unreliable decisions. However, it can be seen for both cases that the confidence

measure χ accurately determines the best combination in both these cases.

6.4.2 Evaluation of Confidence Measure

We evaluated the proposed confidence measure on both synthetic and real data.

Samples of synthetic data and real test videos are presented in Appendix B, Section

B.1 and can also be viewed at:

www.ece.ualberta.ca/˜meghna/J2008.html.

Synthetic data was generated as a high resolution random signal which was

band-limited to a user controlled frequency. This high resolution data was then

sampled at a low sampling rate. For example, a 25 Hz band-limited signal was

sampled at 2 Hz. Multiple sample sets at a fixed low sampling rate were also gen-

erated by initializing the starting point of the sample sets randomly with a uniform

distribution. Temporal registration was then computed using methods described in

Section 6.2. These multiple sample sets were then iteratively fused together, one at
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(a) (b)

Figure 6.9: (a) Sample frames from real data sequence, (b) Sample trajectory from
real data sequence.

a time, based on the computed time stamp information. Reconstruction algorithm

from [17] was used to reconstruct a signal from the fused samples.

For our real test cases, we used video sequences of an individual swinging a

ball tied to the end of a string. The video sequences were captured at 30 frames

a second and the trajectory of the ball was extracted via background subtraction

techniques and motion tracking. This trajectory was then used as a high resolution

signal which was further down-sampled at low sampling rates, as shown in Fig.

6.9(a-b). An event model was used to compute the temporal registration between

the undersampled signals. In each experiment, we arbitrarily chose one sample set

as the parent against which other recurrent sample sets were registered. The two

objective functions defined in (Eq. 6.7) and (Eq. 6.8), and the confidence measure

(Eq. 6.11) for these sample sets were computed. These values along with the recon-

struction error (SSE) for both synthetic and real data are presented in Table 6.4. A

higher confidence measure indicates that the corresponding recurrent set is a better

candidate for reconstruction, as corroborated by the corresponding reconstruction

error. It can be seen that the proposed confidence metric is a suitable indicator of the

reconstruction error. Further results with MRI data are presented in Section 6.4.4.
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Table 6.5: Confidence measure χ and corresponding reconstruction error for real
video sequences.

Scene Sequence Φg Φl Φ̃g Φ̃−1
l χ SSE

Scene 1
seq1-seq2 446 41.1 0.5072 0.3943 0.4733 1700
seq2-seq3 652 22.3 1.0 1 1 420
seq1-seq3 234 90.3 0 0 0 8120

Scene 2
seq1-seq2 129 4.6 0 1 0.3 20.9
seq2-seq3 364 321 1 0 0.7 4.0

6.4.3 Evaluation of IRBR Method
Synthetic Test Sequence

We evaluated the rank-based reconstruction system on 100 synthetic signals and

one audio signal. The synthetic signals were generated using MATLAB’s random

number generator function ‘rand’. For each synthetic signal, 21 sample sets were

created by sampling the original high resolution signal with random initial points.

Thus, each signal had 21 recurrent non-uniform sample sets. The IRBR algorithm

was used to reconstruct high resolution signal from 21 low resolution samples sets

and the averaged results are shown in Fig. 6.10. It can be seen that our ranking algo-

rithm, which utilizes the proposed confidence measure, performs much better than

a random ordering of the sample sets during reconstruction. In some cases, the pro-

posed system resulted in lower reconstruction error than all sample sets combined,

as illustrated by point-A and point-B in Fig. 6.10.

Audio Test Signal

We also used a section of an audio signal available in the MATLAB demo data as

‘toilet.wav’ as a 1D test signal. The original audio signal is shown in Fig. 6.11(a).

Multiple LR audio files are generated by subsampling the original HR wavefile.

Two such LR audio signals are shown in Fig. 6.11(b) and (c). The sampling rate

after sub-sampling is much below the Nyquist rate. Sample sets are temporally

aligned and reconstructed based on the proposed confidence measure and ranking
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Figure 6.10: Performance of iterative rank based reconstruction (IRBR) algorithm
with synthetic data.

algorithm. Results are shown in Fig. 6.12. It can be seen that the proposed con-

fidence measure and the IRBR method successfully order the audio sample sets

such that lesser number of sample sets are needed to reconstruct the same signal, as

compared to a random ordering of the audio sample sets.

6.4.4 Evaluation with MR Imaging

We validate the proposed algorithms by showing that LR MR video combinations

with high confidence measure have better SR reconstruction in terms of improve-

ment in both spatial and temporal resolution. A few representative frames of the

LR MRI sequences are shown in Fig. 6.13(a)-(b). The following sections detail the

processing and reconstruction algorithms used for the experiments.

Feature Extraction in MRI

The first few frames of the LR MRI videos are used to spatially register the video

frames to each other. This step ensures that any slight movement of the subject

in the MRI scanner is compensated for. Next, the progression of the bolus (water)

down the oral-pharyngeal tract is segmented using standard background subtraction

techniques [3]. Centroid coordinates are computed from this moving blob region

to generate feature trajectories for all three LR MRI videos. The multiple centroid
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(a)

(b)

(c)

Figure 6.11: (a) Original ‘toilet.wav’ audio signal, (b)-(c) Two representative sec-
tions of the original audio signal that were used in the experiments.
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Figure 6.12: Performance of iterative rank based reconstruction (IRBR) algorithm
with audio data.

(a) (b) (c)

Figure 6.13: (a) Illustrative frame from LR video2; (b) Closest corresponding frame
in LR video3; (c) Intermediate frame reconstructed using (a) and (b).

149



Table 6.6: SNR values for 4 ROIs in LR and SR video sequences and Confidence
measures.

Sequence SNR Confidence Measure
ROI 1 ROI 2 ROI 3 ROI 4

vid1 7.4419 17.445 19.576 27.329
vid2 6.6593 14.794 15.642 36.559
vid3 6.1011 15.472 16.683 29.99
vid1-vid2 10.672 24.478 39.766 58.35 27.64
vid2-vid3 20.257 95.31 97.632 154.44 38.70
vid1-vid3 13.645 27.96 39.785 69.543 28.15

trajectories can be considered to be LR sample sets acquired from the same contin-

uous event – swallow. These centroid trajectories are used to compute the temporal

registration and also the confidence measure between the LR videos. The confi-

dence measures computed between the three LR sequences are presented in Table

6.6.

Reconstruction

Subsequent to computing the confidence measure, reconstruction of a higher res-

olution MRI video is done in the frequency domain. Even and odd undersampled

projection lines from corresponding frames of the registered LR videos are com-

bined to form a higher resolution radially sampled dataset in frequency space. The

Event Models based registration algorithm described in Section 6.2 is used to deter-

mine which radial projections from multiple LR MR images correspond to the same

instance of the event. An illustration of the radial projection alignment is shown in

Fig. 6.14.

These projections can be combined to increase the sampling resolution in k-

space. The inverse Fourier transform of these radial projection lines cannot be di-

rectly computed using standard inverse Fourier transform implementations. There-

fore, these LR radial samples are regridded to a cartesian representation by weight-

ing the data samples (based on distances from cartesian coordinates) and convolving
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Figure 6.14: (a) Illustration of two radial projection lines. A data point in between
the projection lines is re-gridded by convolving with a symmetric Kaiser kernel. (b)
A 1D Kaiser window, β = 3.
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Figure 6.15: ROIs used to compute SNR values in Table 6.6.

with a finite kernel. A symmetric Kaiser window (β = 3) is usually used to inter-

polate frequency information in between the radial projections [29]. A 2D Kaiser

window of size M ×M can be computed as follows:

w(i, j) =




[
I0(β
√

1−( 2i
M
−1)2)

I0(β)
,

I0(β
√

1−( 2j
M
−1)2)

I0(β)

]
, 0 ≤ i, j ≤ M

0, otherwise


 (6.12)

A 1D Kaiser window is shown in Fig. 6.14. Computing the inverse Fourier trans-

form of the regridded and interpolated data results in the super-resolved MR images.

Performance Results

Super-resolution reconstruction of LR MR video sequences results in improvement

in both the spatial and temporal resolution of data. However, some combinations

of LR input videos result in better reconstruction than others. This can be validated

using the confidence measure as well quantitatively measured by computing signal

to noise ratios (SNR). The SNR is computed as follows. For each video sequence,

two consecutive frames (with no bolus motion) are used to compute a difference

image. A region of interest (ROI), corresponding to homogeneous tissues, is manu-

ally chosen in one of the frames and the mean pixel intensity µ is computed. For the
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same ROI in the difference image, the standard deviation σ of the pixel intensities

is computed. The SNR of that video sequence is then measured as:

SNR =

√
2 · µ
σ

(6.13)

This method of computing SNR in MR images is commonly used when image ho-

mogeneity is poor [11]. The improvement in the spatial resolution after SR recon-

struction can be seen in Table 6.6, where the SNR values computed for four different

ROIs in the LR and SR sequences are presented. These ROIs are highlighted in Fig.

6.15. From these SNR values it can be seen that while SR reconstruction improves

the signal to noise ratio of all the video combinations, vid2-vid3 combination has

the highest SNR for all four ROIs, which agrees with the computed confidence mea-

sure. Visually the improvement in the spatial resolution of the data can be seen in

Fig. 6.13(c), where a reconstructed SR frame is presented. The LR video frames

that contributed to the SR frame are shown as Fig. 6.13(a) and (b). It can be seen

that the SR frame has much less noise compared to either of the LR frames. The

improvement in the temporal resolution of the data is demonstrated by the reduc-

tion in the motion blurring in the SR video sequence which can be viewed online

at [56]. Figure 6.16 shows two SR frames from sequence combinations: vid1-vid2

and vid2-vid3. A zoomed section of the tongue is also shown in order to highlight

the two visibly distinct positions of the tip of the tongue in vid1-vid2, which is

caused by poor temporal registration. The zoomed section in Fig. 6.16(b) shows

that this spatial distinction is less visible for the sequence combination vid2-vid3,

which also has a higher confidence measure. Another illustrative result is shown in

Fig. 6.17 (zoomed section shown in Fig. 6.18), where after the oesophageal stage,

the first frame in which the epiglottis becomes visible are shown. The position of

the epiglottis has been highlighted in each frame with an arrow. It can be seen that

for vid2-vid3 combination the spatial detail of the epiglottis is the clearest, while for

other video combinations two distinct positions of the epiglottis are visible. Thus,
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(a)

(b)

Figure 6.16: Representative frames of SR MRI videos. (a) vid1-vid2, χ = 27.64,
zoomed position of the tongue shows incorrect registration, (b) vid2-vid3, χ =
38.7, zoomed position of tongue shows correct registration.

154



fusing vid2-vid3 results in the better registration and reconstruction as compared to

vid1-vid2 or vid1-vid3. From the confidence measures listed in Table 6.6 it can be

seen that the confidence measure for vid2-vid3 combination is indeed the highest,

thus corroborating the subjective evaluation of the reconstruction.

6.5 Summary

In this chapter we presented a confidence measure based strategy that allows us to

choose recurrent non-uniform samples sets such that the overall signal reconstruc-

tion error is minimized. The confidence measure was developed a linear weighted

sum of two objective functions that are based on two precepts: (i) sample sets that

are placed farther apart from each other will result in better reconstruction and pro-

posed objective function Φg is a suitable estimate of this relation, and, (ii) proposed

objective function Φl can be used to determine the reliability of the computed tem-

poral registration. We independently evaluated the objective functions to highlight

their complementary nature. We also presented a method to determine the optimal

weights for the linear weighted sum of the objective functions. An iterative rank-

ing system was also proposed, that updates the rank assigned to sample sets and

fuses two sample sets to optimize reconstruction. Such a ranking system based on

the confidence measure is shown to out-perform a random ordering of the sample

set, which would otherwise have been used when no prior information about the

sample-set order is known. We demonstrated the applications of this work in three

areas, namely, super-resolution MR imaging, enhanced video reconstruction and

enhanced audio generation.
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(a) (b)

(c)

Figure 6.17: Representative frames of SR MRI videos. (a) vid1-vid2, (b) vid2-vid3
and (c) vid1-vid3. The position of the epiglottis has been highlighted with arrows.
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(a)

(b)

(c)

Figure 6.18: Zoomed in sections of SR MRI frames shown in Fig. 6.17. (a) vid1-
vid2, (b) vid2-vid3 and (c) vid1-vid3. The position of the epiglottis has been high-
lighted with arrows.
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Chapter 7

Summary and Conclusions

The major goal of this thesis work was to improve the efficiency of spatio-temporal

super-resolution imaging. We proposed a novel strategy of using multiple related

events for video super-resolution. This approach can be used to generate dynamic

Super-resolution MRI sequences which can improve diagnosis of functional dis-

orders. We also developed a unique metric to choose between low resolution se-

quences inorder to maximize super-resolution reconstruction accuracy. The major

contributions of this research work are presented in Section 7.1. The publications

resulting from this work are listed in Section 7.2. Future research directions are

identified in Section 7.3.

7.1 Contributions

Super-resolution imaging is fast becoming a key component in many applications

such as forensic imaging, high definition video processing and 4D medical imag-

ing. Although spatial super-resolution techniques have been available since mid-

eighties, research in spatio-temporal super-resolution is still in its infancy. Due to

low frame rate limitations (specifically in MRI), varied view points and variabil-

ity in temporal scale of activities and events captured on video sequences, spatio-

temporal SR is a challenging domain. Our research work has focused on improving

the efficiency and accuracy of spatio-temporal SR imaging. We have contributed
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to improving the state-of-the-art, proposed novel methods to incorporate informa-

tion from multiple related video sequences and proposed a novel metric to measure

the contribution of a sequence towards optimal SR reconstruction. The following

paragraphs summarize the major contributions of this work.

1. In this thesis we first examined the simple case that the video sequences do

not have a dynamic temporal scale and have been acquired within a single

occurrence. Even in such simple cases, if the acquisition rate of the cameras

is lower than the Nyquist rate (i.e., the speed of the event is high), then the

current state-of-the-art methods used to solve for the alignment between the

sequences do not perform well. Our first contribution lies in proposing an

elegant paradigm shift in the alignment strategy so that instead of using a

local matching criterion, a more global approach to alignment is used. We

built a parametric model of the event that incorporates the motion trend in

the video sequence and computes a continuous motion trajectory; as com-

pared to previous approaches of linear interpolation between discrete sam-

ples. Alignment of the video sequences was computed as the minimization

of the Euclidean distance between the event models. Based on recently pub-

lished works [21][20][22], we showed that for low temporal resolution videos

our parametric event-model based alignment algorithm performs a more ac-

curate temporal alignment than contemporary approaches.

2. In the second contribution of this work we considered the scenario where

multiple LR videos of the same scene are not available; instead multiple LR

videos of an ensemble of the same event are available. Within an ensemble of

sequences the temporal duration of the event can vary dynamically and non-

linearly. Computing a sub-frame temporal transformation between the LR

videos of the ensemble will reduce the effect of temporal aliasing and pro-

vide a framework for increasing the temporal resolution of video sequences.
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Since we proposed to use an ensemble of the dynamic scene to generate a

high resolution video, the temporal misalignment within the ensemble could

no longer be modeled as a 1D affine transform. We developed a novel sym-

metric transfer error (STE) that was iteratively minimized to align video

sequences. In this work we addressed a multitude of variations in the in-

put sequences at the same time – view invariance, sub-frame accuracy and

dynamic temporal alignment. Contemporary methods only address a small

subset of these variations. This piece of work can be used to compare, in-

dex and retrieve video sequences of activities that vary on temporal scale but

are essentially the same event. For example, two different individuals (say

a teacher and a learner) performing the same movements of Tai-Chi or Bal-

let, where the learner can examine the alignment computed between his/her

movements and the teachers movements. An application of the STE to MRI

SR reconstruction, where the multiple LR sequences vary in temporal scale,

was presented.

3. Contributions 1–2 dealt with aligning and reconstructing SR data from LR se-

quences that are acquired in the same imaging plane or have sufficient overlap

in the viewpoint for feature matching to be computed. The next contribution

of this thesis dealt with alignment of LR MR sequences that are acquired

in bi-directional orthogonal planes. In orthogonal acquisitions, the cross

section of the anatomy being viewed is widely different, hence feature match-

ing cannot be used. In our third contribution, we developed a method that

used the dynamics of events in the individual MR sequences to register the

orthogonal video sequences. This resulted in the generation of 4D MR data

for enhanced medical visualization.

4. Lastly, our investigation of the factors that affect SR reconstruction resulted in
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the determination that SR accuracy is based on two criteria– non-uniformity

of the sample set (or video sequence frames) and the accuracy of the regis-

tration or alignment algorithm. The last contribution of this thesis is a confi-

dence measure that takes into account the two criteria mentioned above and

provides a quantitative number based on which we can choose LR sequences

that will improve the reconstruction performance and discard those sequences

that will deteriorate the reconstruction. It is important to note that the con-

fidence measure can be added to any system irrespective of the method of

alignment and the method of reconstruction. This screening of LR sequences

is a unique concept in SR imaging, as before this thesis work, the determi-

nation of which LR sequence to use would be made post-reconstruction by

visual comparison between all combinations or all LR sequences would be

used. We also developed an iterative greedy algorithm that uses the confi-

dence measure to rank multiple LR sequences and efficiently reconstruct SR

sequences.

5. Through the development of this thesis, a database of video sequences used

for synchronization was also compiled and has been made publicly available

to the research community.

7.2 Publications

Parts of this work have been published in (or submitted) to the following journals

and conferences:

Published

1. Meghna Singh, Anup Basu and Mrinal Mandal, “Event Dynamics based

Temporal Registration,” IEEE Transactions on Multimedia, Vol.9, No.5, pp.

1004-1015, Aug. 2007.
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2. Meghna Singh, Richard Thompson, Anup Basu, Jana Rieger and Mrinal

Mandal, “Image Based Temporal Registration of MRI data for Medical Vi-

sualization,” Proc. of IEEE International Conference on Image Processing

ICIP, pp. 1169-1172, Atlanta, Georgia, Oct 2006.

3. Meghna Singh, Anup Basu, Mrinal Mandal, “Temporal Alignment of Time

Varying MRI Datasets for High Resolution Medical Visualization,” Proc. of

2nd International Symposium on Visual Computing, Lake Tahoe, Nevada, pp.

222-231, Nov 6-8, 2006.

4. Meghna Singh, Mrinal Mandal and Anup Basu, “Confidence Measure for

Temporal Registration of Recurrent Non-uniform Samples,” Proc. of Intl.

Conf. on Pattern Recognition and Machine Intelligence, pp. 608-615, Kolkata,

India, Dec 2007.

5. Meghna Singh, Mrinal Mandal and Anup Basu, “A Confidence Measure and

Iterative Rank based method for Temporal Registration,” Proc. of the 33rd In-

ternational Conference on Acoustics, Speech and Signal Processing ICASSP,

pp. 1289-1292, Las Vegas, March 30-April 4, 2008.

6. Meghna Singh, Lin Irene Cheng, Mrinal Mandal and Anup Basu, “Optimiza-

tion of Symmetric Transfer Error for Sub-frame Video Synchronization,”

Proc. of European Conference on Computer Vision ECCV 2008, pp. 554-

567, Marseille, France, Oct 12-18, 2008.

7. Meghna Singh, Lin Irene Cheng, Mrinal Mandal, “4D Alignment of Bidirec-

tional Dynamic MRI sequences,” IEEE Engineering in Medicine and Biology

Conference 2008, pp. 5893 - 5896 , Vancouver, Canada, 20-25 Aug, 2008.

In Preparation
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1. Meghna Singh, Mrinal Mandal and Anup Basu, “Choice of Low Resolution

Sample Sets for Super-Resolution Signal Reconstruction,” in preparation for

submission to IEEE Trans. on Multimedia, 30 pages.

7.3 Future Research Direction

Research work conducted so far has pushed the boundaries of spatio-temporal SR

imaging, video synchronization and 4D SR medical imaging. However, more re-

search work should be done to generalize the techniques proposed in this work,

which will facilitate the universal adoption of these techniques. We identify some

future research areas as follows:

• Scale-Space Representation of Event Models.

In this thesis, we have implemented a single event model for each sequence.

However, in a more generalized scenario a single sequence can have multiple

motion trajectories that need to be modeled. The concept of event models

can be extended to a piece-wise model for multiple complex motion. For

long sequences a scale-space approach can be used to develop different scale-

levels of the event models.

• Generalized Symmetric Transfer Error

The symmetric transfer error developed as part of this thesis is based on the

assumption that the scene geometry is related by a homography. This assump-

tion can be removed by generalizing the spatial relationship to the fundamen-

tal matrix (which includes homography as a special case). The algorithm can

also be extended to incorporate information from multiple trajectory align-

ments. A consensus seeking algorithm (based on the same principles as the

random sample and consensus RANSAC algorithm) can be used to incorpo-

rate this information.
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• Enhancement of the Confidence Measure

The confidence measure developed as part of this work is formulated as a

weighted linear combination of the local and global registration errors be-

tween single-trajectory event models in two (or more) sequences. It would be

interesting to investigate the effects of multiple motion trajectories (per se-

quence) on the confidence measure and suitable modifications will be needed

to the algorithm in order to compute a confidence measure in this scenario.
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Appendix A

Weighted Least Square Regression

In least square(LSQ) regression the unknown parameters β of a linear model such

as A.1 are approximated by estimating β by A.2, such that Ŷ = Xβ̂ and the sum

of squared errors SSE =
∑n

i=1 ||yi− ŷ||2 is minimized. In the case of probabilistic

models the parameters can be estimated by maximizing the the expectation of the

likelihood of the parameters, which is the well known Expectation Maximization

algorithm. However, in linear regression we do not deal with probabilistic models.

Y = Xβ̂ + ε (A.1)

β̂ = (XT X)−1XT Y (A.2)

In weighted LSQ, the following weighted SSE is minimized:

SSE =
n∑

i=1

wi||yi − ŷ||2 (A.3)

Let Q be the square root of the weight matrix W (wi are diagonal elements of W ),

then W = QT Q. If we multiply both sides of A.1 by Q we get:

(Y = Xβ + ε)×Q (A.4)

QY = QXβ + Qε

The best linear estimate of β in terms of QX , in the least square sense is:

β̂ = ((QX)T (QX))−1(QX)T QY (A.5)

β̂ = (XT QT QX)−1XT QT QY

β̂ = (XT (W )X)−1XT (W )Y
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Since the weights of the LSQ method are unknown, they are computed iteratively

in the following manner:

1. Initialize weight matrix to I (identity matrix).

2. Perform least squares regression (A.1) to get an estimate of β.

3. Compute the residual R̂ = Y − R̂ where Ŷ = Xβ̂.

4. Compute the adjustment factor radj = 1√
1−Hi

where H = X(XT X)−1XT .

The matrix H down-weighs high leverage data points that have a large effect

on the least squares.

5. Standardize the residual rstd = (r̂)/(MAD)× radj , where MAD is the mean

absolute deviation of the residuals.

6. Compute the Bi-square weights as:

wi =

{
(1− (rstd)

2)2, if |rstd| < 1
0, if |rstd| ≥ 1

}

7. Compute estimate of β again and iterate step 2-6 with new weights until con-

vergence.
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Appendix B

Video DataBases

We have developed and used a wide range of synthetic 1D, audio and video test

sequences in this PhD thesis. In this Appendix we describe the generation of the

test sequences and present some representative frames (or sample sets) in order to

give the reader an understanding of the experimental data.

The databases have been broadly categorized into three groups – Database 1,

Database 2 and Database 3. Database 1 comprises of both synthetic and real test

sequences and has been used primarily in Chapter 3 and Chapter 6 of this thesis.

Activities like swinging and throwing a ball were captured. Database 2 comprises

of synthetic and real test sequences as well. However, the method of generation of

synthetic sequences for Database 2 is different. The real sequences in Database 2

are from two sources – (i) MCCL Lab at the Univ of Alberta (our sequences) and

(ii) Vision Lab at the University of Florida (UCF videos). Database 3 comprises of

MRI sequences in three sagittal planes and one coronal plane. These databases are

described in detail in the following sections.

B.1 Database 1

Database 1 (DB-1) consists of six real video sequences and eight synthetic test

sequences which were used in Chapter 3 and Chapter 6 of this thesis. These test

sequences are described in the following sections.
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Figure B.1: DB-1 Synthetic 3D trajectory generated by using the MATLAB com-
mands displayed in Section B.1.1

B.1.1 DB-1 Synthetic Sequences

Synthetic data was created by downsampling eight high temporal resolution trajec-

tories of hyperbolic functions, such as tanh, cosh, sinh and combinations of these

functions. An excerpt from the MATLAB code used to generate the trajectories is

as follows:

À i=1:512 % length of the synthetic trajectory.

À sig=tanh(2*pi*i./512)+ 2*cosh(2*pi*i./512);

À plot3(i, sig, sig);

The MATLAB code generates a 3D trajectory as shown in Fig.B.1. Similarly, other

combinations of signals have been used to generate the synthetic trajectories shown

in Fig. B.2. The synthetic trajectories vary in length from 126 to 512 samples.

Each high resolution trajectory was downsampled into two trajectories each. One of

these two downsampled trajectories was also offset by a known temporal difference

in order to create temporal misalignments.
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Figure B.2: DB-1 (a)-(h) Sample trajectories from synthetic data. (a) Traj 1, (b)
Traj 2, (c) Traj 3, (d) Traj 4, (e) Traj 5, (f) Traj 6, (g) Traj 7, and (h) Traj 8.

Video Name Number of Frames Frame Rate
Throw 1 60 30fps
Throw 2 40 30fps
Throw 3 20 30fps
Swing 1 40 30fps
Swing 2 30 30fps
Swing 3 60 30fps

Table B.1: DB-1 List of Real Sequences.
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Figure B.3: DB-1 Illustrative Video Frames from Swing 3 video. Sequences should
be read row-wise from top-left corner, every fifth video frame is shown.

B.1.2 DB-1 Real Sequences

We captured multiple video sequences of throwing a ball and swinging a ball tied to

the end of a string. The frame size and frame rate of the sequences is 640×480 and

30 frames per second respectively. The sequences vary in length from 20 frames to

60 frames. Table B.1 lists the six real video sequences.

Sample frames from the Swing 3 video sequence are shown in Fig. B.3. Sample

frames from the Throw 1 video sequence are shown in Fig. B.4, a white box has

been used to highlight the position of the ball in the frames.

These sequences were captured at 30fps and were downsampled into two sub-

sequences each, with varying frame rates ranging from 15fps to 3.3fps. One of

these two downsampled trajectories was also offset by a known temporal difference

in order to create temporal misalignments. The moving ball was segmented using
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Figure B.4: DB-1 Illustrative Video Frames from Throw 1 video. Sequences should
be read row-wise from top-left corner, every alternate video frame is shown.
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Figure B.5: DB-1 (a)-(f) Sample trajectories from the real data. (a) Throw 1, (b)
Swing 1, (c) Swing 2, (d) Swing 3, (e) Throw 2 and (f) Throw 3.

a color based scheme and the centroid of the segmented region was computed. The

centroid trajectories for the real sequences are shown in Fig. B.5.
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(a) (b)

(c) (d)

Figure B.6: DB-2 Representative noisy synthetic trajectories with noise variance
σ2 = (a) 0.0001, (b) 0.001, (c) 0.01, (d) 0.1.

B.2 Database 2

Database 2 (DB-2) consists of six real video sequences and eight synthetic test

sequences which were used in Chapter 4 of this thesis.

B.2.1 DB-2 Synthetic Sequences

In synthetic tests, we generate planar trajectories, 100 frames long, using a pseudo-

random number generator (‘rand’ function in MATLAB) and band-limiting the sig-

nal to be under a specified frequency (function ‘blim’ in the MATLAB code shown

in Table B.2). These trajectories are then projected onto two image planes using
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Table B.2: DB-2 MATLAB code to generate synthetic trajectories.
Xstatic = [12 34 54 23];
Y static = [19 87 34 67];
Zstatic = 500 ∗ ones(1, length(Xstatic));

% generate 3D dynamic moving points
frames=[1 : 100];
freqx=4;
freqy=2;
freqz=0.2; % k keep depth constant for planar motion

rand(’state’,sum(100*clock));
disp(’*Generating Synthetic Trajectories’);

for i = 1 : 8
X(:, i) = 100 ∗ blim(length(frames), freqx);
Y (:, i) = 150 ∗ blim(length(frames), freqy);
Z(:, i) = 1 ∗ blim(length(frames), freqz);

end
function xx=blim(n,m);
yy=rand(n,1)-0.5;
k1 = round(m/2);
% Define a symetric frequency-filter
filt = [ones(1,k1+1) zeros(1,n-2*k1-1) ones(1,k1)];
yy=real(ifft(fft(yy).*filt’));
xx=yy/norm(yy);

user defined camera projection matrices. One such representative projection matrix

is:

P =




−0.9037 −0.4282 0 13.3187
−0.3869 0.8167 −0.4282 −0.0153
0.1833 −0.3869 −0.9037 11.0730
0.0183 −0.0387 −0.0904 2.1073


.

The camera matrices are designed so that the acquisition emulates a homogra-

phy, and are used only for generation purpose and not thereafter. A time warp is

then applied to a section of one of the trajectory projections, such that its length

now becomes 140 frames. Both the RCB and the STE methods are then applied to

the synthetic trajectories to compute the alignment between them. This process is

repeated on 100 synthetic trajectories. In order to test the effect of noisy trajectories

on the STE method, we add normally distributed zero mean noise to the trajecto-
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ries from two synthetic sequences. A representative set of the noisy trajectories is

shown in Fig.B.6.

B.2.2 DB-2 Real Sequences

We used video sequences provided by Rao et al. at http://server.cs.ucf. edu/∼vision/

and also acquired our own video sequences of activities similar to their data. The

activities in the sequences were – (i) picking up a cup from a desk, placing the cup

on a shelf and then bringing the cup back to the desk and (ii) opening a cabinet

door. Feature trajectories were available for the UCF video files. For our test video

sequences, we provided an input template image of a coffee cup that was tracked in

the video sequences to generate feature trajectories.

UCF video sequence

Sequences captured from the University of Florida database varied in length from

84 frames to 174 frames. Frame size and frame rate of acquisition were 720 ×
480 and 30 frames per second respectively. Some representative frames from UCF

Sequence 1 are shown in Fig. B.7.

UofA Test Sequence

Sequences captured in the University of Alberta database varied in length from 40

frames to 270 frames. Frame size and frame rate of acquisition were 320× 240 and

30 frames per second respectively. Some representative frames from the UofA Test

Sequence 1 are shown in Fig. B.8.
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Figure B.7: DB-2 Illustrative Frames from UCF test video. Sequence should be
read row-wise from Top-left corner.
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Figure B.8: DB-2 Illustrative Frames from UofA test video. Sequence should be
read row-wise from Top-left corner.
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B.3 Database-3 MRI video sequences

MRI video sequences have been used in all the contributory chapters of this thesis

(Chapter 3-6). In the following sections we describe the method of acquisition of

the MRI sequences, map anatomical structures in representative images and show

some frames from these sequences.

B.3.1 Acquisition

MRI data is acquired via radial acquisition as a series of radial projections though

the center of k-space (animated video of radial acquisition is available online at

[56]). For short scan times, radial acquisition results in higher spatial resolution of

undersampled data as compared to conventional cartesian acquisition which suffers

from aliasing and streaking artifacts. The MRI scan was conducted at the University

of Alberta at the Centre for the NMR Evaluation of Human Function and Disease.

All image data was acquired with subjects lying supine in a Siemens SonataTM

1.5T MRI scanner. Measured amounts of water (bolus) were delivered to the subject

via a system of tubing and the swallow event was captured in the mid-sagittal plane.

As current work deals with a prototype system, we captured only three repetitions

of the swallow (available as video1, video2 and video3 at [56]). The data was

acquired as 96 radial projections of 192 points and reconstructed to an image size

of 384x384. Acquisition time for each image with the above configuration is 0.138

seconds, which computes to a frame rate of 7.2fps. Various anatomical structures

related to the process of swallowing in the sagittal and coronal plane have been

annotated in Fig. B.9 and Fig. B.16, respectively.

We acquire four video sequences corresponding to center (Fig. B.11),right (Fig.

B.13) and left (Fig. B.15) MRI slice planes, as illustrated in Fig. B.10. The MRI

video sequences are subjected to dynamic temporal offsets in the motion of the

bolus. The trailing and leading edges of the bolus are extracted from the MRI se-

quences using standard background separation techniques [3]. The center of the

trailing bolus is extracted using horizontal and vertical profiles, and is used to gen-

erate feature trajectories in the three sequences. In the following sections we illus-
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(a) (b)

Figure B.9: DB-3 (a) Illustrative image showing major anatomical parts associated
with swallowing. (b) MRI image depicting major anatomical parts. Legend: (1)–
Soft Palate, (2)–Bolus, (3)–Epiglottis, (4)– Tongue, (5)– Trachea (or wind pipe),
(6)–Naso-Pharynx (or nasal passage), (7)–Oesophagus, (8)– Stomach.

Figure B.10: DB-3 Illustration of spatial alignment of MRI slices.
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Figure B.11: DB-3 MRI frames for Center Sequence. Sequence should be read
from Left to Right corner.

trate representative frames from the left, right, center and coronal (Fig. B.17) MRI

sequences.
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Figure B.12: DB-3 Fig. B.11 continued.

Figure B.13: DB-3 MRI frames for Right Sequence. Sequence should be read from
Left to Right corner.
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Figure B.14: DB-3 Fig. B.13 continued.

Figure B.15: DB-3 MRI frames for Left Sequence. Sequence should be read from
Left to Right corner.
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Figure B.16: DB-3 An illustrative Coronal MRI image with some anatomical re-
gions marked.
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