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Abstract 

Motion estimation algorithms are an essential part in many video processing ap­

plications. In this thesis, a "true" motion field, or a correct apparent motion, is 

pursued. It can be used for some advanced processing such as motion segmentation. 

To obtain a "true" motion field, we focus on how to address the smoothness and 

discontinuities in the motion field. In detail, several approaches were proposed: (i) 

a discontinuity adaptive (DA) function was adopted to preserve the motion discon­

tinuities; (ii) both implicit and explicit smoothness constraints are enforced for the 

motion field; (iii) proposals (i) and (ii) are simultaneously represented by Gibbs 

Markov Random Field (GMRF) and embedded into the Bayesian method. 

We first deal with the motion discontinuity problem using a special DA function. 

We apply it to the dense motion field produced by optical flow equations using Horn 

and Schunck's approach. Experimental results show that motion discontinuities can 

be effectively preserved. Due to its effectiveness, we also apply this DA function to 

all the other approaches proposed in this thesis. 

We then consider the smoothness of the motion fields. Basically there are two 

types of smoothness constraints: the implicit constraint and the explicit constraint. 

Implicit constraint is used for block motion models, such as block matching and 

Lucas and Kanade's block motion model. Explicit constraint, on the other hand, can 

be applied to most of motion estimation models. We are interested in enforcing both 

constraints on the motion fields. We use the Bayesian method to model our idea. 

The implicit smoothness is addressed in the likelihood probability and the explicit 

smoothness is addressed in the prior probability. Our analysis and experiments show 

that this could produce a better motion field and give more flexibility in adjusting 

the motion smoothness. 
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We use the GMRF to represent the prior information. It is in fact the relationship 

of motion vectors of neighboring pixels. Hence, the smoothness and discontinuity 

problem can be addressed simultaneously to produce the "true" motion field. 

In summaries, we improved Horn-Schunck's algorithm by preserving the discon­

tinuities; we revised the conventional block matching algorithm into a smoothness 

adjustable block matching approach; we improved Lucas and Kanade's block motion 

model into a smoothness adjustable block motion model. All these algorithms are 

tested and verified by synthesized and real image sequences. 

Key-words: motion estimation, Bayesian, Gibbs Markov random fields, gradient 

based motion estimation, matching based motion estimation, discontinuity. 
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Chapter 1 

Introduction 

Motion estimation (ME) and compensation play a vital role in many digital video 

processing and computer vision algorithms. For image compression applications 

such as H.261, H.263, H.264 and MPEG coding algorithms, ME is used to achieve 

a better compression ratio by reducing temporal redundancy. In other video pro­

cessing applications, motion estimation and compensation algorithms are used to 

restore and enhance digital images. In computer vision, ME is used to track and 

recognize objects under surveillance [1,2]. 

An ME algorithm measures the displacement of pixels in image sequences. Often 

it is referred as apparent motion [3]. It is different from a 3D movement of the object 

and scene. It is also different from a 2D movement projected from a 3D scene in 

the image plane. Even so, correct apparent motion is difficult to be extracted using 

optical flow or block matching. For example a motion field which is obtained by a 

block matching algorithm that is based on the intensity alone does not reflect the 

real apparent motion. This is often observed in the textureless part of an image. It 

may be good enough for video compression, but it obviously needs to be improved 

if this motion field is used for some other purposes, such as motion segmentation 

and frame in-betweening. 

In this thesis, we are interested in estimating the "true" motion, which reflects the 

correct apparent motion field. Basically, this requires that (i) motion for each object 

to be spatially smooth, (ii) motions for objects which have different direction must 

be preserved. To obtain a smooth motion for each object, smoothness constraints 

1 
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1.1. Thesis Contributions 2 

could be forced onto the motion vectors. At the same time, this would violate the 

requirement (ii). Hence, motion discontinuities have to be considered and preserved. 

In this thesis, bearing these two requirements in our mind, we make several 

proposals to improve motion estimation. Mixed constraints for smoothness and 

discontinuity adaptive function for discontinuities are some examples. To satisfy 

two different requirements simultaneously, we adopt the Bayesian method [4, 5] to 

model our motion estimation algorithms. Both requirements of smoothness and 

discontinuity can be treated simply as prior probability. In fact, both smoothness 

and discontinuity reflect the relationship of motion vectors of neighboring pixels, 

which could be elegantly realized by Gibbs Markov Random Fields (GMRF). The 

GMRF modeling is often used in the Bayesian method, forming a fairly general 

framework. This framework has been widely used in computer vision techniques 

[6], and is not new in motion estimation [7-9]. All the chapters in this thesis are 

described under the same framework. 

1.1 Thesis Contributions 

Bayesian estimation using GMRF is a generic modeling tool. It means that it can 

be used by any type of model representation, estimation criteria and optimization 

method. We can have a single model which can be implemented in gradient based 

or matching based motion estimation. 

1.1.1 Discontinuity Adaptive MRF for Optical Flow 

The generic model that involves Bayesian estimation and GMRF can be realized 

through gradient based method. This method produces a smoothed motion field 

due to smoothness constraint. But the motion field is oversmoothed, especially in 

the discontinuity area. We therefore use a discontinuity adaptive function to express 

motion discontinuities. This function is originally proposed by Li [10] for edge 

preserving problems such as image segmentation. As for the motion equation, we 

use the Horn-Schunk's optical flow approach. Our work results in an improved Horn-

Schunk approach with discontinuities preserved. It can also be a comparable solution 
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1.1. Thesis Contributions 3 

to the robust technique [7]. Our work gives us an alternative to the gradient based 

motion estimators that are available publicly. This part is addressed in Chapter 4. 

1.1.2 Block Matching with Smoothness Prior Function 

The second contribution involves a block matching technique using GMRF model. 

We take the intensity difference in block matching as likelihood energy in the 

Bayesian model. This gives us a new point of view for the block matching. It 

also gives us the freedom to add stronger smoothness constraint into the motion 

field, which could be done by simply adding an explicit smoothness constraint as 

prior energy. This results in a new simultaneous way for addressing the smoothness 

constraints when both the implicit and explicit smoothness are addressed simulta­

neously. Is such a mixed constraint necessary? Does it give a better result rather 

than simply using implicit or explicit constraint? Our analysis and experiments give 

a positive indication. 

We also suggest several implementations to make the proposed technique ef­

ficient. The first suggestion is to keep all the likelihood value in the computer 

memory to expedite the optimization process. Secondly, we only compute the like­

lihood values from the smallest block-size while the likelihood values of the bigger 

block-size can be simply synthesized from these computed values. Finally the algo­

rithm is presented in a multiresolution framework and another framework similar 

to multiresolution (We call it a reduced block-size algorithm.). As it is well known, 

the concept of multiresolution provides a way for initialization and also speeds up 

the whole process. This part is addressed in Chapter 5. 

1.1.3 Block Motion Model for Optical Flow with Smoothness 

Prior Function 

Besides block matching, another approach for generating block motion vectors was 

proposed by Lucas and Kanade using a block of optical flow equations. This is a 

very interesting, simple and effective approach. The result could be obtained by 

simply solving two linear equations for each block. Implicit constraint is assumed. 
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1.2. Thesis Organization 4 

Due to the similarity of this approach and the block matching approach, our idea 

of mixed constraints can also be applied to it. An interesting discovery is that we 

only need to slightly modify the two linear equations to realize our idea. Hence our 

algorithm does not only inherit the simplicity of the original algorithm; it also offers 

flexibility in adjusting the strength of explicit smoothness constraints. This elegant 

algorithm is also shown to be effective through various experiments. This part is 

addressed in Chapter 6. 

1.2 Thesis Organization 

The remaining chapters of this thesis are organized as the following. 

Chapter 2 reviews Gibbs Markov Random Fields. The chapter begins by intro­

ducing the labeling problem, the neighborhood system, and the clique to facilitate 

the understanding of the Markov Random Field (MRF). Gibbs distribution, which 

is equivalent to MRF but emphasized global property, is explained. Optimization 

techniques are also introduced. 

Chapter 3 reviews motion estimation models. They are divided into two groups: 

the gradient based and the matching based. Each of the groups is classified into 

motion representation, estimation criteria and search strategies. The last topic in 

this chapter is the multiresolution matching based model. 

Chapter 4 presents the discontinuity adaptive MRF (DA-MRF) model for optical 

flow equation. The discussion begins with the MAP-MRF framework and the neces­

sity of introducing DA-MRF into optical flow equation. An improved Horn-Schunck 

motion estimation algorithm is given. Finally, the experimental results are shown. 

Chapter 5 presents block matching with smoothness prior function. The discus­

sion begins with the MAP-MRF framework. The problem of the conventional block 

matching algorithm is highlighted and the solution is introduced. We propose a re­

alization of the solution. Several algorithms are listed and the experimental results 
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1.2. Thesis Organization 5 

are reported. 

Chapter 6 presents block motion model for optical flow with smoothness prior 

function. The MAP-MRF framework is discussed. Realization and the algorithm are 

presented. This chapter implements the modified Lucas-Kanade motion estimation 

algorithm. Finally, the experimental results are shown. 

Chapter 7 summarizes the results of this thesis, presents the major contributions 

and details a number of avenues for further research. 
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Chapter 2 

Review of Gibbs Markov Random 

Fields 

In this chapter we provide a basic knowledge needed to comprehend Gibbs Markov 

Random Fields (GMRF). GMRF is about the context dependent entities of image 

pixels or spatially correlated features, which can be used in the interpretation of 

visual information. 

GMRF has been widely used to solve computer vision problems. If the problems 

are interpreted at a lower level representation, the applications of GMRF models 

include image/movie restoration and segmentation, surface reconstruction, edge de­

tection, texture analysis, optical flow, and visual integration. If the problems are 

interpreted at a higher level representation, the applications of GMRF models in­

clude object matching and recognition. 

GMRF theory shows us how to model prior probability of context dependent en­

tities, such as an arrangement of object features or an interaction of motion vectors. 

The GMRF theory is often used in the field of estimation theory. The vision prob­

lems are formulated into objective functions so they become optimization problems. 

We explain the Bayesian framework in Section 2.1. We present the labeling 

problem in computer vision in Section 2.2. We explain the definition of Gibbs and 

Markov random fields in Section 2.3. We explain the optimization algorithms in 

Section 2.4. We discuss the applications of GMRF in Section 2.5 and build several 

applications to show the usefulness of GMRF. Finally we summarize our discussion 

6 
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2.1. Bayesian Framework 7 

in Section 2.6. 

2.1 Bayesian Framework 

According to E. T. Jaynes, the Bayesian framework provides a consistent way of 

reasoning about the world [11]. The world in computer vision is pixels, labels and 

human expectation. The pixels and human expectation are considered as the input 

to the reasoning system. The output of this system is represented by the labels. 

A Bayesian framework has a prior distribution for expressing the human expec­

tation and a likelihood distribution for interpretation of the pixels. The output is 

represented by the labels. The output is called posterior probability in maximum a 

posteriori probability (MAP) labeling and it is written as: 

W = ™> (2.D 

where d is data, f is labels, and -P(d) is the probability distribution of data d. Con­

sequently, the terms on the right-hand side are prior probability P(f) and likelihood 

probability P(d|f). 

Generally a good estimation of f from the given data d is that the posterior 

probability P(f|d) is maximized. It can be seen from Eq. 2.1 that this posterior 

probability is determined by two items: likelihood probability P(d|f) and prior 

probability P(f). In this chapter we focus on reviewing the GMRF model, which 

can effectively construct the prior probability. This GMRF model has been widely 

adopted and shown to be an effective model. 

For example, to solve motion estimation problem, let motion field / be an es­

timated realization of a random variable F in a posterior probability distribution, 

given image dj and image dj-i(the realization of a random variable D). Using Bayes 

rule, the posterior probability distribution is: 

P(f\H H \ P W , * - i W , * - i ) (09, p(/|d" dt~l) = —m^T)—' ( } 

where P is a probability measure and the denominator is a normalizing constant. 
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The numerator is the observation model and the prior model respectively. In MAP, 

the probability model becomes: 

f = axgmaxf{P(f\di,di-i)}, 

f = axgmaxf {P(di\f,di-i)P(f,di-i)}. 

Given / and di-i, the motion-compensated prediction of d, can be computed. 

2.2 Labeling Problems 

Before we define the GMRF, we first introduce the labeling problems in vision. 

Many applications in vision can be considered as labeling problems. For example, a 

motion detection algorithm for an image sequence is to assign a specific label to a 

site that is considered as moving. 

The labeling problem is specified in a set of sites and a set of labels. Let S be 

the lattice with a set of m indices 

S = {l,...,m}. (2.4) 

Given a 2D image of size w x I, its pixel location can be conveniently re-indexed by 

a single number k where it takes on value in { 1 , . . . , m}. This notation of a single 

number site index will be used for images in this thesis unless otherwise treated. 

A label is an event that may occur in a site. Let L be a set of labels. A continuous 

label set may correspond to the real number -ft or an interval from low value, Xi, to 

high value, Xh: 

Lc = [XuXh]e^. (2.5) 

For the discrete case, a label assumes a discrete value in a set of M labels 

Ld = {h,...,lM}. (2.6) 

The labeling problem is to assign a label from the label set L to each of the sites 
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in S. The set 

/ = { / ( l ) , . . . , / ( m ) } (2.7) 

is called a labeling of the sites in S, where / (s) G £<* is a label for a site s. 

Labeling is called a configuration in the terminology of random fields. If all 

the sites have the same label set L (L is the set of all possible labeling), then the 

configuration space is 

T=LxL...xL = Lm (2.8) 

where m is the size of S. 

2.3 Markov Random Fields and Gibbs Distributions 

2.3.1 Neighborhood System and Cliques 

Before we describe a vision problem using GMRF models, we need to define the 

neighborhood systems and cliques for sites. The explanations are in the followings. 

A neighborhood system, N„, can be defined as the set of nearby sites within a radius 

of r (r-th order), 

Ns = {s' G 5|dist (pixels',pixels) < r, s' ^ s} , (2.9) 

where dist (̂ 4, B) denotes the Euclidian distance between A and B, and r takes an 

integer value. Neighborhood systems [12] satisfy the following conditions 

- No site is its own neighbor; s <£ Ns 

- Neighborhood membership is symmetric; s £ Ns> <&• s' € Ns 

Figure 2.1 shows neighborhood systems, while the numbers indicate the outer­

most neighboring sites in the r-th order around a site s [13]. Often we only use the 

first or second order neighborhood system in motion estimation. For example, the 

following pair potential: 

V(s,s') = (f(s),f(s')) = X\\f(s)-f(s')\\ (2.10) 
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Figure 2.1: Successive Neighborhoods with Neighborhood Order Numbers on Two-
Dimensional Lattice. 

' ~ I / \ 

(a) Cliques for First Order (b) Cliques for Second Order 
Neighborhood System Neighborhood System 

Figure 2.2: Cliques types. 

is the first-order neighborhood system, where A is the weighting function. 

Besides the neighborhood system, a clique is used to define each relationship in 

the system. A clique, c, is a subset of sites in S that consists of either a single 

site c = {s}, or a pair of neighboring sites c = {s, s'}, or triple neighboring sites 

c = {s, s', s"}, and so on. While collections of the cliques are denoted by Cx = {s | 

s e S}, C2 = {{s,s'} | a' e Ns, s e S}, C3 == {{s,s',s'"} \ s,s',s" G S are 

neighbors one to another }. 

We also define C = Us=i ^<" a s ^n e collection of all cliques from the r-th order 

neighborhood system. Figure 2.2 shows the clique collections for the first and second 

order neighborhood systems. 

2.3.2 Markov Random Field 

Let T = {F(l),..., F(m)} be a family of random variables defined on the set S. In 

the family F, each random variable F(s) takes a value f(s) in the label set L. 

For simplicity, we write F = / , eliminating s, for the same event. This cor-

. ~ j 
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2.3. Markov Random Fields and Gibbs Distributions 11 

responds to a realization of a random variable. For a discrete label set L, the 

probability that random variable F takes the value / is denoted P(f). 

F is a Markov random field (MRF) on S with respect to a neighborhood system 

N if and only if the following two conditions are satisfied: 

Positivity: P{f) > 0, V/ G F, 

Markov property: P (/ (s) \f (S - s)) = P (/ (s) \f (N (s))), Vs e S. 

The first condition states that all possible realizations should have nonzero prob­

ability, while the second condition requires that the local conditional probability at 

a particular site s depends only on the values of the random field within the neigh­

borhood N (s) of that site. 

So far the joint probability, P(f), and conditional probabilities, P(f (s) \f (N (s))), 

together specify an MRF. However, there is no obvious method to deduce the joint 

probability from the associated conditional probabilities. With Gibbs distribution, 

we can then mathematically track the joint probability of an MRF. 

2.3.3 Gibbs Random Field 

The same set of random variables F as in the above is said to be a Gibbs random 

field (GRF) on S with respect to N, if and only if its configurations obey a Gibbs 

distribution. 

The Gibbs distribution is: 

P(f) = ie<-*"</» (2.11) 

where the U and Z are defined as follows: 

W ) = £ W ) (2.12) 
ceC 

Z = J2e(~?UU))- (2.13) 
/€F 

where Z is a normalizing constant, T is the temperature and Vc may be any real 

function of variables that depends on the local configuration of the clique c. See 
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Figure 2.2 for a configuration of cliques. Having P(f) to measure the realization / , 

and having the temperature T to control the sharpness of the distribution, we can 

generate a "pattern". 

We can summarize the random fields that the MRF is characterized by its local 

property whereas a GRF is characterized by its global property. The equivalence 

of these properties is established by the Hammersley-Clifford theorem, which states 

that F is an MRF on S with respect to N if and only if F is a GRF on S with 

respect to N. In other words, with respect to a specified neighborhood system a 

unique GRF exists for every MRF and a unique MRF exists for every GRF. This 

statement implies that we can define a random field based on the global probability 

measure or the local conditional probability measure. Thus the GRF and MRF 

models will be equivalent under a neighborhood system. 

2.3.4 Example of a G M R F Model 

The following introduces GMRF models for modeling image properties such as re­

gions and textures. We look at their energy functions. 

Contextual constraints on two labels are the lowest order constraints to convey 

contextual information. They are completely characterized by its clique functions 

and have the following energy functions: 

m ( c ~\ 

u (/) = E ^ ( /(*))+E v*r (/ oo»/ (*')) (2-i4) 
s=l l r=l J 

where function V\ is a potential function defined on cliques consisting of single pixel, 

function V r̂ (/ (s), / (s1)) is a potential function defined on cliques consisting of pair 

of pixels, r is the pair number, and c is the total of available pairs and m is the area 

of a lattice. 

In [14], Derin-Elliot model lets 

ViU {a)) = a,., V2 (/ (8), / (O) = @/ (/ (s), f GO), (2-15) 

where I (a, b) = —1 if a = b and 1 if a ^ b, a and 6 are constants. We can generate 

a texture using this model. 
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Another model that is used in our thesis is smoothness prior. This is a generic 

contextual constraint. It assumes that many physical properties possess some coher­

ence and generally do not change abruptly. Smoothness constraints are expressed 

as the prior probability. In the example section in this chapter the smoothness prior 

is used. 

2.4 Optimization Techniques 

In this section we briefly introduce some optimization techniques for maximizing an 

objective function. In this thesis, the objective function is the posterior energy. The 

optimization can be divided into two groups: the continuous and the discrete. For 

continuous optimization, it can be Gradient Descent or Graduated Non-Convexity 

For discrete optimization, it can be: Simulated Annealing, Iterated Conditional 

Modes (ICM), or Mean Field Annealing. Each group can also be categorized as 

global or local method where there is multiple local minima in the solution space, and 

it can be further categorized as constrained or unconstrained optimization. [6,15]. 

2.4.1 Gradient Descent 

When the energy function is differentiable, the simplest way to find /* = arg min/ U(f) 

is to perform "gradient descent". The update process is 

/(t+i) <_ /(*) _ trtUtf®) (2.16) 

where // > 0 is a step size and Vt/( / ) is the gradient of the energy function. The 

iteration stops if the algorithm converges to a point / for which VU(f) « 0. 

Currently, the minimization procedure in the proposed models is in the first 

order. If we can derive an efficient second order minimization, we can improve the 

current procedure. 
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2.4.2 Iterated Conditional Modes 

Iterative Conditional Modes (ICM) is a "greedy" method, and is also a local mini­

mization method. The label is usually discrete. Algorithm 1 shows the ICM opti­

mization process. 

Algorithm 1 Iterative Conditional Modes 
1. Start with an initial configuration f° G L™. 

2. For site s, choose the new label f^t+1^ (s) that minimizes U(f^t+l^ (s)) — 
[ / ( /« (s)) locally. 

3. Keep the new label in a separate variable until all the sites s G S have been 
visited once. 

4. Update the labels for all the sites. 

5. Do the iteration step number two to four until no further energy descent is 
possible. 

2.5 Applications using Gibbs Markov Random Field 

Many applications use GMRF for their prior model. The following is the list of 

applications: texture classification [16], texture modeling [17], segmentation [18], 

boundary and edge detection [19], image restoration [20], and optical flow estimation 

[21]. 

Two applications are given as examples. These examples seem irrelevant to 

motion estimation at a first glance. But with these examples, we will understand 

the whole procedure of modeling using GMRF. We have arranged the examples so 

that: (i) the examples give a complete modeling structure, (ii) the examples use ID, 

2D, continuous and discrete data to show the various applications. Many details are 

explained in these examples, which may not be elaborated in the following chapters 

if it is unnecessary, in order to highlight our novel proposals. 

The first application is a smoothing algorithm. The second application, motion 

detection, uses discrete labels to separate moving and static objects. 
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2.5.1 Smoothing 

Given a set of data, the objective is to smooth the data using GMRF. In Bayesian 

framework, the first task is to design the likelihood and prior probabilities of the 

smoothing process. The last task is to select the optimization strategy. 

Given an image lattice S and noisy input image data d — {d(x,y) G 5?}, the 

target is to determine the output of a smoothed image / = {f(x,y) € L = $.}. 

This smoothed images should satisfy the following conditions: (i) it should not 

be very different from the original image; this means the likelihood energy value 

U(d\f) should be small, (ii) the output image is a smooth image, which means that 

intensity of neighboring pixels should not change abruptly; this is in fact the spatial 

relationship of neighbors, the prior probability £/(/)• 

We start with the maximum a posteriori (MAP) probability estimate: 

/* = argmaxP(/ |d) = argminI/(/ |d). (2.17) 

The next step is to define the prior and likelihood probabilities. For prior probability, 

we use first order or 4-neighborhood system: 

N(x, y) = {(x-l,y),(x + l,y),(x,y-l),{x,y + l)}. (2.18) 

The prior probability is 

P(f) = \e~UU) (2-19) 

where Z is the normalizing constant. The prior energy function is as following 

W) = E E 9(f(x,y),f(x',y')), (2.20) 
(x,y)eS (x',y')€N(x,y) 

where #(77) is a quadratic function. 

For likelihood probability, the model is 

d(x,y) = f(x,y) + e (2.21) 
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with e being the i.i.d or independent identically distributed Gaussian noise with 

mean zero and variance one, d being the data and / being the smoothed output. 

PW) = ^~VW) (2.22) 

is a Gaussian function with likelihood energy function 

VW) = E [l{X'V)-fX'V)]t (2.23) 
(x,y)eS 

After the likelihood and prior probabilities are defined, posterior distribution is 

P(f\d) = ̂ P oc p(f)p(d\f) = i e - ^ > (2.24) 

with posterior energy function 

U(f\d)= "£{(f(x,y)-d(x,y))2/2a2 + £ g(f(x,y), f(x',y')). (2.25) 
(x,y)eS (x',y')eN(x,y) 

The rest is the task of the optimization algorithm to find an optimal configuration. 

A simple gradient descent method is used as is shown in the Equation 2.16. If 

the derivative g'(rj) = 2nh{r]) and the gradient M} ' have been defined, then the 

iteration is: 

/<*«> (*,y) <- / M ( s , y ) -

2»(fM(x,y)-d(x,y))/2o-2+ 

P Z{x.,y.)mx,y) ( /W (*, V) ~ f « V')) h ( / w (x, y) - f (x>, y')) 

(2.26) 

Later, h(rj) is called an interaction function that the choices can be selected 

from [6]. If g(n) is a quadratic function, then h{rj) is a constant. Followings are 

several experiments. 
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origkwl 

(a) The Original, the Corrupted (b) Energy Function Minimization 
Data and The Smoothed Result. 

Figure 2.3: ID Smoothing 

2.5.1.1 Experimental Results 

ID Smoothing The data to be smoothed is corrupted by Gaussian noise. Our 

task is to smooth the noise and to preserve the edge. We use 

hry = 
1 

[1 + ?] 2 ' 
(2.27) 

an adaptive interaction function that will be used in Chapter 4 as a part of the 

prior energy function. Gradient descent minimization is used with the parameters: 

a = 1, (j, = 0.1. The initialization for label / equals zero. The result is shown 

in Figure 2.3(a), where the original and the smoothed data are shown in the same 

graph. Figure 2.3(b) shows the reduced energy function during the minimization 

process. 

2D Smoothing. Figure 2.4 shows the result of a 2D smoothing algorithm. We 

generate 2D well-shaped data with the added noise. Gradient descent minimization 

is used with the parameters: a = 0.75, /J, = 0.1. The initialization for label / equals 

zero. The minimization algorithm reduces the energy function for 30 iterations. 
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ideal data 

0 0 0 0 

smoothed result 
200 
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100 

The energy function 

0 0 

Figure 2.4: 2D Smoothing. From left to right and from top to bottom: The orig­
inal data, the corrupted data, the smoothed result and the energy function during 
minimization process. 
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2.5.2 Motion Detection 

Motion detection is a simple motion analysis problem. It detects the moving object 

using the pixel difference of image sequence. If the pixel difference is higher than a 

certain value, it may be a moving object on that site. To reduce wrong detections, 

the smoothness prior is used. The prior knowledge is the smoothness on moving 

labels. 

With the smoothness purpose, the motion detection algorithm is designed using 

the GMRF model [22]. In this case, the modeling is a binary labeling problem, and 

the task is to label each pixel as a moving or static state. So, the label / € {s, m) 

has two states: s =static (set as logic 0) and m =moving (set as logic 1). 

The Bayesian framework gives the posterior probability: 

P(f\g) oc P(g\f)P(f), (2.28) 

where the terms are likelihood probability, P(g\f), and prior probability, P(f), with 

g = \d{ — di-i\ that measures the intensity difference of pixel of image sequence at 

the same site. 

Instead of probability, the criterion can be converted into energy functions: 

U(f\g)ocU(g\f) + U(f). (2.29) 

The U(f) is the prior energy function and it is defined as the interaction between 

center pixel and its neighbors. This function can be defined as 

t/(/) = E « / M ) ' ( 2 - 3 °) 
s'eN 

The potential V(f(s), /(«')) will be —/3 if the neighbor label is equal to the center, 

and +P if they are not equal. 

The likelihood energy is 

t W ) = 2 ^ £ ^ ( * ) , / ( « ) ) (2-31) 
sES 
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(a) First Image (b) Second Image 

Figure 2.5: Sinusoidal Circle Images 

where s G S and 

f -a if (g(s) > C) = f(s) 
^(g(s),f(s')) = { JKyK) ) n ) (2.32) 

[ a if(g(s)>C)®f(s) 

where C is a constant or can be empirically chosen from mean absolute difference 

of the frame. The ^(-) equals —a if the result of conditional logic for the intensity 

g(s) equals f(s). The ip(.) equals a if the result of conditional logic for the intensity 

g(s) is exclusive-or to f(s). 

2.5.2.1 Experimental Results 

After we have designed the energy functions and selected ICM to find the optimal 

solution, we start the experiments. 

Synthetic Image Sequence. The sinusoidal circle images in Figure 2.5 are used 

to test the algorithm with parameters: a for the gain of likelihood probability and 

the order of the neighborhood system. The second image is a shifted image with 

displacement of (3,4) pixels. 

The results of motion detection are shown as dark/pink labels in Figure 2.6(a) for 

experiment using a = 1 and first order neighborhood system, and in Figure 2.6(b) 

for experiment using a = 1 and second order neighborhood system. In some sites 
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(a) First Order Neighborhood Sys- (b) Second Order Neighborhood 
tern System 

Figure 2.6: Motion Detection: Detected Motion in Pink Labels for the Sinusoidal 
Circle Sequence. 

from the data of this pair of images, pixels have the same/slightly different intensity 

value. In these sites the labels are set as a static label. The detection results around 

the edge are also different. 

Real Image Sequences. Experiments with real images were conducted. The 

threshold value, C, is 3/255. The value is empirically chosen to represent intensity-

noise margin. Besides the single resolution framework, a multiresolution framework 

using three level resolutions is designed. All experiments must follow the condition 

that the iteration must be long enough or the energy function has reached near its 

minimum value. 

Figure 2.7(a), with a = 1 and the second order neighborhood system, shows the 

result of the single resolution motion detection and Figure 2.7(b) shows the result of 

the hierarchical motion detection. The results of other experiments with real images 

are shown in Figures 2.8 and 2.9. 

If we look at the single resolution, the prior function, which relates a center to 

the neighbors, has a tendency to smooth the state of labels. So, we cannot find any 

single moving pixel, because the prior energy function tends to make them a group 

of pixels. 

From the experiment, multiresolution motion detection gives better results. In 
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(a) Single Resolution (b) Multiresolution Framework 

Figure 2.7: Motion Detection: Detected Motion in Pink Labels for the Taxi Se­
quence. 

(a) Single Resolution (b) Multiresolution Framework 

Figure 2.8: Motion Detection: Detected Motion in Pink Labels for the Traveling 
Salesman Sequence. 

(a) Single Resolution. (b) Multiresolution Framework 

Figure 2.9: Motion Detection: Detected Motion in Pink Labels for the Claire Se­
quence. 
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the Taxi sequence, Figure 2.7, the textureless white taxi can be detected as more 

solid moving labels in the multiresolution framework than the labels are found in 

the single resolution framework. But small moving objects cannot be detected. In 

the Traveling Salesman sequence, Figure 2.8, camera noise and moving shadows are 

eliminated in the multiresolution framework. In the Claire sequence, Figure 2.9, 

minor moving objects such as ears and hair are eliminated from the detection. 

We can conclude that multiresolution framework can accommodate more neigh­

bors and can be used to remove the less-significant moving object. However, when 

we need to detect the small moving objects then we can use simulated annealing 

(SA) to minimize the energy function. The SA enables the selection of labels that 

the energy value may climb out from valleys or local minima to later enter the valley 

which is considered as the global minimum. 

2.6 Summary 

This chapter introduced a way to transform a computer vision problem into an 

optimization problem. Some of them are considered as the labeling problem. The 

label itself has a neighborhood system which is defined by MRF. It is understood 

that they represent the local property while GRF has the global property. 

Bayesian method includes likelihood and prior functions in the GMRF modeling. 

The likelihood function describes our expectation of the model, while the prior 

function is a representation of our prior knowledge. The prior function interprets 

the interactions between the center pixel and the neighbors. 

The smoothing experiment, where the smoothness prior is used as our prior 

knowledge, illustrates one application of prior knowledge. In this experiment two 

excessively smoothed results are produced for ID and 2D data. They show an ex­

isting problem in the smoothing algorithm using GMRF. Furthermore, the motion 

detection experiment has shown the differences between results from the single reso­

lution and the multiresolution framework. Also, the experiment shows the ability of 

a multiresolution framework to extend the interaction of the pixels to produce labels 

that cannot be reached by the single resolution. This fact points to the use of mul-
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tiresolution in further research. In the next chapter motion estimation algorithms 

will be reviewed. 
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Chapter 3 

Review of Motion Estimation Models 

This chapter reviews three topics: gradient based, matching based, and multiresolu-

tion matching based motion estimation. In addition with the brief review of Gibbs 

Markov Random Field in the previous chapter, this chapter completes the literature 

survey. 

In general, research issues of optimization-based vision involve problem repre­

sentation, the formulation for an objective function and the optimization objective. 

The first issue concern about representing the solution using label set for some pixel 

sites. For example, a block matching motion estimation approach has a label for a 

group of pixels and a gradient based approach has a label for a pixel. The second 

issue is an effort to map various object features and constraints into a real number. 

The third issue is the selection of optimization method that brings concerns such as 

local minima and its efficiency. 

In each section of the motion estimation model, we classify a motion estima­

tion model into three classes: motion representation, estimation criteria and search 

strategies. These classifications follow Konrad's style [3] that makes an understand­

ing of the motion estimation model easier. The first class is the selection of a set of 

parameters to represent a motion. The second class considers the criteria to estimate 

a motion. The third class plans the search procedure. 

This chapter is organized as following: in Section 3.1 we explain the two-dimensional 

motion field models. In Section 3.2 we explain Bayesian criteria. In Section 3.3 we 

discuss a gradient based model. In Section 3.4 we present a matching based model. 

25 
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In Section 3.5 we discuss a multiresolution matching based model. 

3.1 Two-Dimensional Motion Field Models 

Two essential models in motion estimation are a motion model and an observation 

model. The first model is to represent motion in an image sequence. The second 

model is a model relating motion parameters to image intensities. 

Motion model decribes the motion of image points, i.e., the 2-D motion or ap­

parent motion. Such a motion is a combination of projections of the motion objects 

in a 3-D scene and 3-D camera motion on a 2-D screen. 

This motion depends on: (1) image formation model, e.g., perspective and or­

thographic projection, (2) motion model of 3-D object, e.g., rigid-body with 3-D 

translation and rotation, and 3-D affine motion and (3) surface model of 3-D object, 

e.g., planar and parabolic [3]. Two cases from these relationships have been used 

extensively in practice. For an orthographic projection and arbitrary 3-D surface 

undergoing 3-D translation, a 2-D vector describes the resulting 2-D instantaneous 

velocity. The vector at position s is : 

/(*) =[ , (3.1) 

V v(s) J 

in the image plane where [u(s), v(s)]T is a vector of parameters depend on the camera 

geometry and 3-D translation parameters. 

The motion can also be modeled by combining the projection model with the 

3-D affine motion of a planar surface. This leads to the following 6-parameter affine 

model: 

( u(s) \ I ai(s) a2(s) \ / u(s) \ 
) + [ > (3-2) 

v(s) J \ aa(a) o4(s) j y v(s) J 

where [u(s),v(s),ai(s),a2(s),a,3(s),a4(s)]T is a vector of parameters related to the 

camera as well as the 3-D surface and motion parameters. Increasing the number 

of parameters give more freedom for a pixel on site s to move to another location. 

Figure 3.1 shows the distortion that is possible for a circle image in Figure 3.1.a and 
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(a) Original Image (b) Image as a Result of 
Affine Transform 

Figure 3.1: Effect of Affine Transform for Sinusoidal Circle Image. 

the distorted circle in Figure 3.1.b. 

If six parameters are not enough to describe a motion of image points, then more 

parameters can give more precision to the description of the motion [23]. 

3.1.1 Region of Support 

The set of sites s to which a spatial motion model applies is called a region of support. 

The selection of a motion model and a region of support is one of the major factors 

determining the precision of the resulting motion parameter estimates. 

The most constrained model is global motion representation. In this case, a single 

motion model applies to all image points. This model is suitable for the estimation 

of camera-induced motion as only a few parameters describe the motion of all image 

points [3]. Camera effects, zooming and panning use this model efficiently. 

In contrast, the least constrained model only uses a single image point for a 

region of support. This model is called dense motion representation. Consequently, 

it can represent a very large dimension of the motion fields. This approach, however, 

raises computational complexity. 

The commonly used region of support is a rectangular block of image points. 

The simplest case is where the blocks are non-overlapping and their union covers 

the whole image. This type of region has proven to be a very powerful model and is 

used today in all digital video compression standards, such as H.261, H.263, H.264, 

MPEG-1, MPEG-2 and MPEG-4. 

A very active area of research today is about the arbitrary shaped region of 
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support [3]. Motion representation for each region consists of a set of motion pa­

rameters and the region boundary description. Compared with the models based 

on the rectangular blocks, this region of support, which is known as a region-based 

model, has the capacity to perform better image matching at the cost of a more 

complex representation. 

3.2 Bayesian Criteria 

Using the MAP discussed in Section 2.1, the observation model in this matching 

based approach is the model of displaced frame difference (zero-mean, Gaussian 

distribution) [24]: 

! I-

00-di_ l (s+/ (s ) ) ] 2 ' 

P(di\f,di-1) = (2Ka2)-Tel —l ~ J, (3.3) 

where m denotes the total number of pixels in a frame and a2 denotes the variance 

of pixel's intensity. If the prior distribution is uniform, the posterior distribution 

will only depend on the observation model. For a gradient based motion model, the 

observation model relates to optical flow equation. 

To combine prior knowledge into the estimate / , a prior distribution for the 

motion field must be selected. This distribution may favor the motion values that 

are near to some expected value / (adjacent sites): 

P ( /'d*- l ) = W e *' ' (3'4) 

where Vc = | | / —/||, and ||.|| denotes L2 norm. The scalar ^ as a divisor of 

potential may be viewed as a regularization constant between observation and prior 

model. In the first-order Gibbs Markov random field (GMRF) as is shown in Figure 

2.2, it has four of the following pair potentials. Vc becomes: 

V{s,s>)(f(s)J(s')) = \\\f(s)-f(s')\\, (3.5) 

where A is a weighting constant. 
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Figure 3.2: Line Field Lattice with Neighborhood System and Cliques: (a)Line 
Lattice; (b) Neighborhood of a Line Site; (c) Neighborhood of a Pixel; (d) Pixel 
Site; (e) Line Sites; (f) Single-Element Line; (g) Four-Element Line Cliques; (h) 
Three-Element Clique. 

If the observation and prior models are combined, they create a well-defined 

MAP-GMRF framework. From this point, we can design the optimization strat­

egy. The framework allows explicit modeling of discontinuities by suspending the 

smoothness in the prior model. 

To handle discontinuities, the line and segmentation models can be added into 

the framework. The line model switches the line on and off according to the line 

neighborhood system and the cliques of the location under consideration [13,25] as 

is shown in Figure 3.2. This is called a line process. The line process influences the 

prior model. The prior model is now defined by the following GMRF: 

V ( S ) S , ,w)( / (s) , f(s'), l(s, s')) = A ||/(«) - f(s')\\ (1 - l(s, s')), (3.6) 

where s txi s' means s and s' are neighbors, l(s, s') is the line field between sites s 

and s', and / is the motion field. 

Another way to consider discontinuities in the model is by the addition of a 

segmentation field [3,25,26]. A label field o can represent the segmentation, where 
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all pixels of the same region possess the same labels. The region of support for 

the smoothness constraint can be limited to pixels in the respective segment and 

the prior distribution of the label field can be modeled by the first or second-order 

GMRF. The potential is: 

V ( s , s ' ,w) (/(a), f(s'), r(s), r(s')) = 

A/ H/00 - f(s')\\ 8(o(8) - o(s')) + A0(l - 8(o(s) - o(s'))) ' 

where Xf and A0 are the weighting functions. The delta function 8 in the first term 

suspends the smoothness constraint across region boundaries and the second term 

gives support to compact regions. 

Beside the above purpose, the segmentation field itself can be the outcomes of 

some applications such as: MRF-based moving object detection [27], hierarchical 

MRF model for model-based multi-object tracking [28], motion segmentation which 

is based on dominant motion estimation and the detection of uncovered regions [29], 

and object segmentation in stereo image using cooperative line field [30]. 

For the next section, we follow a classification strategy that is introduced by 

Konrad, Dubois and Stiller [3,4,26,31,32]. Konrad is among the earliest contributor 

of MRF based motion estimation. The other contributors are Heitz, Bouthemy and 

Morris [5,33-35]. 

3.3 Literature Survey on Gradient Based Model 

Gradient based motion estimation has been developed successfully in many areas of 

image processing and computer vision. Gradient based motion estimation requires 

a smoothness constraint to solve its ill-posed problem. 

This section discusses the optical flow as the motion representation, regulariza-

tion technique as the estimation criteria and several optimization techniques as the 

search strategies. The optimization techniques are Gauss-Seidel Method and Suc­

cessive Over Relaxation. We end the discussion with some examples of applications. 
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3.3.1 Motion Representation: Optical Flow 

Optical-flow/gradient-based is a paradigm to determine visual motion [6,24]. In this 

method, the recovered motion-flow is based on local spatial-temporal changes. 

Optical flow uses intensity constancy, spatial and temporal coherence as its 

model. Let d(x, y, t) denote the image intensity at the point (x, y) and time t. 

The intensity constancy gives the equation: 

dddx dddy dd 

dx"dt+dy'M + di= ( 3 , 8 ) 

The optical flow vector at (x, y) is f(x, y) — (%, ^ ) T = (u,v)T. These vectors 

form an optical flow field for a given image. This single equation with two unknowns 

does not give a unique optical flow. An additional constraint must be imposed on 

the flow. 

Equation 3.8 can be solved by minimizing: 

V(d(x, y) |/(:r, y)) = (udx + vdy + dtf (3.9) 

where |^ = dx and jjj- = dy with a consideration that the noise is in it. One of 

the early methods for solving this equation is from Horn and Schunck paper [36]. 

Besides their method, many others are available in the literature. Some of those 

methods are partial derivatives, Laplacians flow velocities, minimization technique 

with the smoothness constraint, and iterative method. 

A study of eight optical flow algorithms designed by Anandan, Horn & Schunck, 

Lucas & Kanade, Nagel, Singh, and Uras et al, was conducted by Galvin et al [37]. 

Another thorough evaluation of optical flow techniques has also been presented 

in [38]. An implementation for matching two perspective views is presented by [39]. 

An optimal structure motion estimator is written by [40]. Feature-based motion 

estimation to match line drawings is presented by [41,42]. 
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3.3.2 Estimation Criteria 

3.3.2.1 Regularization 

Smoothness is the constraint used to control the flow coherence in a neighborhood 

system. One way to impose this constraint is to minimize the squared magnitude of 

the gradient of the optical flow. By adding this constraint, the posterior potential 

function becomes: 

V(f(x, y) \d(x, y)) = V(d(x, y)\f(x, y)) + XV(f(x, y)), (3.10) 

where A is a weighting factor and the constraint is: 

W*,))-M + M-(£)\(%)\(£)\$)\ ,,n, 
The first right term in Equation 3.10 corresponds to the observation potential and 

the second right term corresponds to the prior potential of the MAP-MRF frame­

work. 

Integrating Equation 3.10 over all (x, y) gives the posterior energy function: 

U(f\d) = J J[V(d(x, y)\f(x, y)) + XV(f(x, y))]dxdy. (3.12) 

The posterior energy function gives a value to represent the state of the motion field. 

This concept will further be used to design the search strategy. 

The Horn and Schunck [36, 43] laid the foundation of optical flow using their 

global smoothness approach. On-going research aims to modify the smoothness 

constraint to achieve some desired outcomes. 

The drawbacks of the quadratic gradient-based model are: 

1. Optical flow is not valid for large motions, because the calculated gradient 

values from a small number of pixels are used to lead the search strategy; 

2. Optical flow is not valid for areas exhibiting very large luminance variations: 

occlusions, exposure, reflection patches, etc, because the gradient values are 

lost; 
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3. For quadratic regularization, the results are over-smoothed, because the po­

tential value will be higher when the gradient of optical flow is higher. 

Besides the Horn-Schunck model, Heitz and Bouthemy [34] proposed an MRF inter­

action model which combines constraints from the gradient based and edge based 

paradigms. Nagel and Enkelmann [44] introduced oriented smoothness constraint. 

These approaches can be summarized as being based on adding the weight matrix 

that penalizes variations in the motion field depending on the spatial changes in 

gray-level content of the video. Later, Fogel [45] used the concepts of directional 

smoothness and adaptive weighting in a hierarchical formulation. The weight func­

tion in this formula is a function of the low pass filter parameter and the spatial 

resolution. The resolution parameter changes multiresolution representation. The 

detail can be seen in their respective papers. 

Another alternative is to use a robust function such as Tukey, Huber, Andrews, 

and Hampel for the smoothness prior. The functions are statistical tools in which 

outliers are an issue. A robust procedure is an ability to be insensitive to the 

violation of assumptions or the robustness of a function to the outliers. For optical 

flow the robust method is proposed by Black in his Ph.D thesis [7-9]. Using s = 

(x,y) and f(s) = (u(s),v(s))T, Equation 3.9 becomes 

V(d(s)\f(s)) = g(u(s)dx(s) + v(s)dy(s) + dt(s)), (3.13) 

where g(.) is a robust function that will be explained later. The posterior energy 

function is 

U(u,v\d) = Y,sesiX9(u(s)dx(s) + v(s)dy(s) + dt{s),a1) + 

52s>eN(s) i9(u(s) ~ u{s'), a2) + g(v{s) - v(s'), o2)} 

where s is an element of sites S. In Equation 3.14, we need to choose appropriate 

values for a that determine whether the data and smoothness error are considered 

outliers. 

To see the need of a robust function, let us analyze the influence of a variable 

x to the value of its quadratic g(x) = x2, and the first derivative h(x) = 2x. h(.) 
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Compensated image 

50 100 150 200 250 

Figure 3.3: Result of Robust Motion Estimation. 

is called influence function or interaction function. The influence function of data 

points in this case is linearly increasing and without bound. 

To increase the robustness of a function, the ^-function must be more forgiving 

about outlying measurement, where the influence of outliers tends to zero. One of 

the robust estimator for the ^-function is Lorentzian estimator: 

g(x,o-) = \og(l+1-^)2y (3.15) 

Its influence function or the derivative w.r.t x is 

2x 

Most of the regularization technique which implement optical flow equation will 

produce the dense motion field as is shown in Figure 3.3. This figure is generated by 

the Black's algorithm [7]. The search strategy is a successive over relaxation method 

that will be explained later. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



3.3. Literature Survey on Gradient Based Model 35 

3.3.2.2 Block Motion Model 

The block motion model [46] is an example for the implicit smoothness. It assumes 

that the motion vector remains unchanged over a particular block of pixels, denoted 

by B. The likelihood energy function is: 

U(di\di-i,u,v) = y ^ (dx(s)u + dy(s)v + dt(s))' (3.17) 

where dx(s) is the partial derivative of intensity w.r.t x, dy(s) is the partial derivative 

of intensity w.r.t y, and dt(s) is the partial derivative of intensity w.r.t t. 

The difference between the regularization technique and this model is in the 

handling of the 'ill-posed' problem. The result for this model is a sparse motion 

field. For example, in the Hamburg Taxi Sequence, the image is divided into 9 x 1 1 

blocks. Each block is solved by computing the partials of the error U with respect 

to u and v and setting them equal to zero. We have 

T,seB (dx(s)u + dy(s)v + dt(s)) dx(s) = 0 

T,a&B(dx(s)u + dy(s)v + dt(s))dy(s) = 0 
(3.18) 

where u is the estimate of u and v is the estimate of v. Solving the above equations 

simultaneously, it gives us: 

u 

V 

Y,seBd^)dx{s) E s e B r f *(sK(s ) 

J2seBdx(s)dy(s) £ s e , B ^ ( s K ( s ) 

- E s e B ^ ( s H ( s ) 

(3.19) 

The example result of the motion field is shown in Figure 3.4. This approach 

uses an inverse function. Later we will show that the motion field could be further 

improved using our proposed method in Chapter 6. 

3.3.3 Search Strategies: Gradient-Based Optimization 

At this point, we have the optical flow as a model representation and the estimation 

criteria. We now need a search strategy to solve the estimation problem. 

Two separate approaches in using the optical flow exist. They are the explicit 
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Result of regression-taxi-16 

20 40 60 80 100 120 140 160 

Figure 3.4: Result of Block Motion Model Motion Estimation using Block-Size of 
16 x 16. 

and implicit smoothness. Models such as those of Lucas and Kanade's approach [46] 

and its variant exhibit implicit smoothness. This approach is known as parametric 

motion fields. Usually, the least-square technique is used. On the other hand the 

explicit smoothness approach enforces the motion field based on the surrounding 

field. 

For this gradient based optimization, we describe two techniques: Gauss-Seidel 

method and Successive Over Relaxation method. 

3.3.3.1 Gauss-Seidel Method 

Horn uses iterative Gauss-Seidel method [36,43]. A new set of velocities, (u^t+1\ i>(*+1)), 

is calculated from the estimated derivatives and the average of the previous veloci­

ties, ( u W , # ) . The equations are: 

«(«+!> = u - dx[dxll^ + dyvfi + dt\/{o? + d2
x + 4 ) , (3.20) 
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u(*+1) = v - dy[dxv® + dyv® + dt]/(a2 + d\ + d2
y), (3.21) 

where a is a weighting constant, t is the iteration number and 

dx ~ j \di,j+i,k — dij,k + d»+ij+i,fc — rfi+i,j,fc 

+«i,j+l,fe+l — ^ij,fc+l + di+lj+l,k+l ~ di+l,j,k+l} > (3.22) 

+^i+l,j,fc+l — ^ij.fc+l + ^i+l,j+l,fc+l _ ^i,j+l,fe+l} , (3.23) 

dt ^ T l^+ij'+i.Jb+i — ^i,j,fc + ^i+ij,jfc+i — di+ijtk 

+di,j+i,k+i — dij+\tk + d j+ i j+ j^+ i — dj+ij+i,*;} , (3.24) 

where i, j are the 2-D pixel index, k is the frame index, and the local averages u ^ 

and vitj,k-

u. hj ,k — ^{Ui-i,jyk + Ui,j+i,k + Wj+i,j,fc + MiJ-l,fc} 

+ 7^ \ui-l,j-l,k + Wi-l,j+l,fc + Wj+ij+i^ + U j + i j - i ^ } , (3.25) 

l r , 

+ 1 2 ^ t , * - 1 « * - 1 ' * + U i - 1 J + 1 - f c + vi+i,j+hk + Ut+ij-i,*} • (3.26) 

are the Laplacian of flow velocities. 
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3.3.3.2 Successive Over Relaxation 

Black [7] uses the successive over relaxation. The technique can be traced back to 

Jacobi and Gauss-Seidel method. The explanation on Jacobi is available in Appendix 

A. 

Written in a complete form, the partial derivatives of the robust flow from Equa­

tion 3.14 are: 

dE 

du(s) E 
s€S 

\dx(s)h(dx(s)u(s) + dy(s)v(s)+ dt(s), <Ji) + j p h(u(s) - u(s'), a2) 
s'eN(s) 

(3.27) 

dE 

dv(s) E 
ses 

\dy(s)h(dx(s)u(s) + dy(s)v(s) + dt(s), <Ji) + ^ h (v(s) - v(s'), a2) 

(3.28) ' 

where h(x, a) is the Lorentzian influence function. 

The iterative update equations for minimizing E at step (t + 1) are 

U^(S) = UW(S)-UJ W, 1 dE 

T(u(s))du(sY 
(3.29) 

vV
+1>{s)=vW(s)-cu («) / 1 dE 

T(v(s))dv{s)' 
(3.30) 

where u is an over-relaxation parameter. It is used to over-correct the estimate of 

/(*+1) or [ „(«+i) ( s ) »,(*+!) ( s) j • 

The terms, T(u(s)) and T(v(s)), are the upper bounds on the second partial 

derivatives of E: 

T(u)> 
d2E 

du2(sY 
V s e 5 , (3.31) 

T(v)> 
d2E 

dv2(s): VseS. (3.32) 
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The second derivative is maximized when both the data and the smoothness errors 

are zero, which imply 

rr, ^ Xdl 4 

7 » = ̂  + A- (3-34) 

3.3.3.3 Hierarchical Optimization 

We have several purposes in applying the multiresolution scheme. Some of them are 

to accelerate the computation and to attain long motion vector length. The scheme 

influences the model, and in turn influences the result. 

Gradient-based motion estimation assumes that the image motion is small; less 

than a pixel. To increase the length of estimated motion, a pyramidal representation 

of images is used. The reduction of the size of image is implemented as convolu­

tion and sub-sampling. The general effect desired is to reduce the high frequency 

components of the image at the coarser scales. 

A simple multiresolution gradient-based scheme performs the following: 

• Project motion field with interpolation from coarse to finer resolution, 

• Warp the image using motion field, 

• Compute new estimate of the motion field from this warped image, 

• Update the motion field with the computed value above. 

This algorithm uses pyramid image and pyramid flow fields. 

3.4 Literature Survey on Matching Based Model 

3.4.1 Motion Representation 

Since motion is estimated based on the variation of intensities, we need a model 

to relate them. The observation models assume an existing relationship between 

(3.33) 
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motion parameters and image intensity. The usual assumption is that the image 

intensity remains constant along a motion trajectory. Assuming a spatial sampling 

of the images, this condition can be expressed as follows: 

(U (s) = di_i (s + f(s)) + e, (3.35) 

where rfj(s) is the image intensity of sequence number i on site s, fs is a motion 

label of the image on site s, and e denotes noise. 

3.4.2 Estimation Criteria 

Several estimation criteria which are being used in motion estimation are displaced 

frame difference (DFD) criteria, the frequency domain, regularization and Bayesian 

criteria [23]. The DFD and the Bayesian criteria are discussed in the following sec­

tions. 

3.4.2.1 A Class of Criteria 

A class of criteria arising from the constant-intensity assumption is called displaced 

frame difference —DFD, or displaced block difference — DBD, or displaced region 

difference — DRD, or displaced pixel difference — DPD, according to the region of 

support. These criteria try to minimize the error: 

£i =|| dk (s) - *_i (s + f(s)) ||p, VseR, (3.36) 

where d is the intensity of image, s is the pixel site, i is the sequence number and 

f(s) is the motion of a region, R; this can be a frame, a block, a region or a pixel. 

p is the norm number. 

To measure the magnitude of the prediction error, e, the norm can be chosen from 

the family of norms (the absolute or the quadratic). We can also use the families of 

robust estimators: the LI norm, the Huber min-max estimator, the Andrew's Sine, 

the Tukey's Biweight and the Lorentzian [71. 
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3.4.3 Search Strategies 

3.4.3.1 Matching Approaches 

One of the search strategies is full search block matching [3,47]. This strategy 

compares the motion compensated prediction error from various motion candidates 

/ within the search region of the motion model. The best match results after the 

process of comparison is considered as the optimal estimate of /*. This technique 

works for a block of pixels as a region of support. 

If the region of support is only one pixel, as we have mentioned it before, it is 

commonly called a dense motion field. A technique called relaxation can be used 

to solve the dense motion field problem. This technique updates the motion vector 

of each site by some site-visiting order, e.g., the line scanning. A well-known de­

terministic relaxation technique is an iterated conditioned mode (ICM). For GMRF 

modeling, the conditional distribution of a single variable, fk(s), is completely spec­

ified by its neighborhood and it will be updated sequentially until the convergence 

is achieved. The distribution is: 

/*(«) = avgms,x{P(fk(s)\fk-\s)}. (3.37) 

Both stochastic (e.g. metropolis) and deterministic relaxation (e.g. iterated condi­

tioned mode) can be used to find the optimal motion vector from its state space [23]. 

On the other hand, mean field theory is able to produce a result approximately the 

same as the stochastic model with a faster convergence time [48]. 

Another search strategy that has the ability to lower the computational burden 

is hierarchical optimization. In this strategy, the motion parameters are estimated 

at the lowest resolution first; at this stage the computation load is low, then the 

result is propagated to a higher resolution [31]. 

In addition to the reduced computational load, the smoothness constraints are 

evident at the same time when the motion parameters propagate into a higher 

resolution. 
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Sub-Optimal Search Scheme. The main idea is to give a prior knowledge to 

the search area. Jain and Jain [47] proposes a two-dimensional logarithmic search 

scheme and Ghanbari [49] extended this scheme. This search scheme relies on the 

assumption of convexity in estimation criteria. Another alternative scheme by de 

Hann et. al. [50] selects candidate vectors based on the available vectors from the 

spatial-temporal neighboring blocks. This can reduce the computational demand. 

Fast Algorithms. Researchers define a fast algorithm according to their own 

definitions. Depending on the purpose of the implementation, a fast algorithm 

embeds a new constraint to reduce the computation task. Some researchers put 

emphasis on the communication rate [51-53]. It means that the motion estimation 

process has another limitation in the search strategy. In this case this process is a 

function of the rate of communication. 

Other researchers modify the search strategy to reduce a search area. Those are 

such as the three-step search and its variants. Another good alternative, without 

reducing the search area, is Successive Elimination Algorithm (SEA). This is one 

interesting approach that harnesses advantage from mathematical inequality. Some 

details of various fast algorithms are emphasized below. 

Three-step Search. This search strategy is implemented with the assumption 

that the search area is smooth enough. Further computation reduction approaches 

such as the diamond search, the cross-search, and the block-based gradient descent 

search algorithm (BGGDS) [54] work under the same assumption. 

This assumption reduces the computation time by jumping to a planned-group 

of candidates, e.g. when the length of search array is maximum ±7: the first group 

of candidates can be ±4, then the second group of candidates can be ±2, and the 

last group of candidates are ±1 . 

Successive Elimination Algorithm. A clear understanding of how the block 

matching algorithm is computed provides a good ground in trying to reduce the 

computation task. As it was said, the reduction involves the block based structure, 

all algorithms that use the DBD can be slightly modified to increase the speed 
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of computation. The interesting approach is the use of a mathematical inequality 

in [55] and [56]. The mathematical inequality is: 

\\\X\\-\\Y(i,j)\\\<\\X-Y(i,j)\\, (3.38) 

where \\X\\ = ^2k \xk\ is the vector representing the block in the current frame, 

while the vectors Y(i,j) refer to the possible candidate blocks in the previous frame. 

The left term in Successive Elimination Algorithm (SEA) is pre-computed efficiently 

using procedure described in [55]. Assume that in the middle of an exhaustive search 

algorithm (ESA), the motion vector (m, n) is the best matching vector found so far 

and that vector (i,j) is the next vector to be considered. If |||-X"|| — | |F(i , j) | | | > 

\\X — Y(m,n)\\, a test that can be performed using previously computed quantities, 

then from Equation 3.38, we see that (i,j) is not a viable candidate for the optimal 

motion vector and that, therefore, the norm does not need to be computed. If this 

test fails, then the norm \\X — Y(i,j)\\ does need to be computed. To further reduce 

the computation or increase the speed of estimation, a fast calculation of the norm 

sum is used. The calculation involves two steps: (1) keeping the sum of each column 

and save them for all row strips, (2) calculating block by summing the saved sum of 

each column. 

The performance evaluation, as mentioned in [55], shows that the average number 

of search point per block is 144, whereas the exhaustive search algorithm needs 1089 

and the three-step search needs 33 search points per block for a particular block of 

the Salesman sequence. 

A further speed-up is achieved by using partial distortion elimination (PDE) 

which tests the partial sum against the current minimum after each row instead of 

each computation. In the paper [56], the speed-up from exhaustive search (ESA) for 

SEA+PDE is 29.40 instead of 8.07 for SEA. PDE procedure can be added to block 

matching algorithm, whether we use fast calculation or the normal way to calculate 

the norm sum. 
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Figure 3.5: Spatial Interpolation of Motion Vectors. 

3.4.4 Supporting Techniques 

We list some techniques to improve the quality of the estimated motion field: bilinear 

warping, warping prediction and block-segmentation. The bilinear warping is useful 

for the dense motion field. The warping prediction is a trick to reduce blocky effect 

of block matching. Block-segmentation is another fast segmentation that divides 

the block into two regions, each with one of two given distinct motion vectors. 

3.4.4.1 Bilinear Warping 

Bilinear warping has two types of directions, backward and forward. It is cheaper 

to compute backward motion vector than the other way. For the backward motion, 

the tail of vectors lie somewhere between four sites. A bilinear calculation is able to 

generate the intensity value that would be warped to the compensated image. 

3.4.4.2 Warping Prediction 

Warping prediction is implemented to produce the dense motion field in [57]. Sup­

pose that the motion vector exists in the middle of the block, the bilinear geometric 

transformer transforms the motion field into a smooth motion field over the im­

age. The result is the smoothed-compensated image. Figure 3.5 shows four motion 

vectors and an interpolated motion vector. 

The equation for interpolated motion vector fa as a percentage of distance from 

the desired motion vector and A is: 

1 

f l /*'• 

O^'"' 

f2^J 

""»? 
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fi = / i (a( l - b)) + f2(ab) + /3((1 - o)(l - b)) + /4(6(1 - a)), (3.39) 

where a = ^ ^ and b = **=**. 
i i -xo yi-yo 

The concept of the block matching algorithm is that an object moves in a whole 

block. The matching algorithm which implements a fixed block size suffers concep­

tually when a motion discontinuity exists inside the block. Making the block smaller 

is one of the partial solutions. Another possibility is to use a concept from the field 

of robust statistic that has been mentioned in Section 3.3.2.1 to remove outliers from 

their influence to estimation criteria. 

3.4.4.3 Block Segmentation 

Orchard [58] assumes the existence of two distinct motions / i and f2 for each block 

as the best two among the candidate motion vectors. This assumption is able to 

divide the block into two regions with their respective motion vector. The way it 

divides the block is implemented using a prior function. This function relates its 

value to the length L of a motion boundary. 

Elias [25] modifies the Orchard's approach with a deterministic approach. The 

conventional block matching provides the initial data, the motion field / . Each 

pixel is assigned a motion vector and its corresponding estimation error, E. The 

estimation error, which is calculated by an overlapping block, is the lowest. With 

this arrangement, the field of estimation error and the directional filter can be used 

to identify the existence of discontinuity in the region. As it happened when a rise 

to a ridge in the estimation error field, E, exists, the orientation must be toward 

the discontinuity. 

Line fields are used to do segmentation for the blocks. For vertical segmentation, 

each row must have one active edge, so that each row r is divided into two segments 

at position lr. The likelihood function is the displaced frame difference with its 

respective chosen: fi on the left, the active edge, and f2 on the right. The prior 

function calculates the length of active edges. On the whole the energy function 

consists of the likelihood function and the prior function. 
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3.5 Literature Survey on Multiresolution Matching 

Based Model 

Multiresolution represents the varieties of spatial density of grid sites. It also has 

many choices of smoothing kernels for pyramid generation. 

3.5.1 Motion Representation 

The multiresolution framework finds the motion field via a reduced computational 

task. The hierarchical representation is a common framework for multiresolution in 

which images are arranged in pyramidal structure. 

When motion models are arranged in hierarchical representation [3,59], they use 

variable-size of the region of support. In such a representation, motion estimation 

can be modeled at multiple levels of detail, making it a possibility to extract the 

coarse characteristic first and subsequently adding finer details. The main reason 

for hierarchical representation is to speed up the estimation process. Moreover the 

hierarchical representation reduces violation of the underlying assumption such as 

a locally linear intensity variation. Also, the hierarchical representation eliminates 

the spatial high frequency aliasing component undergoing large motion [60]. 

In a hierarchical algorithm the basic operation is data pre-filtering. Usually, 

during each stage of filtering, data are sub-sampled to provide a more compact 

representation at a resolution level. The Gaussian and Laplacian pyramids of images 

have previously been used in hierarchical motion estimation [25,31,32,61]. Once 

estimation is obtained at some level, it must be transformed to the next higher 

resolution level for subsequent improvement. 

Hierarchical representation, i.e. a pyramid based image, can be constructed by 

a Laplacian operator [62]. The main advantage of the pyramid representation is a 

rapidly decreasing image size. However, the algorithmic process in this representa­

tion becomes a main disadvantage that makes theoretical analysis complicated [63]. 

A Laplacian pyramid is considered as a bandpass filter. Another filter used to gen­

erate a pyramid is the smoothing/low-pass filter. 

The combination of an affine model and a multiresolution processing is presented 
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in [64]. In [64], S. Kruger commented that a small analysis window is unlikely to 

contain sufficient intensity variation for unique motion to be determined, whereas 

a large window will contain image variation incompatible with the chosen model. 

This is also known as the aperture problem [65]. Robust motion estimation can 

be achieved if the motion analysis is performed using large analysis windows. The 

affine transformation is the best choice of the higher-order motion model because 

of its representational compactness and reasonable model accuracy. This motion 

model can also be estimated in a computationally efficient manner. 

Computation efficiency (speed), accuracy and robustness are the issues that make 

multiresolution representation attractive. P. Anandan, J. R. Bergern and K. J. 

Hanna in [60] suggest that it is efficient and necessary to reduce the high frequency 

aliasing component undergoing large motion. This can be done by using multireso­

lution estimation techniques. 

Odobez and P. Bouthemy [66] use multiresolution least mean squares scheme to 

incrementally estimate the motion model through coarse-to-fine refinement, Tziri-

tas [61] implements detection and localization of moving object in multiresolution 

representation. 

Multi-grid uses a quad-tree decomposition technique where the block-size is de­

composed according to the local requirements. The repeated procedure will split 

the region until a certain smaller block-size for a certain region that is suitable to be 

split. Chan [67] proposed the original scheme of this approach. The initialization 

is given by conventional block-matching with a uniform size. For each block, the 

estimation error is compared to a certain threshold. The ones which are not below 

the threshold value are split and the procedure tries to find another motion vector. 

The weaknesses of this scheme are the unreliability of smaller block-size, and the 

fixed threshold is not suitable for a wide-range of images. 

Dufaux and Kunt [68] modify the procedure for splitting block, instead of doing 

a new search, by using prior knowledge of four neighboring blocks to calculate a 

desired motion vector. The children blocks have a choice of choosing motion vectors 

from the neighboring blocks. 

In block based area, Burt and Adelson's pyramid representation of the im-
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age [62] initiates pyramid motion estimation. A further improvement referred as 

'neighborhood-blocks motion vector estimation using pyramidal data structure' was 

proposed by Zan et. al [69]. The conventional pyramid motion estimation has the 

equation that may be expressed as 

f(s) = 2.f>+l(s/2) + Ar(s), (3.40) 

where fk(s) is the motion vector on a site s and on a resolution level k, and A / is 

the refined length of motion vector. 

The equation says that, at the finer level of the pyramid, the motion vectors 

from the coarse level are multiplied by a factor of two, and a further refinement 

process will be executed. Instead of a single motion vector, their proposal involves 

the eight neighbors of a motion vector from the coarse image to be included in finer 

level and a further refinement for all of them are compared together through its 

matching algorithm. The computational complexity of their proposal is a maximum 

9x more than the conventional pyramid motion estimation because it involves the 

8 neighbors. With this proposal, the result shows reduced false motion vectors. 

3.5.2 Estimation Criteria 

The estimation criteria of multiresolution are basically the same as in the single 

resolution. As the motion representation is already in multiresolution, the estimation 

criteria are automatically implemented for each resolution. 

3.5.3 Search Strategies 

3.5.3.1 Subblock Multiresolution Motion Estimation 

To increase the computation speed, we can use sub-block multiresolution motion 

estimation to enhance the block matching performance [52]. The image is arranged 

as a pyramid image. The search algorithm uses 16 x 16 macroblocks, and each 

macro-block contains four 8 x 8 subblocks. Each motion vector must record the sum 

absolute difference (SAD) to be used later. 
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The algorithm starts from a coarse resolution in a three-resolution pyramid with 

subblocks of 8 x 8 pixels and macroblocks of 16 x 16 pixels and candidate motion 

vector length with a maximum of ±4. The SAD of each macroblock is calculated 

at the same time using the summation of the four subblocks. In every resolution 

five motion vectors are available for each macroblock. The result is propagated to 

the finer resolution for further minimization based on the five candidates with an 

addition of ±1 to the length of each candidate. The maximum length is (((4 x 2) + 

1) x2) + l. 

3.5.3.2 Hierarchical Block Matching 

To improve vector reliability, Bierling [70] proposed a hierarchical block matching 

scheme. Every scale uses a specific block-size, such as a smaller supporting region 

for the lower resolution. For flat moving regions, using this scheme, we can recover 

a moving field based on the results achieved from a coarser scale. A static region 

may be initiated as a moving region at the finer scale. A suggested solution is to 

use motion detection to detect the static regions. 

3.5.4 Projection 

To transfer the motion field, the simplest equation is "projection using duplication": 

r(s) = 2.f^l\s/2). (3.41) 

The equation is similar to Equation 3.40 without a further improvement. 

A better scheme uses "projection using interpolation". For this scheme, we have 

four pixels from one parent after the projection using duplication. According to 

the pixel position, four-diagonal-data averaging is executed for the odd-odd pixel 

position; Two-horizontal-data averaging is executed for the even-odd pixel position; 

Two-vertical-data averaging is executed for the odd-even pixel position; The un­

changed value is implemented for the even-even pixel position. 
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Chapter 4 

Discontinuity Adaptive MRF Model 

for Optical Flow 

It is a well-known fact that the optical flow equation is ill-posed. To make the 

equation solveable, a prior constraint is needed. The smoothness prior is usually 

added to make it well-posed. This strategy is also equivalent to the regularization 

method, which is a special case of the MRF model. An often used smoothness 

prior is the quadratic function. Though it makes the equation solvable, it often 

produces over-smoothed labels. For example, even if discontinuities are in the motion 

field, the result will be smoothed due to the smoothness constraint. Hence the line 

field representing these discontinuities is a useful switch to cancel the smoothness 

constraint. As an alternative approach, the usage of an adaptive interaction function 

(AIF) is proposed here. AIF is a modified version of the quadratic function. Using 

AIF, the line field is not necessary. This approach is shown to be effective [6] and we 

have adopted it into the optical flow problem using the MAP-MRF framework. It 

will be shown that our approach produces a sharp motion field at the discontinuity 

area and we can set the strength of discontinuity while keeping its stability. 

Section 4.1 gives an introduction. Section 4.2 shows the optical flow equation 

with smoothness constraint. Section 4.3 explains the use of the discontinuity adap­

tive model to modify the smoothness constraint. Section 4.5 shows the experimental 

results. Section 4.6 gives the conclusion. 

50 
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4.1 Introduction 

Optical flow estimation is an ill-posed problem. A constraint is needed to solve 

the problem [36,43]. The addition of a smoothness constraint can solve the prob­

lem. However if the constraint is a quadratic function, the estimation result is 

over-smoothed. To tackle the appearance of this new problem, several solutions 

are available to date: motion estimator using line process model [31], motion esti­

mator using truncated quadratic function [71], and motion estimator using robust 

formulation [7-9,72]. Another solution we proposed is a motion estimator using a 

discontinuity adaptive smoothing model. This smoothing model is created by Li [6]. 

A line field as a discontinuity label has been introduced in Chapter 3. The line 

field is considered as a discrete MRF labeling. The presence of both smoothing and 

discontinuity functions cause instability during the optimization process and it is 

difficult to choose a weight for each function. Moreover, this is a mix between the 

continuous and discrete labeling. 

The simplest discontinuity function embedded into a smoothing function is a 

truncated quadratic function. This function needs a threshold value. The value will 

decide whether the smoothing function truncates the interaction between data and 

its neighbors. A heuristic approach is usually used to set the threshold value. 

In another solution, robust statistics have played an important role to preserve 

the discontinuities. The robust method handles the outliers. Robust technique 

loosely means that a system built with this technique is insensitive to the nature of 

data, parameters or environment. For robust technique, the estimator's examples 

are Lorentzian, Geman-McClure, Cauchy and Leclerc estimators. Regarding the 

studies about the unification of line processes, outlier rejection and robust statistics 

can be found in [73]. 

A discontinuity adaptive smoothing model is another solution, which is based on 

an analysis of the Euler equation associated with the energy minimization in MRF 

and regularization models [6,74,75]. A comparison study between robust statistics 

and discontinuity adaptive smoothing has been carried out by Li. It shows that the 

two methods are interchangeable [10]. Nevertheless, we need to establish a solution 

of the optical flow using MAP-MRF framework. Hence we choose Li's discontinuity 
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adaptive MRF model, which is, to the best of our knowledge, the first time being 

used. We will also show that it produces a sharper motion field at the discontinuity 

area than if we use the quadratic function. 

4.2 MAP-MRF Framework for Optical Flow 

In a MAP-MRF framework, a posterior probability as is written in the Equation 2.1 

states that the task is to estimate the motion field / given a pair of images di, d^i. 

The likelihood probability corresponds to the optical flow constraint and the prior 

probability corresponds to the smoothness constraint. 

Instead of using the probabilities, we can describe the MAP-MRF labeling as 

energy functions. Let / be the u ov v from the continuous label set. The posterior 

energy function of optical flow with smoothing constraint is: 

U(u,v\di,di-i) = Eses(dx(s)u{s) + dy(s)v(s) + dt(s))2/2a2+ 

Uses Es'eNis) (9 (u(«) - u(s')) + g ((„(*) - v(s'))) 

where g{rf) is the potential function, s' is a site from the second order neighborhood 

system (our model under discussion). The first term is the likelihood potential due 

to independent Gaussian noise in the image intensities and the second and third 

terms are the prior potentials due to the prior distribution of the MRF. 

The main difference between our proposed algorithm and the algorithm repre­

sented by Equation 3.12 is in the prior potentials. Our prior potential function is an 

adaptive function instead of a fixed function such as the Horn-Schunck algorithm. 

The function adapts its characteristic according to the amplitude difference of vector 

neighbors. In this way, an improved motion field is achieved. 

There is also a difference between our proposed algorithm and the robust es­

timation, Equation 3.14. The major difference is in the likelihood function. The 

robust estimation approach uses one more function to calculate the robust likeli­

hood energy value. We avoided another function because it introduces complexity 

in the selection of parameters. We are satisfied with the use of a standard deviation 

parameter, a, to control the noise influence. Hence, our algorithm has a reduced 
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complexity and an easier setting. 

After we have the energy function, our task is to minimize it to find the optimal 

u* and v*. The least square technique requires us to calculate the energy function's 

partial derivatives with respect to each of the parameters. A minimum position is 

necessarily a stationary point where the gradient Vt/(u, v) must be a zero vector. 

Therefore, the following system of equations must be satisfied: 

^ f f f f ' " = 2dx(s)(dx(s)u(s) + dy(s)v(s)+dt(s))/2a2+ 

ES'eN(s)9'Hs)-u(s')), (4.2) 

= o, VseS, 

dU{tt){S)) = 2dy(s)(dx(s)u(s) + dy(s)v(s) + dt(s))/2a*+ 

Zs>eN(s)9'(v(s)-v(s% (4.3) 

= 0, Vs € S, 

where g' is the derivative of g. 

If the prior model is quadratic, g(r}) = rf, and we define local averages: 

W)= Y. ™(*W), (4-4) 
s'eN(s) 

where w is the weight constant ( v(s) is defined in the same way), we have: 

km£lXW) = dx(s) (dx(s)u(s) + dy(s)v(s) + dt(s)) /2a2 

+ {u(s)-u(sj), Vs G S, 

im^Ms)! = dy{s) {dx{sHs) + dy{s)v{s) + dt{s)) /2a2 

(4.5) 

(4.6) 
+ {v(s) - v(s)), VseS. 

Solving these equations using an iterative scheme from Gauss-Seidel method 

yields 

.(«>(.) *- -W(.) - ^.)^U^m-±m , (4.7) 
1 + {(Px(s) + d2

y{s)) /2a2 
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0<«>(s) _ „<0(s) _ L(,)d.(.M'+±mf+«')\ . (4.8) 
[ 1 + (d2

x(s) + d*(s)) /2a2 J 

The initial values, u^°'(s) and u^(s), are zero. 

Horn-Shunck has used Laplacians to calculate the prior term, g'(.) of Equation 

4.2 and 4.3. In the MRF model, it is classified as the second-order neighborhood 

system. In the next section we will discuss a technique from the MRF model to 

manipulate this prior term and to preserve the discontinuities. 

4.3 Discontinuity Adaptive M R F Model 

Li [6] proposed a simple and effective discontinuity adaptive scheme for a MRF 

model. He derived an important necessary condition for an MRF prior potential 

functions to be able to deal with discontinuities. Based on this necessary condition, 

he defined the Discontinuity Adaptive (DA) smoothness model in terms of the Euler 

equation constrained by a class of adaptive interaction functions (AIF). 

If the derivative of g is expressed as g'(n) = 2nh(n), then the necessary condition 

for any regularization model to be adaptive to discontinuities is 

lim \g'(v)\= lim|277%)l = C, (4-9) 
T)—HX> TJ-+O0 

where C € [0, oo) is a constant. If C is 0, then it prohibits smoothing at disconti­

nuities, but C > 0 allows limited smoothing. We have to make an interaction (̂77) 

small for a large \n\ and an interaction approaches 0 as \rj\ goes to 00. Further detail 

is provided in Appendix B. 

Li introduces four possible choices of AIFs with the corresponding adaptive po­

tential functions (APFs) and the bands. We select one from his book [6]: 
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Interaction Function 
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Figure 4.1: Interaction Function hy with Different 7 (represented by the shape) and 
r/2 (the horizontal axis). 

the potential function for this AIF is: 

<?7 = - 7 T H > ( 4 1 1 ) 

7 

and the band of convexity is 

*> = <•-$<$• ( 4 1 2 > 

Figure 4.1 shows the interaction function in comparison with several 7. In prac­

tice, it is not always necessary to know the explicit definition of #7, except for 

analyzing the convexity of U(f). 

For the quadratic smoothness prior, g(rj) = T]2, the interaction function h{rf) is 

always one, which means that it is not adaptable to discontinuities. We hence use 

the adaptive interaction function instead of the constant interaction function for 

our motion estimation algorithm because it preserves discontinuities. Based on this 

theoretical analysis, a better motion field can be achieved. 

If the necessary condition is embedded into the energy function of the Equation 
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= dx(s) ({dx(s)u(s) + dy(s)v{s) + dt(s)) /2a2 

+ Yl Hs)-u(s'))h(u{s)-u(s')), V s e S (4.13) 
s'eN(s) 

= dy{s) (dx(s)u(s) + dy(s)v(s) + dt(s)) /2a2 

+ Yl (v(s)-v(s'))h(v(s)-v(s')), VseS (4.14) 
s'eN(s) 

We can embed the AIF into Equation 4.4. So, the weight constants are now the 

AIF: 

~ujs~j = Y h(u(s) - u(s'))u(s'). (4.15) 
s'eN(s) 

Using the same iterative scheme (Equation 4.7), we have the optical flow algo­

rithm using the discontinuity adaptive model. 

4.4 Model Comparison 

The robust method for optical flow that has been discussed in Section 3.3.2.1 is a 

comparable method with our method under discussion. In Figure 3.3 we have shown 

the estimation result as well. In both methods, we have the same problem to be 

solved, but the strategy is different. Robust method looks at the outliers, while our 

method looks at the discontinuity of data. 

In the MAP-MRF framework, the main differences of our method with the robust 

method are in the likelihood term. This term, the optical flow constraint, uses 

quadratic functions, but the robust method uses the robust function. Our argument 

is that we are handling discontinuity of the motion field. So we are only concerned 

to find the minimum of the potential value of optical flow constraint. As a result 

we should only consider parameters related to discontinuity function. 

In the robust method that we use as a reference, it needs a parameter for the 

likelihood function, but our approach does not require it. This offers an advantage 

4.2 and 4.3, we have 

ldU(u(s),v(s)) 
2 du(s) 

ldU(u{s),v{s)) 

2 dv{s) 
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Figure 4.2: Laplacians's Weights 

that a fewer number of parameters makes it an easier way for us to set the conditions 

for desired results. 

4.5 Experimental Results 

To test the adaptive interaction function, we compare the Laplacians weights (Figure 

4.2) of Horn-Schunck model for its u and v of Equation 4.4 with the model using 

h(rj) = — ^ r (4.16) 
[1 + Jal] > 

for its u and v of Equation 4.15. We also use Horn-Schunck's approach to estimate 

the derivatives of image brightness. 

The test involves synthetic image sequences and is followed by experiments using 

several multiresolution real image sequences. For the experiment using multiresolu-

tion real image sequences, the total resolution levels depend on the image size. Our 

experiment uses four to seven levels. For multiresolution sequence, we process the 

images using a 5 x 5 gaussian kernel and a standard deviation of 0.5. 

We test the algorithm using noisy image and we also compare our proposed 

method with the Black's robust technique. 

4.5.1 Single Resolution Synthetic Sequence 

Figure 4.3 shows the Vertical Ram sequence using a synthetic displacement field. 

The image has two parts: non-moving part on the left and moving part on the right. 

The moving parts are displaced 0.1 pixel vertically using interpolation technique. 

Using this sequence, the motion estimator under test is able to calculate the motion 
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(a) The Ram Im- (b) The original displace- (c) The estimated dis-
age ment field placement field 

Figure 4.3: Ram Sequence and The Displacement Field. 

(a) Constant Interaction Function (b) Adaptive Interaction Function 

Figure 4.4: Displacement Field for Synthetic Sequence with (a) h = 1, (b) y — 
0.0001. 

field accurately. Therefore, we can analyze the discontinuity aspect at the sites 

where both parts merge. 

The results of setting the constant interaction function and adaptive interaction 

function are shown in Figure 4.4. The constant interaction shapes the motion field as 

smooth as possible without discontinuities. In contrast, the adaptive interaction will 

give a varied constraint to the smoothness according to the differences between data 

and their neighbors. Therefore, it can preserve the discontinuities. Furthermore, 

setting 7 = 0.0001 causes a crisp discontinuity. Figure 4.5 shows the differences 

when we modified 7. 
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Figure 4.6: Preserving the Discontinuities in Suzie Sequence. 

4.5.2 Experiment on Preserving Discontinuities 

Suzie sequence in Figure 4.6 is presented to show how the AIF preserves the dis­

continuity by comparing the result of the AIF with the constant IF (CIF). We use 

7 = 0.001 for a crisp discontinuity. We can identify the effect of preserving on the 

motion field of the moving phone and Suzie's neck. At these merging sites a crisp 

motion field is not found in the CIF's result, but is found in the AIF's result. 
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NAME 

Constant 
Adaptive 

Yosemite Sequence 
dB 

31.97 
33.19 

Entropy 

2.24 
2.41 

Average 
Angular Error 

13.76° 
8.42° 

Standard 
Deviation 

10.43° 
6.71° 

Table 4.1: Result of Multiresolution Synthetic Sequence Experiment in PSNR and 
Entropy values. 

4.5.3 Multiresolution Synthetic Sequence Experiment 

An experiment using yosemite sequence is reported here. The PSNR, entropy, av­

erage angular error and its standard deviation [38] are used to report the results. 

Table 4.1 shows the measurement results. The explanation of average angular error 

is given in Appendix C.3. 

We use a yosemite image and its ground truth motion field to produce the second 

image. Using the adaptive model, we can get the improved PSNR value but with 

a reduced entropy value. This experiment also shows the improved average angular 

error and its standard deviation after we use adaptive model. This shows that our 

proposed model is working as expected. Figure 4.7 shows the result. 

4.5.4 Multiresolution Real Sequence Experiment 

Experiments are set up to verify the correctness of the Equation 4.13 and 4.14, 

and to find out how much the embedded adaptive interaction function improves the 

motion field. The PSNR and Entropy values are reported. 

We have developed an algorithm called A GRADIENT-BASED MOTION ESTIMA­

TION (ME) USING DISCONTINUITY ADAPTIVE (DA) FUNCTION written in Algo­

rithm 2 to handle the images and to execute the motion estimator. This algorithm 

uses Equations 4.7, 4.8, 4.15 and 4.16. 

We use four pairs of image sequences: foreman_148 / foreman_149, sales-

man_009 / salesman_010, suzie_000 / suzie_004, and taxi_000 / taxi_001. All 

sequences are selected so that we have a mixture of image pairs with large and 

small movements. In this case, the Foreman sequence has the longest motion vec­

tors among others, so the sequence has more different data that produces the lowest 
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Figure 4.7: Results of Experiments for the Yosemite Sequence. 
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NAME 

Suzie 
Foreman 
Salesman 

Taxi 

CONSTANT 

dB 
36.93 
31.76 
35.63 
36.86 

Entropy 
2.24 
3.86 
0.68 
1.03 

ADAPTIVE 

dB 
37.79 
33.10 
36.84 
37.31 

Entropy 
2.41 
3.34 
0.72 
1.34 

Table 4.2: Result of Multiresolution Real Sequence Experiment in PSNR and En­
tropy values. 

Variables 

Standard Deviation,a 
AIF's Parameter, 7 

Adjustment Difference Margin 
Maximum Number of Iteration 

Value 

0.01 
0.01 
0.1 
60 

Table 4.3: Experimental Setup for MAP-MRF Labeling Model 

PSNR as shown in Table 4.2. The Salesman sequence has several object movements 

with a textured background and the Suzie sequence has many movements with a 

large and textured region. These are reasons why we chose the Salesman and Suzie 

sequences in the previous experiments. The Taxi sequence has many movements on 

texture-less background. 

The parameter settings are shown in Table 4.3. We set the same parameters for 

all the sequences. We present a result of Horn-Schunck motion estimation, a result 

of our algorithm and a diagram of PSNR versus level of the image in Figures 4.8, 4.9, 

4.10, and 4.11. Each diagram has two lines of the PSNR value of the compensated 

images. The line represents a constant interaction function experiment and the dot 

represents an adaptive interaction function experiment. 

From all the experiments, the behavior of our proposed model is stable. The 

performance depends on the setting of the AIF's parameter. If we set 7 to a high 

value, then a smooth motion field is achieved. And a low value of 7 will give more 

discontinuities. 

4.5.5 Noisy Sequence 

In the previous section, the results of all images are always as expected when we 

adjust the parameter values. To further check the model stability, we add normal 
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Figure 4.8: Results of Experiments for the Suzie Sequence. 
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Figure 4.9: Results of Experiments for the Foreman Sequence. 
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Figure 4.10: Results of Experiments for the Salesman Sequence. 
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Figure 4.11: Results of Experiments for the Taxi Sequence. 
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Algorithm 2 Gradient Based ME using DA function 
1. Init: 

Generate multiresolution sequence, 
Set parameter of AIF, 7, if needed, 
Set Standard Deviation, a, 
Set the Adjustment Difference Margin. The difference between the previous 
and the current adjustment values, 
Set Maximum Number of Iteration. 

2. Calculate: 
Spatial and temporal gradient, 
Interaction values and local averages. 

3. Update motion field using iterative scheme. 

4. Repeat step no. 2-3 until the adjustment difference margin or maximum num­
ber of iteration requirements are achieved. 

5. Propagate the motion field down to the higher resolution using bilinear trans­
form using 3 x 3 blocksize. 

6. Repeat step no. 2-5 until the highest resolution is reached. 

Name 

Suzie 
Foreman 
Salesman 

Taxi 

Constant 

dB 

32.56 
28.64 
32.34 
32.54 

Adaptive 

dB 

33.18 
31.20 
32.54 
32.95 

Table 4.4: Result of Multiresolution Noisy Real Sequence Experiment in PSNR 

random noise with a = 0.03 into the images. Table 4.4 lists the PSNR result of the 

experiments. It shows the reduced PSNR values with the similar motion field as the 

one without noise. Our proposed method also increases the PSNR values. 

4.5.6 Comparison with Robust Statistic 

The robust technique that is explained briefly in 3.3.2.1 is used to compare with our 

approach. Li's has studied the DA-MRF versus the robust technique for the range 

image segmentation. Here we make a comparison for motion estimation problem. 

For our experiments, the parameters are selected so we can generate the result 

similar to our DA-MRF model. 
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Name 

Suzie 
Foreman 
Salesman 

Taxi 

PSNR 

dB 

35.26 
28.80 
34.77 
36.10 

Entropy 

bits 

1.71 
3.05 
0.32 
0.39 

Table 4.5: Result of Multiresolution Real Sequence Experiment using Robust Tech­
nique 

Compensated image Compensated image 

20 40 60 50 200 250 300 350 

(a) The Suzie Sequence. (b) The Foreman Sequence. 

Compensated image Compensated image 

>3 
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(c) The Salesman Sequence. (d) The Taxi Sequence. 

Figure 4.12: Results of Experiments using Robust Technique. 
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Table 4.5 shows the measurement result. Figure 4.12 shows the motion field. The 

result of Foreman sequence shows the smoothed motion field with less PSNR value 

than our proposed model. Actually, results with lower PNSR and lower entropy 

value are expected. The result of Salesman sequence gives less PSNR value than 

our model. The result of Suzie and Taxi sequences give less PSNR values and lower 

entropy. We conclude that the robust technique also produces a comparable result 

to our model. 

We have explained that our model uses DA-MRF only in the smoothness term. 

It implies that the parameters involved are less than the robust technique. As we 

know that robust technique uses the robust functions for both the likelihood and 

prior terms. 

4.6 Conclusion 

This chapter introduces a novel optical flow model embedded with an adaptive inter­

action function (AIF) of Li [6] using the MAP-MRF continuous labeling framework. 

The AIF is a non-linear function and makes the smoothness prior adaptable to a 

motion vector and its surrounding. 

This proposed model uses the optical flow model that is proposed by Horn-

Schunck. Our proposed model calculates the local averages differently. The calcu­

lation has Li's discontinuity adaptive (DA) function. Since Li's DA-MRF model is 

employed here, the proposed model is derived using the MAP-MRF framework. So 

our model is a new optical flow model that preserves discontinuities and is described 

using the GMRF framework. From the literature survey, our proposed model is 

similar to that from robust statistics. 

To deal with the gradient based motion estimator, we need to develop a multires-

olution framework. This framework calls motion estimation algorithm to estimate 

every level of the multiresolution image. The result of the coarse level is the initial 

value for the finer level. 

From this experiment we identify that our model is adjustable under the variation 

of parameter values: standard deviation, a and AIF's parameter, 7. The expected 
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results from the given parameters are correct. 

We also add noise in the sequences. We notice that the algorithm produces 

motion field similar to those without noise. 
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Chapter 5 

Block Matching with Smoothness 

Prior Function 

In the previous chapter, we have discussed gradient based motion estimation and at 

the same time we have proposed the implementation of Discontinuity-Adaptive MRF 

to adjust the result of estimation. In this chapter, we apply the MRF model, the 

iterative minimization strategy and the Discontinuity-Adaptive MRF (DA-MRF) 

from the gradient based motion estimation to matching based motion estimation. 

We have a hypothesis that block matching based motion estimation also needs 

the smoothness prior knowledge in order to improve its performance to generate a 

"true" motion field. The meaning of the "true" motion field has been explained in 

the third paragraph of Chapter 1. This hypothesis has motivated our research and 

the correctness of the hypothesis is shown in this chapter. 

As we know that block matching algorithm is a simple approach for motion 

estimation. It is the reason that it has been used for many practical purposes. It 

serves to initialize the different kind of motion estimation algorithm [24,76]. It is 

also commonly used in several compression technologies such as H.263 for video 

phone and MPEG [77] for DVD. 

We found that the block matching algorithm just produces a motion field with 

the lowest error and in many cases it does not represent the correct motion of the 

object. Though it can be used by some compression algorithms, it cannot be used 

for other purposes such as moving object segmentation, old movie restoration, or 

71 
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in-between technique where a "true" motion field is required. Because of these we 

often design post-processing algorithms to adjust the motion field obtained from the 

block matching algorithm. 

In the context of implementing constraint into an algorithm, block matching 

implicitly assumes a smooth motion field. However it is not always enough to guar­

antee a good motion field, especially in the textureless areas. We hence introduce 

the explicit smoothness prior function to the motion field, which will be shown to 

be effective. 

To merge the smoothness prior function, several algorithms are designed in this 

chapter. So, our contributions are to design the block matching algorithm using 

• smoothness prior function, 

• discontinuity adaptive smoothness prior function, 

• smoothness prior function plus reduced block-size algorithm, and 

• smoothness prior function in multiresolution. 

They are described in a single MAP-MRF model with likelihood and prior functions. 

The design emphasizes on the use of smoothness prior functions and the role of 

initialization value. 

The experimental results verify the correctness of the hypothesis. If the result 

has shown an improvement that human perception can agree, the algorithm is ac­

ceptable. However, evaluating using human perception is said to be subjective. For 

example, the human perception suggests that the motion field must be available in 

the middle of large moving textureless area. Often, in those areas, the motion field 

cannot be generated by the conventional block matching. 

The PSNR value and the entropy value are also measured. The PSNR value may 

rise or fall affected by the algorithms and the image sequence. The entropy value is 

reduced for a smoother motion field. 

Section 5.1 describes the energy functions using the MAP-MRF framework. Sec­

tion 5.2 describes the problem and its solution. Section 5.3 shows the realization 

of the idea. Section 5.4 describes the proposed algorithms. Section 5.5 shows the 

experimental results. Lastly, Section 5.6 gives a conclusion. 
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5.1 MAP-MRF Framework 

We use the MAP-MRF framework to model the proposed approach. The framework 

has Equation 2.1 as the posterior probability. The likelihood probability can be a 

measure on the correlation between two frames di and dj_x and a motion field / . But 

researchers have added a certain test according to their assumption, for example: 

Heitz and Bouthemy [33] have involved an edge detector and a validity test of the 

motion vectors in the likelihood probability. Dubois and Konrad [32] have defined 

a prior probability using an occlusion field in the motion discontinuity model. Lim 

and Chong [76] have described the relationship between the occlusion and motion 

fields. 

Instead of using the probability, we can describe them as energy functions. We 

minimize this energy function to get an estimate of the motion field or the label, / . 

It is written as 

{/} = argrnin {Ud (di\f, d^) + XUf ( / | c U ) } , (5.1) 

where A is a weight. In this equation we have the likelihood energy function, Ud, 

related to the block matching algorithm, and the prior energy function, [//, related 

to the smoothness prior function. 

The conventional block matching algorithm can be considered as the maximum 

likelihood estimation in which the energy function has no prior knowledge. The 

energy function becomes 

{/} = argmin[/d (di\f, d»_i). (5.2) 

In detail, the Ud is the sum of difference value of blocks from image d, and image d^i 

which is shifted by / . In this model, the state of the motion field only reaches the 

minimum energy value. Meanwhile, each motion vector is not correlated to other 

motion vectors. As a frame of an image, the result often does not show that the 

object's movements are the same with the human perception. 

For an illustration, Figure 5.1(a) shows the result of the conventional block 

matching algorithm, which is chaotic and does not reflect the "true" motion. In 
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(a) Result of Block Matching Algorithm (b) Result of Block Matching Algorithm 
using Smoothness Prior Function. 

Figure 5.1: Motion Field Results. 

contrast, Figure 5.1(b) shows the result of the block matching algorithm with the 

smoothness prior function. The improvement toward a "true" motion is obvious. 

A noticeable single long motion vector which is shown on Figure 5.1(a) has been 

adjusted. The details of adding the smoothness prior will be introduced in the fol­

lowing sections. This observation is the basic reason that we propose our algorithm 

with both implicit and explicit constraints. In this figure, more iterations will further 

smooth the motion field. 

If we write the prior energy function in detail, then Uj becomes 

Uf(u, v) = J2 E iS («(*) - ti(«0) + 9 (v(s) - v(s'))) (5.3) 

ses s'eNs 

where s and s' are block sites, Ns is neighbors of block s, and (w(s), v(s)) is a motion 

vector. We can select g(rj) — rf for the prior function. During minimization, this 

prior energy functions will be in balance with the likelihood energy functions. 

However, if the need arises to preserve the discontinuity, we can implement the 

potential function as is shown in Equation 4.11. We can use this function if the 

result is already smooth and we need to enhance the discontinuity. If the condition 

is not met, the current non-smoothed motion field will be wrongly preserved. Next, 

we investigate the problems in the conventional block matching and its solutions. 
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5.2 Problem and Solution 

During the minimization process of the block matching algorithm, sometimes it is 

difficult to select a unique motion vector using only the lowest likehood energy. This 

is due to a condition that data or the feature of the region given to the algorithm 

were insufficient. In other words, they do not have the uniqueness. For one block, 

even if the uniqueness can be achieved and the "true" motion vector can be found, 

a slight noise may give a wrong result. 

Two improvements can be incorporated to increase the possibility for informa­

tion to be sufficient or to enable motion field to be unique. To make the sufficient 

information and the unique result, we may enlarge the block-size. This approach 

is considered as adding a stronger implicit constraint. However in some condition, 

this still may not be sufficient. Moreover, this approach needs more computational 

tasks. Another solution is to consider the smoothness constraint of neighboring mo­

tion vectors. The constraint is realized as the prior energy function. With both 

likelihood and prior energy functions, we have the posterior energy that is more 

probable to be unique. We illustrate this unique condition in Figure 5.2. The left 

figure shows several labels that have the same energy value. With the prior energy 

function the energy value for those labels are modified. This condition is shown in 

the right figure. This approach is considered as adding an explicit constraint. The 

advantage of this approach is the interaction between neighboring vectors. From the 

left to the right figures, Figure 5.3 shows: a motion field when the block matching 

with a certain block-size is insufficient to produce a good estimation; a motion field 

when the large block-size in the overlap block matching is still insufficient; a motion 

field in which the prior energy function has tremendously changed the state of the 

motion field into an acceptable state. 

After we have recognized that imposing the explicit constraint brings a better 

result, we need to decide the weight of the smoothness prior function. The weight 

is an important parameter that will affect the smoothness of the result as is shown 

in Figure 5.4. The best weights are in the area where the balance between the 

likelihood and prior function are maintained. Every pair of images has its own good 

weight. It is also for each specific resolution. 
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Figure 5.2: Prior Energy to Solve Uniqueness Problem. 
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Matching Algorithm. 
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Figure 5.5: Weight vs PSNR/Entropy 

Currently we use a diagram to roughly showing the area that we can select as 

a good weight. The diagram, weight versus PSNR/Entropy, is shown in Figure 5.5. 

The diagram identifies the peak that gives the highest value of PSNR and the lowest 

value of Entropy. For example, in that figure, it shows that the value between 1 to 

10 is favorable for this image. 

5.3 Realization 

In the previous sections we have explained the problem in the conventional block 

matching algorithm. After we have redesigned the block matching model to solve 

the pointed problem, our current step is to design a complete system and verify our 

solution through various experiments. The complete system consists of an initial­

ization procedure, a type of the minimization technique, and procedures to reduce 
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the computational complexity. 

We initialize the motion field with the result of the full search block matching 

algorithm. We choose the full search block matching algorithm because the hardware 

solutions are already available in the market. Our algorithm can be an extension of 

it. 

We adopt Iterated Conditioned Mode (ICM) to minimize the energy and search 

the motion vectors because ICM is fast in execution and easy to implement. How­

ever, as a local minimization technique, the result depends heavily on the initial 

values. The result will be very different if we initialize the algorithm with zero val­

ues. Moreover it might not develop a motion field during the iteration because of the 

imposed smoothness. This shows the importance of the initialization or deficiency 

of the ICM algorithm. 

Besides initialization and minimization technique, we have to reduce the com­

putation complexity by 

• keeping the likelihood values in memory for use later and 

• calculating the likelihood values using the smallest block-size. 

Keeping all calculated likelihood energy values in memory, so that further com­

putations can refer to it again, reduces the computational cost. Those values are 

available when we compute the full search block matching algorithm. When a block 

matching algorithm finishes the calculation of the likelihood energy and finds the 

best candidate vector, we usually keep only the best candidate vector and delete all 

other calculated likelihood energy values. In our algorithms, we need to keep those 

values. We illustrate this procedure in Figure 5.6. In this block diagram, we can 

calculate the likelihood energy, followed by OPTIMIZATION A, which simply takes 

the label with the lowest energy as the desired motion vector. The process is the 

same as the conventional block matching. In this process the smoothness constraint 

is not constrained and the chaos of the motion field is often obtained. If we add the 

smoothness constraints, the result will be very different and more desirable. This 

can be fulfilled by OPTIMIZATION B, where the posterior energy, instead of like­

lihood energy, is minimized. For this purpose, we need to store all the likelihood 
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Figure 5.6: Comparison: Systems with and without Constraint. 
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Figure 5.7: Enlarging Block-Size. 

energy values in the memory before OPTIMIZATION B is carried out. 

Calculating the likelihood values using the smallest block-size provides a basis 

to obtain the values for the larger block-size. For example the summations of the 

difference values of four blocks with 8 x 8 block-size can produce a summation of 

the difference value of a block with 16 x 16 block-size. The illustration is in Figure 

5.7. 

5.4 Algorithms 

In this section we explain all the algorithms we proposed and used. We begin with 

the conventional and overlap block matching algorithm, then the proposed algo­

rithms: block matching with smoothness prior function algorithm, block match­

ing with discontinuity adaptive smoothness prior algorithm, block matching with 
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smoothness prior function algorithm plus reduced block-size, and multiresolution 

block matching with smoothness prior function algorithm. In the following sections, 

the explanations of each algorithm are arranged from the simple to the complicated 

one. 

Actually, in this chapter we are implementing the generic MAP-MRF model that 

makes us easier to transfer the techniques found in gradient-based approaches to the 

matching-based. In our case, the smoothness prior function and the concept of dis­

continuity adaptive MRF, the multiresolution strategy can be seamlessly transferred 

to the block matching algorithm. 

We illustrate the relationship of those algorithms in a block diagram shown in 

Figure 5.8. In the block diagram, the block INIT and LIKELIHOOD VALUES 

are the results of the conventional block matching algorithm or the overlap block 

matching algorithm. The block INIT can be chosen from a different resolution as in 

the multiresolution scheme. While the smoothness prior function needs the CAL­

CULATE PRIOR VALUE block to calculate the function, the OPTIMIZATION 

PROCESS block iteratively updates the state of the motion field. If a discontinuity 

adaptive function is required, the KERNEL is given with a different configuration. 
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5.4.1 Conventional and Overlap Block Matching 

The conventional block matching algorithm uses full search strategy to estimate the 

motion field. This search strategy generates the likelihood values for all candidate 

labels and the motion field. The purposes of using this algorithm are: 

• to calculate all likelihood values, 

• to initialize the proposed algorithm using its estimation result. 

Both data must be saved for further processing in the proposed algorithm. 

Because conventional block matching has no preferences of the result, often the 

result is chaotic. Several conditions are given in the procedure to reduce the chaos. 

For example, if the likelihood values are equal for all the candidate vectors then we 

prefer the vector equals (0,0). Besides that, the candidate vectors computed first 

may have higher preference than those computed last. 

One of the reasons for using the full search strategy is the need of likelihood 

values for the proposed algorithm. Full search strategy is used to calculate the 

values for all candidate labels. So, those values must be kept in a memory. The 

minimization process of the proposed algorithm refers to this memory everytime it 

needs to know the likelihood value. For QCIF image, there are 22 x 18 = 396 blocks, 

with 8 x 8 block-size and a search area of ±16. It needs 3D-memory 33 x 33 x 396 

units to store the likelihood values. 

The estimation result from the overlap block matching algorithm is used to 

compare our proposed approach. The overlap block matching algorithm calculates 

the likelihood values using a larger block-size of 16 x 16. In this way more area of 

pixels is under consideration. As a result, we need more computation time. This 

technique may increase the smoothness of the motion field. 

5.4.2 Block Matching with Smoothness Prior Function 

In the conventional block matching, the likelihood function is the only data source 

to find the best label. However, our proposed model, a block matching with the 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



5.4. Algorithms 82 

BLOCK 
FROM 

FRAME A 

BLOCK 
FROM 

LIKELIHOOD 

ALL 
POSSIBLE 

first phase 

CANDIDAT 2S 

LABEL 
GENERATOR 

Block Numbt 

VALUE & LABEL (V & L) 

TABLE 
(MEMORY) 

Value 

Label 

OPTIMIZATION 

A 

j 

second phase 

PRIOR 
V & L 

LABEL 
GENERATOR 

t 

OPTIMIZATION 

B 

SOME 
POSSIBLE 
CANDIDATE 

1 
+/- DELTA 

Index 

Figure 5.9: Functional Block Diagram for Block Matching with Smoothness Prior 
Function Algorithm. 

smoothness prior function algorithm, calculates posterior values by adding the like­

lihood and prior energy values. 

The block diagram in Figure 5.9 shows the functional blocks of this algorithm. 

A label generator generates all possible candidate labels from which the likelihood-

block calculates the likelihood values. The table or memory keeps all the calculated 

value for all sites in a frame. The optimization-A block gives the first motion field. 

This motion field is considered as a product of optimization with the minimum 

likelihood energy. This first phase is the same as a conventional block matching, 

except all likelihood energy data are stored in the memory. In the second phase, the 

prior-block modifies labels from the first phase with small delta values and it also 

calculates the prior-value. The optimization-B block gives the final motion field. 

This is considered as a product of optimization with minimum posterior energy. 

In the second phase, we introduce several candidate vectors with values around 

the current vector into the optimization algorithm. The calculated new prior energy 

values are based on the several candidate vectors. For example, Figure 5.10 shows 

candidate vectors from the center vector (2, —1), where the prior energy values are 

calculated. From there the energy leads it to another vector (1 , -2) . After we add 

them with the likelihood energy values, we get the posterior energy values. The 

minimization process finds a motion vector with the lower posterior energy value. 

One of the differences between this algorithm and the conventional block match­

ing is a step that we have to keep the likelihood energy values indexed by its labels 
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Figure 5.10: Iterative matching procedure, where (1, —2) is found. 
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Figure 5.11: Initialization and Process of Smoothing the Motion Field 

whenever a block matching is executed for a block. Without this step, the iteration 

procedure is a costly task. After all the blocks have been visited, we have a motion 

field. We then enter into the post-processing algorithm to update the motion field. 

This is illustrated in Figure 5.11. The post-processing algorithm minimizes the new 

posterior energy values and gives the final motion field. 

We also have to consider the number of iterations. The number must give a 

possibility for the algorithm to reach the desired distance from the current motion 

vector value. For example, if a candidate vector is around ±delta value from the 

current vector value, the maximum distance from that value is multiplication of the 

number of iterations with a ±delta. 

Figure 5.12 illustrates typical progress of PSNR during a minimization process 

of the Suzie sequence. This figure is from the experiment using a 8 x 8 block-size. 

During the first few steps the PSNR drops then it rises and reaches the oscillation 
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Figure 5.12: Progress of PSNR 

state. The initialization from the block matching always gives high PSNR. If a 

motion vector that has a high match is wrong in the evaluation which is influenced 

by the smoothness prior function, the motion vector will change its state. During 

this change, the balance between the likelihood and the prior energy functions is 

in progress. If the balance has been reached, the minimization process enters the 

oscillation condition. The main reason for the oscillation is the integer type of the 

motion vector. We had observed that these behaviors vary although they have the 

same trend. 

5.4.3 Block Matching with Discontinuity Adaptive Smooth­

ness Prior Function 

The algorithm is similar as the block matching with a smoothness prior function in 

Section 5.4.2. The difference is on the smoothness prior function. Instead of rf we 

use the Discontinuity Adaptive (DA) potential function. The DA potential function 

has been written in Equation 4.11. The purpose is the same as in the previous 

chapter, to preserve discontinuity. 

Similar to the previous section, this algorithm relies on the initial values and if 

the initial values are already in chaos, the DA potential function will blindly preserve 

the error of the initial values. It mistakes some obviously wrong initial values as 

edges of motion field and preserve them. Hence one suggestion is to use this DA 

poor-Buzie 

| *• Post-proceaa with prior") 
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potential function after a smoothed motion field has been developed. In this way we 

reduce the smoothness and this results in a better motion field for a certain area. 

5.4.4 Block Matching with Smoothness Prior Function plus 

Reduced Block-Size 

The experiments for the algorithm in the Section 5.4.2 have shown that most of the 

PSNR values are higher if we use a smaller block-size than one with a larger block-

size. But a meaningless motion field may be present. For example, the condition 

that the vectors matched to the locations where they have the smallest energy values 

may not be correct. This condition is called local minima. To take advantage of this 

fact that block matching using a larger block-size often gives a reasonable motion 

field, the process of minimization using 8 x 8 block-size could be initialized by the 

result of minimization using 16 x 16 block-size. 

Such a process with two types of block-sizes can be deemed as transferring 

smoothness of a motion field from the implicit to explicit constraint. , i.e., a block 

matching with the smoothness prior using 16 x 16 block-size, i.e., a block matching 

with the smoothness prior using 8 x 8 block-size. This is possible because of the 

smoothness term in the energy function. 

Usually the motion field obtained by conventional block matching with 8 x 8 

block-size is not good, as is shown in Figure 5.3(a). The improvement of the result is 

limited even when the block-size is extended to 16 x 16 in the overlap block matching, 

as is shown in Figure 5.3(b). However we can improve the result effectively if (i) the 

initial values are provided by conventional block matching with 16 x 16 block-size 

and (ii) the smoothness prior knowledge is forced in the motion field. 

To run this algorithm, first of all, we need the calculated likelihood values from 

the conventional block matching algorithm with several types of block-sizes. Sec­

ondly, the algorithm is initialized with the result of block matching algorithms using 

the larger block-size. Thirdly, we continue with the minimization process. Lastly, 

we use a smaller block-size for another minimization process. The flowchart of this 

procedure with two block-sizes is shown in Figure 5.13. If it is needed, we can design 

an algorithm with more than two block-sizes. 
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Figure 5.13: Flowchart of Re-Sizing Block-Size Algorithm. 

5.4.5 Multiresolution Block Matching with Smoothness Prior 

Function 

In the previous section, we discussed the block matching with a smoothness prior 

algorithm. That algorithm uses a single image size for all steps: the initialization 

and minimization steps. We notice that if we reduce the block-size from 16 x 16 to 

8 x 8 , then the total number of blocks is increased by four times, e.g. 11 x 9 = 99 

to 22 x 18 = 396. If we do a full search for these blocks, we need more computation 

time. Because of this reason, we need to design a multiresolution scheme. 

Our multiresolution scheme is shown in Algorithm 3. This scheme may put our 

motion field into the different state compared to the result of the other algorithms. 

As a result, the PSNR and entropy value are achieved differently. The multireso­

lution scheme calculates a full search algorithm for a smaller image size then it is 

followed by the minimization process on the same image size. The motion field is 

propagated to a higher resolution image before the minimization process refines it. 

Figure 5.14 illustrates the differences between "Block Matching with Smoothness 
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Algorithm 3 Multiresolution Block Matching Algorithm with Smoothness Prior. 
1. Build multiresolution images. 

2. Do full search block matching at the lowest image resolution. 

3. Do minimization using a posterior energy function at the current image reso­
lution. 

4. Propagate the motion field into higher image resolution. 

5. Do minimization using a posterior energy function at the current image reso­
lution. 

Single Resolution Process 

Searching Area 

16x16 

Full Search 

and 

Iterative Minimization 

(a) 

Multi Resolution Process 

s Full Search 

8x8 ""<> 

terative Minimization 
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Figure 5.14: A Comparison between Single and Multiresolution Processes. 

Prior plus Reduced Block-Size Algorithm," and "Multiresolution Block Matching 

with Smoothness Prior Function Algorithm". Figures 5.14 (a) and (b) show two 

steps of the first algorithm. The first algorithm uses all the pixels to find the motion 

field. The second algorithm uses less pixels to find the motion field. Figures 5.14 

(c) and (d) show two steps of the second algorithm. Moreover, the second algorithm 

still uses an integer type motion field as the first algorithm. So the multiresolution 

part gives rougher estimation than the first algorithm. However, if the minimization 

process in the high resolution can recover the rough estimation, it would be good. 
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5.5 Experimental Results 

In the experiments, we use two synthetic sequences: the Peak and Yosemite se­

quences, and four real sequences: the Suzie, Foreman, Salesman and Hamburg Taxi 

sequences. All sequences comprise the QCIF 176 x 144 pixels images. For all exper­

iments, the motion fields are of an integer type. 

The strategies and summaries of the experiments and results are presented here. 

5.5.1 Strategies and Summaries 

Our experiments examine motion estimation algorithms from the conventional block 

matching algorithm to the more complicated ones. The list are: 

• Conventional block matching using block-sizes of 16 x 16 and 8x8, respectively; 

• Overlap block matching using block-size of 16 x 16 for the calculation while 

block-size of 8 x 8 is for the result; 

• Block matching with smoothness prior energy function using block-sizes of 

16 x 16 and 8 x 8 , respectively; 

• Block matching with discontinuity adaptive smoothness prior energy function 

using block-sizes of 16 x 16 and 8 x 8 , respectively; 

• Block matching with smoothness prior energy function plus reduced block-size; 

• Multiresolution block matching with smoothness prior energy function. 

There are a total of six experiments. 

5.5.1.1 Conventional and Overlap Block Matching 

Here we compare the result of block matching using block-sizes of 16 x 16 and 8 x 8 . 

We observe that: 

• PSNR value increases if the block-size is reduced, 

• Entropy value increases if the block-size is reduced, 
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• More incorrect motion vectors appear when we use a smaller block-size. 

This shows that one of the problems is the lack of information for a smaller block-

size. This has been mentioned before in the problem and solution section. However 

a smaller block-size means a finer motion field, which is often desired. 

Because the lack of information is considered as the problem, the simplest ap­

proach tries to overcome it by overlap block matching. The result of overlap block 

matching algorithm shows: 

• The motion fields are smoother than conventional block matching using 8 x 8 

block-size, 

• The PSNR and entropy values are roughly between the results of conventional 

block matching using block-sizes of 16 x 16 and 8 x 8 . 

In this experiment, we show all the compensated images and their motion fields for 

block-sizes o f l 6 x l 6 , 8 x 8 and the overlap scheme. 

5.5.1.2 Block Matching with Smoothness Prior Function 

We first use the conventional block matching algorithm for motion estimation, then 

it is followed by our block matching with the smoothness prior algorithm. We show 

the result as a compensated image with the motion field overlaid on top of it. 

The setting of conventional block matching is listed here. The search strategy is 

the full search type. The search area is from a location shifted by (—16, —16) to a 

location shifted by (+16, +16). Two block-sizes, 16 x 16 and 8 x 8 have been chosen. 

Block matching with smoothness prior algorithm uses {—2,-1,0,1,2} as the 

delta values. In each iteration, these values are to be added to the current value to 

create new candidate vectors. 

The likelihood and prior energy values are normalized. The prior energy is 

calculated from the total square difference between the center and each of the four 

neighbor vectors. The weight for likelihood energy is 1. 

We deduce that the block matching with smoothness prior function can produce 

smooth motion field without too much sacrifices on the PSNR values. 
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5.5.1.3 Block Matching with Discontinuity Adaptive Smoothness Prior 

Function 

All the experiments in the block matching with smoothness prior function use the 

quadratic function. This experiment shows a result from the block matching algo­

rithm with a discontinuity potential function as its smoothness prior. We have set 

the parameter of discontinuity function 7 = 10 and have used the same observa­

tion weight as those with the quadratic function. In this way, the results can be 

compared. 

Some of the results show that the energy values have maintained the same PSNR 

value, while some of the motion vectors have been modified. The experiment shows 

the importance of the initial value. The discontinuity adaptive potential function 

keeps the discontinuity of the initial data. This suggests that the discontinuity 

adaptive smoothness prior energy function can be executed only after the smoothness 

of the motion field has been reached. 

5.5.1.4 Block Matching with Smoothness Prior Function plus Reduced 

Block-Size 

In this experiment, the results of the block matching algorithm in which block-sizes 

of 16 x 16 are used for initialization. We found that the result is smooth, although 

at the last stage the block-size is 8 x 8. In this case initialization takes a major role 

to shape the motion field, although we use the same energy functions and algorithm. 

We conclude that the algorithm propagates the smoothness achieved using a 

larger block-size to a smaller block-size. The smoothness of the motion field that is 

propagated is what we desire. So we can still get smooth motion field using smaller 

block-size. 

5.5.1.5 Multiresolution Block Matching with Smoothness Prior Func­

tion 

We use two image resolutions, a quarter QCIF image and a QCIF image for these 

multiresolution experiments. The procedure involves several steps. First, an image 

sequence is re-sized to a smaller image. Second, full search motion estimation is 
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executed using 8 x 8 block-size with a search area of ±8 on that image. Third, a 

minimization process is executed. The result is propagated to a larger image size 

using bilinear transforms and is followed by the minimization process at that level. 

The experiment results for each step are presented in the sections below. 

5.5.2 Parameter Setting and the Influence of Explicit Smooth­

ness 

As a complete model, the weight, A of Equation 5.1 must be set. The value can be 

centered at value 1 as the balance value. It works if the values from likelihood and 

prior functions have been normalized. 

Figure 5.15 reports the weight vs PSNR, Entropy, and PSNR/Entropy from their 

respective image sequences. The weight value ranges from a small value of 0.001 to 

a large value of 1 or 100. If the weight value is 0.001, then it is similar to the result 

of conventional block matching in which the best PSNR is achieved. If the weight 

value is 1, then the result will be very smooth or reaches a critical area where any 

motion vector can give a similar energy value. The majority of figures indicate that 

the PSNR and the Entropy value decreases when the weight value is increased. 

We can check the compromise between PSNR and Entropy with: 

r, • PSNR 
Ratio = — , (5.4) 

Entropy* 

where K is to modify the strength of entropy influence. This modification is useful 

because for some sequences they cannot produce a ratio with the peak that we desire 

(The AC is set to 1,0.1 or 0.01 according to the shape of entropy). The peak from 

the ratio points to the weight that can give high PSNR and low entropy value. This 

ratio is an illustration to our hypothesis that we need both implicit and explicit 

smoothness to achieve a good estimation result. So, in every image sequence, we 

have a weight value that deliver the reasonable compromise of the two types of 

smoothness. From our synthetic sequences the weight values are near 0.01. From 

our real image sequence experiments, the weight value is roughly near 0.1 for the 

Suzie, Foreman and Salesman sequences and 0.01 for the Taxi sequence. 
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Figure 5.15: PSNR, Entropy and PSNR/Entropy vs Weight. 
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(a) Suzie Sequence (b) Foreman Sequence 

weight weight 

(c) Salesman Sequence (d) Taxi Sequence 

Figure 5.16: PSNR, Entropy and PSNR/Entropy vs Weight (cont.). 
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Conv. BM 
Overlap BM 

Prior 
Discontinuity 

Reduced 
Red. & Disc. 

Multiresolution 

PSNR (dB) 
16 
rx-' 

-

86.15 
86.15 

-

-

-

8 
rsj 

r s ^ 

80.17 
80.17 
92.17 
92.17 
48.74 

Entropy (bits) 
16 

2.53 
-

2.52 
3.63 

-

-

-

8 

2.50 
2.46 
2.65 
3.92 
2.63 
3.83 
4.01 

AAE/SD 
16 

0.54°/2.33° 
-

0.54o/2.33° 
5.2676.90° 

-

-

-

8 

1.5878.39° 
1.19°/7.21° 
1.58°/8.38° 
1.10°/6.54° 
0.54o/2.33o 

5.250/7.94° 
15.42°/22.16° 

~ is infinite, — is not available 

Table 5.1: PSNR, Entropy and Angular Error for the Peak Sequence. Notes: Con­
ventional (Conv.), Discontinuity (Disc), Reduced (Red.), Average Angular Error 
(AAE), Standard Deviation of the Angular Error (SD). 

At this stage, the ratio measure is only used to show that the explicit smoothness 

is helpful when a compromise between PSNR and Entropy is desired. However, 

quantitative analysis of the properties of the ratio measure will be more useful and 

will be studied further in the future research. 

5.5.3 Results 

This section lists all the results and the implication of each result. The implica­

tions are divided into three groups: the conventional and overlap block matching, 

the block matching with smoothness prior function, and the multiresolution block 

matching with smoothness prior function. 

5.5.3.1 Peak Sequence 

Table 5.1 shows all the experimental results for the Peak Sequence. The PSNR 

values are high because it is a synthetic sequence with a floating point type. 

This sequence is generated by peak.m, a function from MATLAB. The second 

image is shifted by vectors (3, 4) pixels from the first image. The value of the vectors 

become ground truth. This is a whole frame movement. Because the majority of 

pixel intensities are zero, many parts are considered static and they have no motion 

field. 
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Figure 5.17: Results of Experiments for the Peak Sequence. 

Conventional and Overlap Block Matching Figure 5.17 shows the motion 

field of the conventional block matching using different block-sizes and the overlap 

block matching. Several incorrect motion vectors are found, especially near the edge 

of the image frame in all of the results. The result of overlap block matching shows 

its inadequacy to improve the quality of the result. 

The AAE for the 16 x 16 block-size is smaller than the AAE of 8 x 8 block-size. 

This condition is expected because large block-size increase implicit smoothness. 

For the experiment using 8 x 8 block-size, the overlap block matching has a smaller 

AAE than the conventional one. 
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Block Matching with Smoothness Prior Function Figure 5.18 shows the 

smoothing results from three different algorithms. The block matching algorithm 

using quadratic smoothness prior function gives a smoother result than the other 

algorithms. The block matching using discontinuity adaptive smoothness prior func­

tion preserves the discontinuity, so the result is different from the previous algorithm. 

It shows the effectiveness of the discontinuity function. For the block matching using 

smoothness prior function plus reduced block-size, the result shows the progress of 

adjusting the motion field on the seventh iteration. A longer iteration produces a 

similar result as the block matching using quadratic prior function. 

In this sequence, the minimization technique modifies the motion field so that it 

is smooth for the whole frame. The motion vectors have the same likelihood value 

because it is a whole frame movement. In this condition, the prior energy value 

takes a role as a driving force to adjust the motion field. 

The progress of PSNR values during the iteration can be explained as following. 

First, a motion vector reduces its length if its neighbors have smaller motion vectors. 

In effect it reduces the PSNR value. But after the second iteration, the likelihood 

energy value becomes dominant and it modifies the motion vector for lower energy. 

It progresses until the end of the iteration. The Entropy value increases after using 

the prior function, because the vectors are varied by the function. The PSNR value 

is also decreased. 

The AAE value of experiment using discontinuity is smaller than the one using 

square smoothness model. The discontinuity function may choose better vectors in 

this condition. 

Multiresolution Block Matching with Smoothness Prior Function Figure 

5.19 shows the result of conventional block matching, the result of the propagation 

between the resolution levels and the result after the minimization process on the 

low and high resolutions. Many wrong motion vectors are produced by the full 

search strategy. The minimization process slightly reduces the number of wrong 

motion vectors. The compensated image at high resolution image has an PSNR of 

48.74 dB. The AAE value has the highest value than the other models. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



5.5. Experimental Results 97 

40 

60 

00 

20 

40 

• 

• • 

Result of poet-minim-with 

• 

prigr-peak-16 Irom Iteration no. 10 

•B • 

• • • • 

i-with-prior-peak-8 Irom Iteration no. 20 

N >» %̂ >* "* j * ~ * | * k S. V. *~^ 

-s . |» |» » s ~ » L j» •» •» i~e~i~ 
- ; L l » *» —» t» L s s ~ > ~ s -

20 40 60 00 100 120 140 180 20 40 60 80 100 120 140 100 

(a) Using Prior Function for Block-Size (b) Using Prior Function for Block-Size 
of 16 by 16 of 8 by 8 

Result of poat-mimm-wiih-diaoont-prior-peak-16 from iteration no 10 

B • a i • 

i , 

• • 
3 • 

i 

Result of post-mnim-with-discont-pf ior-peak-8 from iteration no. 20 

- t ST~ \ •» \ IS "\ [N~ -V •» S | \ "\ IS IS \ \ 

r̂ r~ — s ~ \ k '•> *> s-T-v L >, L L , .. . 
x |> |» |» |» >» r- —» L s. s, —r -» L s L l ~ ^ ^ 

20 40 60 100 120 140 20 40 60 00 100 120 140 100 

(c) Using Discontinuity Adaptive (d) Using Discontinuity Adaptive 
Smoothness Prior Function for Block- Smoothness Prior Function for Block-
Size of 16 by 16 Size of 8 by 8 

Result of poet-mtnim-wltn-prior-ra*tzing-peak-16to0 from iteration no 17 Result of post-minim-w(th-di9cont-prior-peak-16to8 from iteration no 7 

20 40 60 00 100 120 140 180 20 40 60 80 100 120 140 1ft 

(e) Using Smoothness Prior Function (f) Using Discontinuity Adaptive Prior 
plus Reduced Block-Size Function plus Reduced Block-Size 

Figure 5.18: Results of Experiments for the Peak sequence, (cont.) 
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Figure 5.19: Results of Multiresolution Block Matching with Smoothness Prior Func­
tion for the Peak Sequence. 

This type of matching is for a speed reduction. The results are usually lower in 

quality. 

5.5.3.2 Yosemite Sequence 

Table 5.2 shows all the experimental results for the Yosemite Sequence. The yosemite 

motion field is around one or two may not be good enough to be used here because 

the vectors are an integer type. The PSNR values are high because we do not process 

the images using filters, and the pixel values are a floating point type. The AAE 

values are high because we use integer type of vectors. 
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Conv. BM 
Overlap BM 

Prior 
Disc. 

Reduced (Red.) 
Red. & Disc. 

Multiresolution 

PSNR (dB) 
16 

77.64 
-

76.24 
76.26 

-
-
-

8 

77.90 
77.85 
77.93 
76.57 
76.30 
76.30 
75.57 

Entropy (bits) 
16 

2.19 
-

1.84 
1.59 

-
-
-

8 

2.14 
2.10 
2.27 
1.73 
1.86 
1.85 
2.42 

AAE/SD 
16 

55.60°/47.28° 
-

55.62°/47.28° 
55.62°/47.28° 

-
-
-

8 

36.42°/32.41° 
37.42°/32.97° 
36.42°/32.41° 
36.42°/32.41° 
39.06°/26.81° 
39.06°/26.81° 
57.29°/36.23° 

Table 5.2: PSNR, Entropy and Average Angular Error for the Yosemite Sequence. 
(Notes: Conventional (Conv.), Discontinuity (Disc), Average Angular Error (AAE), 
Standard Deviation (SD) 

Conventional and Overlap Block Matching Figure 5.20 shows the motion 

field after we processed the yosemite sequence. We do not use the cloud as is 

suggested by Black. The matching function produces an odd result in the empty 

area shown by a long motion vector. 

The AAE values of 8 x 8 block-size experiment is better than the 16 x 16 block-

size. The overlap block matching experiment produces high AAE error. The reason 

is that the vectors of yosemite sequence are always different between neighbors. 

Block Matching with Smoothness Prior Function The prior and disconti­

nuity model cannot produce a further improvement, because the pixels use floating 

point types and the candidate vectors are limited to integer values. The improve­

ment we notice is the unavailable error motion vectors in the black background area 

using DA model experiment as is shown in Figure 5.21. It was the cloud area. The 

improvement of the PSNR value using prior function is minor. The AAE value has 

no improvement. 

Multiresolution Block Matching with Smoothness Prior Function The 

problem in the multiresolution framework for the yosemite sequence is the small 

motion vectors. The multiresolution framework relies on the lower resolution for its 

initialization. Figure 5.22 shows the results. We can see the influence of the prior 

function in (b) and (d). The reasons for the small motion vectors that do not appear 

are that prior energy values are less than likelihood energy values. 
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Result of blockmatchirig-yos-16 Resullof blockmatctiing-yos-8 

20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160 

(a) Block Matching for Block-Size of 16 by (b) Block Matching for Block-Size of 8 by 8 
16 

Result of overlap-blockmatch.ing-yosemite-8 

20 40 80 100 120 140 160 

(c) Overlap Block Matching 

Figure 5.20: Results of Experiments for the Yosemite Sequence. 
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Result ol po»l-minim-wilh-prior-yo8omito-16 from Result ol rx>alwr>inirn-wilh-pnor-yoeemite-8 from iteration no. 7 

20 40 60 

(a) Using Prior Function for Block-Size (b) Using Prior Function for Block-Size 
16 by 16 8 by 8 

Result of post-minim-with-priof-<Jteoont-yo*emito-l6 from iteration no. 17 Result ol post-mirvm-with-prior-disoorit-yoeerrfto-S from iteration no. 17 

20 40 60 80 100 00 120 140 180 

(c) Using Discontinuity Adaptive (d) Using Discontinuity Adaptive 
Smoothness Prior Function for Block- Smoothness Prior Function for Block-
Size 16 by 16 Size 8 by 8 

Result ol pc«t-n^nirn--with-prtor-re*z!ng-yoeemite-16to8 from itoratton no. 7 Reeult of deoont-reduoed-yoeemHe-16to8 from iteration no. 7 

20 40 60 80 100 120 140 20 40 60 80 100 120 140 160 

(e) Using Smoothness Prior Function (f) Using Discontinuity Adaptive Prior 
plus Reduced Block-Size Function plus Reduced Block-Size 

Figure 5.21: Results of Experiments for the Yosemite Sequence, (cont.) 
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Result of Multiresolution-yoa 

1 H ^ ? ^ k S 

w 
I \ 

t i 

1 

_ 
IH^Lttfl^U 

q^j[ 

Result of Multiresolution-yos from iteration no. 3 

10 20 30 40 50 70 80 10 20 30 40 SO 60 70 80 

(a) After Full Search (b) After Minimization Process 

Result of Multj resolution-yoe after propagation to higher resolution Result of Multiresolution-yos from iteration no. 17 

J 

l y i 

sL§' 
mm ' 
vm 

m Ufa i 

: - » : : : : :̂̂ §t 
> > > . . . \ \ x r r r 

1 i Tfili iS til'.. , • IT HtdpPwdl " 'fiti 
•; - I t i f l ! F-^Rfl ' 20 40 60 80 100 120 140 160 20 40 60 

(c) The Result of Propagation (d) After Minimization Process 

Figure 5.22: Results of Multiresolution Block Matching with Smoothness Prior for 
the Yosemite Sequence. 
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Conventional BM 
Overlap BM 

Prior 
Discontinuity 

Reduced 
Reduced &; Discontinuity 

Multiresolution 

PSNR (dB) 
16 

36.49 
-

36.52 
36.52 

-

-

-

8 

37.14 
37.09 
37.12 
37.12 
36.94 
36.82 
33.31 

Entropy (bits) 
16 

2.53 
-

2.53 
2.53 

-

-

-

8 

2.81 
2.54 
2.82 
2.82 
2.31 
2.31 
1.55 

Table 5.3: PSNR and Entropy for the Suzie Sequence 

5.5.3.3 Suzie Sequence 

Table 5.3 shows all the experimental results for the Suzie Sequence. 

Conventional and Overlap Block Matching Many movements with a differ­

ence of 90° and having good textures appear in the Suzie Sequence as shown in 

Figure 5.23. A smooth motion field is found in the result from the algorithm that 

uses the 16 x 16 block-size. Using the 8 x 8 block-size gives us more incorrect mo­

tion vectors. The result with overlap block shows a better motion field than the 

conventional one. 

Block Matching with Smoothness Prior Function Figure 5.24 shows all the 

results of the algorithms with smoothness prior function for the Suzie sequence. 

Block matching with quadratic smoothness prior function increases smoothness of 

the motion field by adjusting its length and orientation. So it gives a better result 

than the conventional one. For the one with the DA prior function, several motion 

vectors on the cheek and chin are better than those obtained with the quadratic 

prior function. For block matching using the smoothness prior function plus reduced 

block-size, the motion field of the initial values influences the final result. 

Multiresolution Block Matching with Smoothness Prior Function Figure 

5.25 shows the result of conventional block matching, the result of propagation 

between resolution level and the result after minimization process in the low and 

high resolutions. The movement in this sequence is small. For some locations, 
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Figure 5.23: Results of Experiments for the Suzie Sequence. 
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Figure 5.24: Results of Experiments for the Suzie Sequence, (cont.) 
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Resull of Mullire»otulion-»uzieOOO-0<M Result of Mul t i rs*ohj t ion-MJzt«000-004 f rom iteration no. 3 

10 20 30 40 SO 60 70 80 10 20 30 40 50 60 70 90 

(a) After Full Search (b) After Minimization Process 

Resull o! Multireao1jiron-suz»000-004 after propegauon to higher reaoiulran Resull ol MulLresolution-su/ieCOO-004 from neraton no 10 

20 40 60 80 100 120 140 160 20 40 60 SO 100 120 140 160 

(c) The Result of Propagation (d) After Minimization Process 

Figure 5.25: Results of Multiresolution Block Matching with Smoothness Prior for 
the Suzie Sequence. 

the minimization process will remove wrong motion vectors. The slightly decreased 

PSNR value is expected. The compensated image on the higher resolution image 

has PSNR of 33.31 dB. This is the lowest PSNR, because the algorithm only gives 

small adjustment to the current motion vector. It stops at the local minima. 

5.5.3.4 Foreman Sequence 

Table 5.4 shows all the experimental results for the Foreman Sequence. 

Conventional and Overlap Block Matching Figure 5.26 shows the experiment 

with the Foreman Sequence. This sequence has long motion vectors. The helmet 
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Conventional BM 
Overlap BM 

Prior 
Discontinuity 

Reduced 
Reduced & Discontinuity 

Multiresolution 

PSNR (dB) 
16 

31.49 
-

31.38 
31.38 

-

-

-

8 
32.98 
32.14 
32.07 
32.03 
31.70 
31.72 
30.66 

Entropy (bits) 
16 

2.85 
-

2.84 
2.85 

-

-

-

8 

3.93 
3.17 
3.17 
3.17 
2.82 
3.01 
2.25 

Table 5.4: PSNR and Entropy for the Foreman Sequence 

has less texture. This area is prone to produce incorrect motion vectors. The rim 

of the helmet is where the different lengths of the motion vectors exist. The overlap 

block matching has removed some of the wrong motion vectors. 

Block Matching with Smoothness Prior Function Figure 5.27 shows the 

result for Foreman sequence. For this sequence, the algorithm decreases the PSNR 

values because of the influences of the smoothness prior. So, the algorithm is working 

as expected. Many improvements can be observed at the white helmet area which 

is textureless. We can see several improvements of the motion field on the face, the 

background and the helmet area. The one with the discontinuity adaptive potential 

function looks better. 

Multiresolution Block Matching with Smoothness Prior Function Figure 

5.28 shows the result of conventional block matching, the result of the propagation 

between resolution levels and the result after minimization process on the low and 

high resolutions. The compensated image at higher resolution image has PSNR of 

30.66 dB. 

5.5.3.5 Traveling Salesman Sequence 

Table 5.5 shows all the experimental results for the Salesman Sequence. 

Conventional and Overlap Block Matching This sequence, shown in Figure 

5.29, has several small moving objects and static background. This sequence is very 

interesting, because it has textureless area; it has a small box; and it has a blurred 
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Result olbm-totemanqcif148-149-16 Result of bm-toremanqcif148-149-6 

20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160 

(a) Block Matching for Block-size of 16 by (b) Block Matching for Block-size of 8 by 8 
16 

Result of bfn-loremanqcif148-149-8 

(c) Overlap Block Matching 

Figure 5.26: Results of Experiments for the Foreman Sequence. 

Conventional BM 
Overlap BM 

Prior 
Discontinuity 

Reduced 
Reduced & Discontinuity 

Multiresolution 

PSNR (dB) 
16 

33.46 
-

33.46 
33.48 

-

-

-

8 

35.60 
34.56 
34.95 
35.08 
36.21 
36.04 
34.83 

Entropy (bits) 
16 

0.65 
-

0.65 
0.62 

-

-

-

8 

1.01 
0.81 
0.84 
0.81 
0.65 
0.65 
0.45 

Table 5.5: PSNR and Entropy for the Salesman Sequence 
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Figure 5.27: Results of Experiments for the Foreman Sequence, (cont.) 
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(c) The Result of Propagation (d) After Minimization Process 

Figure 5.28: Results of Multiresolution Block Matching with Smoothness Prior for 
the Foreman Sequence. 
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Result ol blockmalching-civy009-010-16 
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(a) Block Matching for Block-Size of 16 by (b) Block Matching for Block-Size of 8 by 8 
16 

Result of blockmatching-crvy009-010-8 
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(c) Overlap Block Matching 

Figure 5.29: Results of Experiments for the Salesman Sequence. 

moving hand. The shadow on the table can trigger the generation of motion vector. 

The result of the overlap block matching experiment near the right face of the man 

shows a problem with the overlap block matching technique compared to the result 

of the conventional block matching. 

Block Matching with Smoothness Prior Function Figure 5.30 shows all the 

results of the algorithms with smoothness prior function for the Salesman sequence. 

Block matching using the quadratic smoothness prior function adjusts the motion 

field nicely, but matching with discontinuity adaptive produced a slightly higher 

Result of blockmatching-avy009-010-8 
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Conventional BM 
Overlap BM 

Prior 
Discontinuity 

Reduced 
Reduced & Discontinuity 

Multiresolution 

PSNR (dB) 
16 

34.75 
-

34.92 
34.92 

-

-

-

8 
36.46 
36.38 
35.93 
36.38 
35.90 
35.88 
36.03 

Entropy (bits) 
16 

0.89 
-

0.65 
0.65 

-

-

-

8 
2.51 
1.29 
1.78 
1.70 
0.65 
0.65 
0.95 

Table 5.6: PSNR and Entropy for the Taxi Sequence. 

PSNR value. Block matching using the smoothness prior function plus reduced 

block-size gives the highest PSNR value. 

Multiresolution Block Matching with Smoothness Prior Function Figure 

5.31 shows the result of conventional block matching, the result of the propagation 

between resolution levels and the result after minimization process on the low and 

high resolutions. As the moving object is smaller than the block-size, it is easily 

removed by the minimization process. The compensated image at higher resolution 

has PSNR of 34.87 dB. 

5.5.3.6 Hamburg Taxi Sequence 

Table 5.6 shows all the experimental results for the Taxi Sequence. 

Conventional and Overlap Block Matching In Figure 5.32, the Hamburg Taxi 

Sequence has many small-object movements, some with less than a pixel length. The 

taxi moves diagonally. They pose difficulties to our integer type algorithm. The dark 

color portions of the moving cars on the left and right sides give another problem. 

Some noise movement is also there. The overlap block matching result reduces 

wrong motion vectors and reduces the PSNR value. 

Block Matching with Smoothness Prior Function The movement in this 

taxi sequence is small. Figure 5.33 shows two small group of vectors on the left and 

the right of the image. In one step of the iteration the PSNR is improved. It remains 

at the same value because of the small movement. This algorithm is shown to be 
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Figure 5.30: Results of Experiments for the Salesman Sequence, (cont.) 
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Result of Multiresolution-cify009-010 Result of Multiresolution-cify0O9-010 Irom iteration no 3 
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Result of Mulliresolution-cify009-010 after propagation to higher resolution Result of Multiresolution-cify009-010 from iteration no. 10 
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(c) The Result of Propagation (d) After Minimization Process 

Figure 5.31: Results of Multiresolution Block Matching with Smoothness Prior for 
the Salesman Sequence. 
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Figure 5.32: Results of Experiments for the Hamburg Taxi Sequence. 
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effective, compared to the result of conventional block matching. It removes many 

false motion vectors. The PSNR progress has the same characteristic as the other 

sequences. The algorithm reduces the PSNR value from the beginning for several 

iterations before it increases the PSNR value. 

From this experiment we also conclude that by using larger block-size, the block 

matching algorithm produces a smoother motion field. 

Multiresolution Block Matching with Smoothness Prior Function Figure 

5.34 shows the result of conventional block matching, the result of the propagation 

between resolution levels and the result after minimization process on the low and 

high resolutions. The PSNR value of the compensated image is 35.82 dB for the 

higher resolution. This algorithm gives another state of the motion field with the 

lowest PSNR value. 

5.6 Conclusion 

The idea of bringing the MRF model from the gradient into the matching based 

technique has been proven to be a good approach to improve the quality of the 

motion estimation of the conventional block matching algorithm. Improving the 

quality of the motion field means promising higher level processes or applications. 

The proposed algorithm adjusts the motion field so that the correct motion field 

may be achieved. For the desired quality of the motion estimation, the PSNR may 

decrease, but at the same time it should reduce the Entropy value. These are simple 

metric tools to help our objective judgment of the motion field. 

One of driving forces to introduce this proposal is the availability of hardware 

for the conventional block matching algorithm. This might motivate the hardware 

designer to modify their design for higher level applications. Other driving force 

is the need to have a better initialization for the dense motion motion estimation 

algorithm. 

We hold the hypothesis that the generic motion estimation using GMRF model 

will provide a well defined model for block matching based motion estimation. 
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Figure 5.33: Results of Experiments for the Hamburg Taxi Sequence, (cont.) 
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Figure 5.34: Results of Multiresolution Block Matching with Smoothness Prior for 
the Hamburg Taxi Sequence. 
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Throughout the design and the experiments conducted, we are convinced that this 

is true. 

The contributions of the work in this chapter are as following 

• We introduced smoothness prior function to block matching algorithm. It was 

also shown experimentally that this smoothness prior function gives better 

results. To the best of our knowledge, this is the first investigation on mixed 

constraints in matching based motion estimation. 

• A measurement about usefulness of mixing the constraints using weight versus 

the PSNR/Entropy diagram is introduced. In all experiments using real image 

sequences, an optimal weight between 0.1 and 10 is evident. 

• We developed an algorithm to implement the idea of mixed constraints. Many 

factors are also considered in the algorithm to improve the source for data ini­

tialization such as the DA for the discontinuity adaptive function, the reduced 

block-size and the multiresolution. 

• Detailed comparison is made on synthetic image sequences as well as real 

image sequences. In all the comparisons, we found our approach gives better 

results than conventional block matching by the PSNR value, entropy value 

and visual inspection. 

• The local minimization using ICM plus good initial data is the desireable 

approach for this model. 

• The technique using the smoothness prior function plus reduced block-size has 

a better performance than the multiresolution algorithm where the candidates 

for lower resolution matching are integer pixel motion vectors. The integer 

value causes many unmatched motion vectors in the lower resolution level. It 

can be improved if the half-pixel motion vector is used in the same resolution 

level. This error is propagated to the higher resolution levels. Because the 

algorithm uses local minimization technique that relies on the initial value, 

the results differ significantly. 
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• The algorithms need extra memory to store the likelihood value but it reduces 

repeated computations for the minimization step. 

• The algorithms using smoothness prior function calculate the likelihood values 

using the smallest block-size. As a result, the likelihood values of larger block-

size can be obtained from the available likelihood values. 

The contributions are realized as the proposed algorithms after having a decision 

that the conventional and overlap block matching techniques are inadequate algo­

rithms to produce a good motion field. The main algorithm is the block matching 

with a smoothness prior function. This algorithm is shown to improve the result of 

motion estimation. With a suitable weight, A, this algorithm can give a high PSNR 

value with a low entropy value. This hypothesis is verified by the experiments using 

different weight A and we found a peak in the PSNR/Entropy ratio diagram. The 

location of the peak shows the preferred weight. 

The behavior of the algorithm is further modified by the discontinuity adaptive 

smoothness prior function. This algorithm preserves the discontinuity among the 

neighborhood motion field. In our experimental results, we show that this preserving 

behavior prevents disorder of the initial values of the motion field. We suggest that 

this discontinuity adaptive smoothness prior function be activated after a smooth 

motion field has been developed. 

The block matching using the smoothness prior function plus reduced block-size 

is tested. This is an experiment with the initial values. The initialization is from 

a large block size that makes the result smoother than block matching using only 

smoothness prior function. The results resemble the motion field from the large 

block-size with additional details. 

The last algorithm deals with a multiresolution strategy. This results in motion 

fields with most of them having lower PSNR value and lower entropy value than 

other algorithms. This result is triggered by the already smooth motion field from 

the lower resolution, so the motion field at the higher resolution has reached a 

certain smoothness, but the likelihood value is lower. We conclude that the result 

has reached another local minima. 
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From all the algorithms we have presented, the key algorithm is the block match­

ing with the smoothness prior function in which a simple quadratic equation is used. 

The other algorithms are variants of this key algorithm. 
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Chapter 6 

Block Motion Model for Optical Flow 

with Smoothness Prior Function 

Modifying and adding smoothness prior function into the established motion esti­

mation algorithm have been the main topic in this thesis. The combination between 

implicit and explicit smoothness has been explored in the previous chapter with the 

topic: the matching based algorithm for a block motion field. In this chapter, the 

gradient based block motion model [24,46] is analyzed and modified with the same 

objective as in the previous chapter. 

We expect an estimation result that would give us a "true" motion field by using 

this modified model. The meaning of the "true" motion field has been explained in 

the introduction. 

After the experiments, we conclude that the smoothness prior function can fulfil 

our expectation. The high value of PSNR that is desired combines with the low 

Entropy produces a unique motion field. Furthermore, the discontinuity function is 

also implemented to give us an improved result. 

We explain the MAP-MRF framework in Section 6.1 and the realization in Sec­

tion 6.2. Implementation of the model is given in Section 6.3. Section 6.4 reports 

all results. Finally, Section 6.5 gives a conclusion. 

122 
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6.1 MAP-MRF Framework 

The same MAP-MRF framework as in the other chapter is used. The posterior 

probability shown in the Equation 2.2 will have the best value if the motion field / 

can warp the image d;_i to image dj correctly. 

Given an image sequence, each image is divided into blocks. For each block, 

instead of the probability function, the energy function is used to model the motion 

estimation problem. So, the problem is written as 

Ufa di-il/) = U(f\di, d^x) + E(f). (6.1) 

As the desired estimation result is the "true" motion field, this modification gives a 

prior constraint to the motion field. The common constraint is smoothness. 

The Lucas-Kanade block motion model [46] uses implicit constraint for their 

equation. We will mention their equation as the likelihood energy function. So, in 

this case, the likelihood energy function is interpreted as a function of a block of 

optical flow equations: 

U(u, v\di, di-i) = ^2(dx(s)u + dy(s)v + dt(s))2, (6.2) 
sEB 

where (u, v) is the elaboration of / and dx, dy, and dt are image derivatives at 

each pixel in the block B, and s is the location of pixel. The image derivatives are 

calculated according to Horn-Schunck. From the result of our research presented in 

the previous chapter, the implicit constraint is not enough to produce the desired 

motion field. 

The explicit constraint to control the behaviors between blocks in a frame is 

added into the equation. This is called the prior energy function. So, the prior 

energy is a function of the difference between the center block and its neighboring 

blocks: 

W) = ||7-/||, (6-3) 

where / is the local average of neighboring blocks. Both energy functions are merged 

into one posterior energy function. 
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6.2 Realization 

Combining the likelihood and prior functions, Equation 6.1 becomes 

U(u, v\dh di-i) = ^2 (dx(s)u + dy(s)v + dt(s))2 + X(u - uf + X(v - v)2, (6.4) 
seB 

where A is the weight and B is the block. The equation can be solved in several 

ways. However, we use the partial derivative technique to solve this equation [24]. 

Computing the partials of the energy function respectively to u and v, and setting 

them equal to zero, we have 

Y,seB(d*(s)u + dy(s)v + dt(s))dx(s) + X(u - u) = 0, 

J2seB(dx{s)u + dy(s)v + dt(s))dy(s) + \{v - v) - 0. 

Solving the equations simultaneously, we have 

(6.5) 

u 

J2seBdx(S)dx(s) + X J2seBdx(S)dy(s) 

J2seB dx{s)dy(s) Y,seB dy(s)dy(s) + A 

T - 1 
Au-E,6iA(sR(s) 
Xv-J2stBdy(s)dt(s) 

(6.6) 

where u and v are the averages of neighboring motion vectors or the values which 

are acquired by Gaussian kernel. The initial values of motion vectors are zero. This 

equation is an improvement of the original equation as is shown in Equation 3.19. 

There are many ways to realize u and v. This will be explained later. Besides that, 

the weight of the smoothness prior, A, influences the smoothness of the result. If 

A = 0, the Lucas-Kanade, Equation 3.19, is obtained. If A is given, the smoothness 

is considered. 

Instead of calculating u and v, an adaptive interaction function from the Discon­

tinuity Adaptive (DA) MRF that has been mentioned in the previous chapters can 

be used. The purpose of this modification will be to preserve the discontinuity of the 

motion field. We can have an adaptive interaction function of Equation 4.10 where 

Ti is the difference of motion vectors between a block of pixels and its block-neighbor, 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



6.3. Block Motion Model using Smoothness Prior Function 125 

and 7 is the parameter of discontinuity function. In this way the interaction between 

a block of pixels and its neighbors is not a constant ratio such as averaging or using 

a kernel. If we set the parameter 7 = 0 for the adaptive interaction function, the 

discontinuity function becomes an averaging function. 

As we have explained in the comments of our solutions, we highlighted the dif­

ference between our equation and the original equation, Equation 3.19. In words, 

the main difference is the consideration of neighboring motion vectors, u and v. 

The consideration is always carried out during the iterative calculation to obtain 

u 
the optimal 

values. 

. Furthermore, the calculation of u and v is adaptive to their 

6.3 Block Motion Model using Smoothness Prior 

Function 

Calculating Equation 6.6 is a straightforward task. However we need to iterate the 

equation, because the u and v are unknown in the beginning. For every iteration 

a new u and v are computed. After a few iterations, the motion field is adjusted 

according to the smoothness prior function. The first iteration produces motion field 

as shown in Figure 6.1(a) and the last iteration produces motion field as shown in 

Figure 6.1(b). 

To calculate the u and v, we can select the second order neighborhood system. 

The kernel can be: 

1/16 1/8 1/16 

1/8 1/4 1/8 • (6.7) 

1/16 1/8 1/16 

If we involve the DA-MRF, then each constant in the kernel can be replaced by /i7(.). 

This function can be interpreted as in Equation 4.16. The value varies according 

to the difference of the center motion vector from the neighboring blocks. For our 

purpose, we select the first order neighborhood system for the model with DA-MRF. 
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(a) The Motion Field after the First Itera- (b) The Motion Field after Tenth Iteration, 
tion 

Figure 6.1: Progress of Motion Field during Iteration of the Algorithm for the Suzie 
Sequence. 

After several iterations the values of PSNR and Entropy go into a stable state 

as shown in Figure 6.2. We notice that seven iterations are enough to get the stable 

motion field. For the dynamics of the values of PSNR and Entropy, they depend on 

the weight of the prior function and the type of image sequence. 

The computation of dx, dy and dt follows the finite differences of Horn and 

Schunck [36] in Section 3.3.3.1, so that all the results can be compared with our 

previous chapter that also uses the gradient based model. 

6.4 Experimental Results 

The same series of real image sequences from the previous chapters and synthetic 

image sequences are used for our experiments. We have three types of experiments: 

Standard Block Motion Model, Block Motion Model using Smoothness Prior Func­

tion and Block Motion Model Using Discontinuity Adaptive Function. For the first 

experiment, two motion estimation algorithms with different block-size are executed. 

The result will be used as a comparison tool for our proposed model. The second 

and the third experiments are for the 8 x 8 block-size. 

Besides those experiments, the experiments on the weight and the parameter of 
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Figure 6.2: Progress of PSNR and Entropy vs Iteration. 

the discontinuity function are conducted. The optimal values of the weights and the 

discontinuity parameters are used for the second and third experiments. 

6.4.1 Strategies and Summaries 

The first part of experiments, the standard block motion model, uses 16 x 16 block-

size, and the second uses 8 x 8 block-size. In addition to these block-sizes, the 

overlap model is implemented to show its inadequacy. Those results are used for 

comparisons. We can comment again as in the previous chapter that the figures 

show that estimation using smaller block-size produces many wrong motion vectors. 

In summary, the motion field from the block motion model using smoothness 

prior in the second experiment illustrated the effect of the smoothness prior. It 

showed the desirable results. The motion field from the block motion model using 

discontinuity adaptive function in the last experiment is different from the motion 

field of the second experiment at the area where the action is active to preserve the 

discontinuity. 
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6.4.2 Parameter Setting and the Influence of Explicit Smooth­

ness 

The algorithm using smoothness prior function needs a weight, A, to balance the 

likelihood and prior energy functions. If the weight is zero, then the model is without 

the smoothness prior function. If we increase the weight, the PSNR value drops and 

the Entropy value also drops. The low value of Entropy is desirable but the low 

value of PSNR is undesirable. 

To get the desired highest PSNR and the lowest Entropy, the compromise be­

tween PSNR and Entropy value is represented by Equation 5.4 where K is to modify 

the strength of influence from the entropy. Usually K is one, however in certain 

cases, such as the Suzie and Foreman sequences, we need to set the K to reduce or 

to increase the influence of Entropy value. 

The experimental results with varied weight are shown in Figure 6.3. The Peak 

Sequence is a whole frame movement, the ratio plotting suggests 10 as the weight 

value. The Yosemite Sequence has many small movement vectors that have slightly 

different values than its neighbors, the ratio plotting suggests 0.01 as the weight 

value. It has a tiny peak. The Suzie Sequence is a sequence with many smooth 

movements all around the frame. The ratio plotting suggests a weight value in the 

hundreds range. The ratio plotting for the Foreman Sequence has a peak value if 

the weight is a thousand. The ratio plotting for the Salesman Sequence with small 

moving objects suggests a weight in the hundreds range. The ratio plotting for the 

Taxi Sequence also suggests a weight in the hundreds range. The existence of the 

peak from the ratio diagram shows a rough estimation of optimal weight to keep the 

PSNR high and entropy low. Besides that, it shows that implicit smoothness can 

change the motion vector without sacrificing the PSNR value too much. 

For the third experiment, the discontinuity parameter, 7, also plays an important 

role to control the smoothness of the motion field. Figure 6.5 displays the experiment 

with the parameter from 10~3 to 103. In the Suzie sequence, the ratio suggests a 

parameter of ten. In the Foreman sequence, one is the best ratio. In the Salesman 

sequence, ten is the best ratio. In the Taxi sequence, one is the best ratio. From 
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Figure 6.3: PSNR, Entropy and PSNR/Entropy vs Weight. 
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Figure 6.4: PSNR, Entropy and PSNR/Entropy vs Weight (cont.). 
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the experiments we can roughly suggest one is the best choice. 

6.4.3 Results 

Motion fields from the results of different algorithms are shown here. The PSNR 

and Entropy values can be checked in Section 6.4.2. The results here are chosen 

from the weight and the interaction function parameters that give the highest value 

of the PSNR/Entropy. 

The result of Lucas-Kanade algorithm that uses implicit smoothness has no 

control on the value of the neighborhood vectors. However, our approach using 

smoothness prior function has a control on the neighborhood values. So, the result 

will be smooth to the surrounding values. 

6.4.3.1 Peak Sequence 

The peak sequence (Figure 6.6) is a synthetic image sequence. Some blocks have zero 

motion vectors. In the figures given, these blocks are not shown. In the experiment 

using a 16 x 16 block-size, the correct motion vectors are in the textured area. 

But at the edges of the peaks, the motion estimator gives a small motion vector as 

there is not much error to drive the estimator to the correct motion vector. With 

smaller block-size, some blocks cannot get the correct motion vectors. The overlap 

block also cannot produce a better motion field. These results show the need of the 

smoothness prior function. 

The result of estimation using smoothness or discontinuity adaptive prior func­

tion shows the influence of the function on the motion fields at the black background. 

If the iteration is long enough, the whole frame would have the motion vector. The 

PSNR value will rise because the edge will have a better motion vector. However, 

the PSNR value for this sequence is already very high. Table 6.1 shows the PSNR, 

entropy and the average angular error and its standard deviation. 

6.4.3.2 Yosemite Sequence 

Figure 6.7 and Table 6.2 show the experimental results using Yosemite sequence. 

The angular error is reduced by using prior model. This shows the advantage of 
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Figure 6.6: Results of Block Motion Model for Optical Flow Equation with the Peak 
Sequence. 
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S E Q U E N C E 

Standard 16 
Standard 8 

Overlap 
Prior_10 

Discontinuity 

PSNR 
dB 

54.57 
48.40 
55.92 
54.50 
52.35 

E N T R O P Y 

bits 
3.51 
3.70 
3.68 
3.79 
3.30 

A A E / S D 

12.50°/23.88° 
16.32°/27.81° 
23.94°/24.10° 
34.76°/27.77° 
52.16°/26.35° 

Table 6.1: PSNR and Entropy for the Peak Sequence. (Notes: Average Angular 
Error (AAE), Standard Deviation (SD)) 

S E Q U E N C E 

Standard 16 
Standard 8 

Overlap 
Prior _ 10 

Discontinuity 
Prior 1000 

PSNR 
dB 

81.25 
80.95 
81.53 
78.16 
78.88 
79.00 

E N T R O P Y 

bits 

1.42 
1.62 
1.51 
0.93 
0.93 
1.25 

A A E / S D 

53.15°/42.39° 
35.59°/30.92° 
36.29°/30.74° 
33.92°/27.73° 
34.09°/28.31° 
37.26°/28.41° 

Table 6.2: PSNR and Entropy for the Yosemite Sequence. (Notes: Average Angular 
Error (AAE), Standard Deviation (SD)) 

using smoothness prior function. 

6.4.3.3 Suzie Sequence 

This sequence (Figure 6.8) has texture, small motion and discontinuity. We notice 

several wrong motion vectors on the fiat cheek. In overlap block motion model, the 

motion vector cannot be improved at that location. Using the smoothness prior 

function, we can expect an improvement at that location. Using the discontinuity 

adaptive prior function, we get a better motion field near the phone-neck area, where 

vector discontinuity value is high. 

S E Q U E N C E 

Standard 16 
Standard 8 

Overlap 
Prior 

Discontinuity 

P S N R 

dB 
36.84 
37.32 

35.79 
36.68 
34.42 

E N T R O P Y 

(bits) 

2.12 
2.26 
1.85 
1.85 
1.34 

Table 6.3: PSNR and Entropy for Suzie Sequence using Standard Block Model. 
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Figure 6.7: Results of Block Motion Model for Optical Flow Equation with the 
Yosemite Sequence. 
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Figure 6.8: Results of Block Motion Model for Optical Flow Equation with the Suzie 
Sequence. 
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SEQUENCE 

Standard 16 
Standard 8 

Overlap 
Prior 

Discontinuity 

PSNR 
dB 

29.82 
30.55 
29.43 
30.37 
30.13 

ENTROPY 

(bits) 

1.75 
1.65 
1.65 
1.49 
1.29 

Table 6.4: PSNR and Entropy for Foreman Sequence using Standard Block Model. 

SEQUENCE 

Standard 16 
Standard 8 

Overlap 
Prior 

Discontinuity 

PSNR 
dB 

34.47 
36.25 
34.15 
36.11 
35.88 

Entropy 
(bits) 

0.50 
0.77 
0.37 
0.62 
0.54 

Table 6.5: PSNR and Entropy for Salesman Sequence using Standard Block Model. 

6.4.3.4 Foreman Sequence 

In this sequence (Figure 6.9), we notice wrong vectors at the edge of the helmet with 

small block-size. The overlap block motion model cannot improve the result. Using 

the smoothness prior function, the result is improved. Using this technique, the 

white area of the helmet that is supposed to be a moving object cannot be detected. 

We can compare this to the result from the previous chapter. This is caused by the 

lack of gradient on the white area of helmet. 

6.4.3.5 Salesman Sequence 

In Figure 6.10, the Salesman Sequence has large motion for the small moving object 

(the box). We notice several wrong motion vectors at the box and the salesman's 

left hand. By the using smoothness prior function, we expect the result to improve. 

From the diagram of PSNR vs weight, we notice a small increase of PSNR with the 

use of the smoothness prior function. 
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Figure 6.9: Result of Block Motion Model for Optical Flow Equation with the 
Foreman Sequence. 
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Figure 6.10: Results of Block Motion Model for Optical Flow Equation with the 
Salesman Sequence. 
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SEQUENCE 

Standard 16 
Standard 8 

Overlap 
Prior 

Discontinuity 

PSNR 
dB 

37.62 
38.43 
37.32 
38.01 
37.57 

Entropy 
(bits) 
0.44 
0.88 
0.33 
0.28 
0.12 

Table 6.6: PSNR and Entropy for Hamburg Taxi Sequence using Standard Block 
Model. 

6.4.3.6 Hamburg Taxi Sequence 

Figure 6.11 shows the Taxi Sequence that has several small objects with small move­

ments. With this sequence we can show the advantage of using small block-size. 

Small block-size gives more vectors, in effect it gives flexibility and higher PSNR as 

shown in Table 6.6. 

6.5 Conclusion 

In this chapter, the smoothness prior function controls the smoothness between 

blocks in a frame. The smoothness prior function is added to the optical flow 

equation that is over the block of pixels. The energy function or the error definition 

for each block is solved one by one until the whole frame is completed. It is iterated 

a few times until it reaches the convergence condition. 

The experiments have demonstrated that the algorithm is stable and consis­

tent. The predictable result is achieved if we set the weight and the discontinuity 

parameter within the allowable range. 

The contribution of the work in this chapter are as following: 

• We introduce smoothness prior function to the block motion model that is 

proposed by Lucas and Kanade. It is shown experimentally that this gives 

better results than the original design. 

• The addition of the smoothness prior function is proven to be useful as evident 

from the present of a peak in the PSNR/Entropy versus weight diagram. 
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Figure 6.11: Results of Block Motion Model for Optical Flow Equation with the 
Hamburg Taxi Sequence. 
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• Discontinuity adaptive function is successfully implemented.ub 

The experiments are made in parallel with the previous chapter. However, we do 

not design re-sizing and multiresolution as in the previous chapter. The main reason 

is that the initialization values do not play too much a part in this design. Though 

it may help to improve the results of the Foreman Sequence by modifying the design 

and giving a different initialization value. 
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Chapter 7 

Conclusions 

With GMRF modeling tools and Bayesian framework, we have introduced many of 

the available motion estimators in a unified way. This framework is also selected 

to model all the three motion estimation methods proposed in this thesis. In this 

framework, each method consists of three parts: likelihood energy, prior energy and 

the optimization of the total energy (posterior energy). All of the three proposed 

methods try to estimate the "true" motion field, which is useful in application such 

as motion segmentation and motion in-betweening. 

In Chapter 4, we deal with the motion discontinuity adaptive function. This 

function is the prior energy for motion estimation algorithms under the GMRF 

framework. This approach has not been formally reported in our existing publica­

tions. The motion estimation is based on the optical flow equation and the explicit 

smoothness constraint. A detailed investigation shows that the DA prior is useful in 

maintaining the motion discontinuities. Hence it is also used in Chapters 5 and 6. 

In Chapters 5 and 6, motion estimation is based on the block motion model, which 

assumes that an implicit smoothness constraint has automatically been applied. 

Our interest is to reveal that, if we further apply explicit smoothness constraint, a 

better motion field could be obtained. To evaluate the quality of motion fields, we 

calculate a measure of PSNR/(Entropy*), where K is the influence strength of the 

entropy. The measure encapsulates the requirement of higher PSNR and lower En­

tropy. Further investigation of the measure will be useful for automatic parameter 

setting. Our study shows that the coexistence of the implicit and explicit constraints 

143 
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Chap. 
4 
5 
6 

Motion repr. 

optical flow 
block matching 

optical flow 

Motion field 

dense 
sparse 
sparse 

Motion vector 
real number 

integer 
real number 

Constraints 

explicit 
implicit and explicit 
implicit and explicit 

Table 7.1: Characteristics of Three Proposed Methods. (Chap.= Chapter, repr.= 
representation) 

gives a better quality measure in both block matching based and optical flow based 

models. This also gives us more flexibility to choose the motion field with higher-

PSNR-higher-entropy or lower-PSNR-lower-entropy, according to different needs in 

different applications. 

The three proposed methods can be further characterized as in Table 7.1. The 

novelties of each method will be further explained in the following section. This is 

followed by a plan in the future works. 

7.1 Thesis Contributions 

In Chapter 4, we have implemented discontinuity adaptive (DA) MRF for the optical 

flow problem. This is a simple but novel extension to the modeling using GMRF. 

This model is comparable to robust technique in handling the motion discontinuity. 

The derivation of optical flow equation follows the Horn-Schunck's approach. But 

our modified Horn-Schunck's iterative scheme has the capability of preserving the 

discontinuity of the motion field. We have compared the scheme with the original 

iterative scheme and our modified algorithm has shown improvement in PSNR and 

subjective judgment. 

Block matching, usually used for compression technologies, has a mathematical 

sound basis. In Chapter 5, block matching is designed within the MRF frame­

work, which offers a new way of thinking. In such a scheme, the conventional block 

matching algorithm using a full search strategy is only seen as a maximum likelihood 

estimator. No explicit prior knowledge is present in this strategy. Moreover, when 

we reduce the block-size, the motion field is found to be in chaotic condition. If we 

implement the explicit prior knowledge, we could improve the quality of the motion 

field. This is verified by our experiments. 
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We have proposed several procedures that lead to the modification of the stan­

dard block matching algorithm. Firstly likelihood values for each candidate labels 

are kept in the memory. The reason is that on every iteration, the likelihood value 

of the candidate label is needed. Secondly likelihood values are computed for the 

smallest block-size from which the likelihood values for bigger block-sizes are easy to 

synthesize. If those procedures are available, the iterative scheme can be efficiently 

implemented. 

As our algorithm uses a local minimization technique, a bigger block-size is 

usually fed into the algorithm first to generate the initialization values. This initial­

ization step improves the result for the smaller block-size. 

Synthetic and real image sequences are tested. The experiments show that bet­

ter result is achieved if we compare them with the conventional block matching 

algorithm. We have further flexibility to balance the PSNR and Entropy. 

Chapter 6 is parallel to Chapter 5. The difference is that the likelihood function 

is a block of optical flow equations instead of block differences in this algorithm. 

We add the explicit smoothness constraint into the equations. Using this approach 

result could be smoother according to the weights of the explicit smoothness. Some 

iterations are needed to update the motion fields. 

Similar to Chapter 5, the algorithm is tested with synthesized and real image 

sequences. The experiments show that better results are achieved. 

7.2 Topics for Future Research 

7.2.1 Comparison of the Algorithms 

In the literature, Bouthemy [66] uses the affine robust function. However, the soft­

ware given is a type of global motion. This prevents us from using it as a comparison. 

We need to reprogram them for the same purpose, the block motion estimation. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



7.2. Topics for Future Research 146 

7.2.2 Fast Block Matching using Smoothness Prior Constraints 

Many of the available fast block matching schemes take the mathematical strategy 

or reduce the searching area to decrease the computation tasks. If we can combine 

our proposal with the available fast block matching algorithm, we will have fast 

block matching using smoothness prior constraint. 

7.2.3 Multiscale Motion Estimation 

Another area using GMRF and the smoothness constraints is developed by the 

researchers from control engineering [78-80]. The result is found to be appealing. 

We have tested and used their multiscale MRF with smoothness constraint for our 

matching problem [81]. We have also implemented the multiscale framework to solve 

an optical flow problem. However, we cannot embed the result in this thesis because 

it is still in infancy. 

7.2.4 Ratio Measure 

The influence of likelihood and the prior function to the energy function is adjusted 

by a weight constant. The value is selected where the highest PSNR/Entropy ratio 

is achieved. However, the degree of entropy influence and the interpretation of ratio 

value need further research. 

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



Appendix A 

Basic Iterative Methods 

This appendix explains the basic iterative method. The explanation is summarized 

from [82]. 

A.l Point Jacobi Method 

In matrix notation, the linear equations are written 

Ax = k, (A.l.l) 

where k is a given column vector. The solution vector x exists and it is unique if 

and only if A is also nonsingular. The solution vector is 

x = A_1k. (A.1.2) 

Instead of solving the equation using a direct inverse matrix, we can also solve 

the equation in an iterative way. Matrix A is rearranged as 

A = D - E - F, (A.1.3) 

where D = d i a g j a ^ , a2)2,03,3, • • •, an>„}, and E is lower triangular and F is upper 

triangular n x n matrices. 

The A.l.l can be written as 

147 
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Dx = (E + F)x + k. (A.1.4) 

The iterative method is 

Dx ( t+1) = (E + F)x ( t ) + k, t>0, (A.1.5) 

and since D is a nonsingular matrix, it becomes 

xt*+V = D-1(E + F)x® + D-1k, t>0. (A.1.6) 

A.2 Point Gauss-Seidel Method 

The use of the latest estimates x\ to estimate xf+ , Equation A.1.5 becomes 

(D - £ ) x ( m ) = F x w + k, t > 0, (A.2.7) 

and as D—E1 is a nonsingular lower triangular matrix, we can write A.2.7 equivalently 

as 

X(*+D = (Z) - E ) - 1 ^ ^ 1 ) + (D - £;)_1k, t > 0. (A.2.8) 

A.3 Successive Overrelaxation Iterative Method 

This is a method which is closely related to the point Gauss-Seidel iterative method. 

Starting with the non matrix Gauss-Seidel method, we define the components of the 

auxiliary vector iterates x^' from 

i-l n 
ai,ixi = ~ / ai,jxj ~ / j ai,jxj "I" kii (A.3.9) 

with 

1 < i < n, t > 0. 
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+ point jacobi 
gauss- seidel 

- sor 

Figure A.l: Iteration Process for Three Methods 

The actual components x\ + of this iterative method are then defined from 

„(*+!) _ Jt) 
s ^ ' = * < + " { # " ' - * < } • 

(t+l) Jty (A.3.10) 

The variable UJ is called the relaxation factor. The value of this variable should be 

0 < u) < 1. When UJ > 1, it corresponds to overrelaxation and u < 1, it corresponds 

to underrelaxation. The matrix form is 

(D - cj£)x ( t+1) = {(1 - LO) + wF}x(t) + k, t > 0, (A.3.11) 

and as D — coE is nonsingular for any choice of to, then with L = D 1E, U = D XF, 

this takes the form 

x(*
+1) = (J - LuLy'Ul - w)/ + wt/}XW + UJ{I - LOL)-1D-1\L. (A.3.12) 

The example of the iteration process for the three methods using UJ = 0.7 is 

shown in Figure A.l. 
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Appendix B 

Adaptive MRF 

There are two topics: regularization model and the guideline for selecting g. This 

appendix is mostly summarized from the third chapter of [6]. 

B.l Regularization and Discontinuities 

A regularization model is a special case of the MRF model. Whereas this MRF model 

can encode prior constraints other than the smoothness, an analytic regularization 

model provides a convenient platform for the study of smoothness priors, and allows 

arbitrary neighborhood systems other than the nearest ones. It is because of the 

close relationship between smoothness and analytical continuity. 

When we have an energy function in the regularization framework 

E(f) = U(f\d) = U(d\f) + U(f) (B.l.l) 

with U(d\f) is the closeness term and U(f) is the smoothness term, it corresponds 

to the energies in the posterior, the likelihood and the prior of Gibbs distribution of 

an MRF. 

A smoothness term U(f) is called a regularizer when it penalizes the irregularities 

according to a priori smoothness constraint encoded in it. Generally, it is defined as 

w) = X>(/) = X> 
n—l n = l 

150 

/ 
J a 

9(fW(i))di (B.1.2) 
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where Un(f) is the nth order of regularizer, N is the highest order and A > 0 is a 

weighting factor. A potential function g{f^n\i)) is the penalty against irregularity 

in pn^(i). This function corresponds to prior clique potentials in MRF models. 

Standard regularizer takes the pure quadratic form gq{rj) = rf. The consequence 

of this form is the more irregular f^n\ the larger | / ^ | and the larger the potential 

g(f^) contributed to Un(f). The general form of this standard regularizer is 

rb 

Un{f,un) = An / wn{i){f^\i)}2di (B.1.3) 
J a 

where uin(i) are pre-specified non-negative continuous functions. If the function uin(i) 

can be pre-specified that u>n(i) = 0 at (i) where f^n\i) is infinite, then oversmoothing 

will not happened. A line process is introduced to take the task of this uin(i). 

The labeling problem regularizer with line process is 

m m 

U(f,l) = A$}/i - /J_1]
2[l - U] + Ac* J > (B.1.4) 

i=2 i=2 

where / is the line field, related to U — 1 — u>i, with /* = 1 is the on-state and 

li = 0 is the off-state, A are the weighting function between the two function and 

Aa penalized the on-state line process. The line process variable can be set based 

on a certain threshold proportional to |/j — /»_i|. 

Blake and Zisserman [71] convert the line process into function containing only 

real variables 

m 

W ) = A X > a ( / , - / i - i ) (B.1.5) 
i=2 

where the truncated quadratic function is ga(rj) — min{ry2,a}. Furthermore, Blake 

and Zisserman introduces a parameter p into this truncated quadratic function to 

control the convexity of E. The equation becomes gp
a(rf) with p varies from 1 to 0. 

Li proposes a continuous adaptive regularizer model, the line field is not used, in­

stead smoothness constraint has its effects as a function of the derivative magnitude. 

The larger the derivative the more it influence the interaction. 
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B.2 Discontinuity Adaptive (DA) Model 

A necessary condition for regularization model to be defined as DA is 

lim \g'(t])\ = lim \2r]h(r))\ = C (B.2.6) 

where C G [0, oo) is a constant. When C = 0, this condition prohibits smoothing at 

discontinuities, while C > 0 allows limited smoothing. 

The guideline for selecting g and / is defined here: 

Definition. 1. An adaptive interaction function (AIF) /i7 parameterized by 7(> 0) 

is a function that satisfies: 

1. h^ £ Cl. C is a continuity requirement. 

2. h^n) = h^-n) 

3. h^n) > 0 

4. h'^rf) < 0 (V?7 > 0) 

5. lim^-xx) \7]h-y(r])\ = C > oo 

The continuity requirement (1) guarantees the twice differentiable of the integrand 

u(f\d) with respect to / ' , a condition for the solution / to exist. The evenness (2) 

is assumed for spatially unbiased smoothing. The positive definiteness of (3) keeps 

the interaction positive. The monotony of (4) leads to decreasing interaction as 

the magnitude of the derivative increases. The bounded asymptotic property of (5) 

provides the adaptive discontinuity control. 

Definition 2. The DA solution / is defined by Euler equation constrained by 

h = h-y G H^. 

Definition 3. The adaptive potential function (APF) is defined by 

g1{rj) = 2f\'h1{r]
,)d7] (B.2.7) 

Jo 
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Some properties of #7: one order higher than /i7, it is even, its derivative function 

is odd, it is not necessary for (?7(oo) to be bounded, it is strictly monotonically 

increasing. 

For a given g^rf), there exists a region of r\ within which the smoothing strength 

increases monotonically and the function #7 is convex: 

B7 = {V\g'i>0} = (bL,bH) (B.2.8) 

This region is referred to as the band of convexity. The lower and upper bounds 

bL, bu correspond to the two extrema of g'^rj), which can be obtained by solving 

g'7(v) = o. 
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Appendix C 

Measurement 

In this thesis, we use PSNR and Entropy to evaluate the motion field. They are 

explained in this appendix. 

C.l Peak Signal-to-Noise Ratio 

The peak signal-to-noise ratio (PSNR) equation is 

PSNRt = 10 log ^ 
1 b MSEt / p i , \ 

W W (A A \2 (,0.1.1) 

where dijj is intensity at position (i,j) and time t. The displacement vector is 

(fi, fj) and / , J are the size of row and column of image respectively. 

C.2 Entropy 

The entropy equation is 

H(u) = -J2P^lo^P(u) (C.2.2) 
u 

H(v) = -^p(v)\og2p(v) (C.2.3) 
V 

H(u,v) = H(v) + H{v) (C.2.4) 

where u and v are all motion vectors in a frame. 
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C.3 Average Angular Error 

We use an angular measure of error [38]. The velocity / = (u, v) may be written as 

space-time direction vector (u, v, 1) in units of (pixel,pixel, frame). It represents 

3-d direction vector. The angular error between the correct velocity fc and an 

estimate fe is 
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1. S. S. Tandjung, T. Adiono, C. Machbub, and T. L. R. Mengko. Camera 

Object Tracking System. IEEE Int. Conf. on Information, Communications 

and Signal Processing, 1st, pages 1557-1561, vol. 3, Sept. 1997. 

2. S. S. Tandjung, D. Astharini, , H. R. Pranoto, T. Adiono, C. Machbub 

and T. L. R. Mengko,. Real Time Visual Servoing System. Int. Conf. on 

Microelectronics, 9th, Oct. 1997. 

Co-author 

Parallel Implementation of Motion Estimation 

1. T. S. Gunawan, S. S. Tandjung, and M. N. Chong. An Efficient Paralleliza-

tion Scheme of Motion Estimation Algorithms on Myrinet-Connected Work­

station. Int. Conf. on Automation, Robotics, Control and Vision, 6th, Dec. 

2000. 

2. T. S. Gunawan, S. S. Tandjung, and M. N. Chong. Parallel Implementation 

of Adaptive Bi-directional Motion Estimation based on Texture Analysis. Int. 

Conf. on Automation, Robotics, Control and Vision, 6th, Dec. 2000. 

3. T. S. Gunawan, S. S. Tandjung, and M. N. Chong. Testing The Myrinet 

Reliability on The Cluster of Linux Systems. First Myrinet User Group Conf, 

Sept. 2000. 

4. T. S. Gunawan, S. S. Tandjung, and M. N. Chong. Performance of The 

Communication Layer with The Myrinet Gigabit LAN for HDTV Images 

on Pentium-Linux Cluster using MPI. Proc. IECI MULNET, pages 255-259, 

April 2000. 
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Robot Vision 

1. Y. Pribadi, S. S. Tandjung, A. Setiadji, C. Machbub and T. L. R. Mengko. 

Mobile Robot System with Visual Feedback. Int. Conf. on Microelectronics, 

9th, Oct. 1997. 

All of the publications are related to the motion estimation directly and indirectly. 

They are available at 

• http://sentosa.sas. ntu.edu.sg:8000/~steph, 

• http://www.angelfire.com/journal2/stephanusst, 

• http://groups.yahoo.com/group/motionestimation/, 

• http://www.vlsi.ss.titech.ac.jp/~steph/thesis. 
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