ional Lib
Bl S

Acquisitions and

Bibliotheque nationale
du Canada

Direction des acquisitions et

Bibliographic Services Branch  des services biblicgraphiques

395 Wellington Street
Ottawa, Ontario
K1A ON4 K1A ON4

NOTICE

The quality of this microform is
heavily dependent upon the
quality of the original thesis
submitted for  microfilming.
Every effort has been made to
ensure the highest quality of
reproduction possible.

If pages are missing, contact the
university which granted the
degree.

Some pages may have indistinct
print especially if the original
pages were typed with a poor
typewriter ribbon or if the
university sent us an inferior
photocopy.

Reproduction in full or in part of
this microform is governed by
the Canadian Copyright Act,
R.S.C. 1970, c¢. C-30, and
subsequent amendments.

i+1

Canada

395, rue Wellington
Ottawa {Ontario)

Your fife Valre reforence

e te Notre roference

AVIS

La qualité de cetle microforme
dépend grandement de la qualité
de la thése soumise au
microfilmage. Nous avons tout
fait pour assurer une qualité
supérieure de reproduction.

S’il manque des pages, vetillez
communiquer avec ['université
qui a conféré le grade.

La qualité d’impression de
certaines pages peut laisser a
désirer, surtout si les pages
originales ont été
dactylographiées a laide d’un
ruban usé ou si l'université nous
a fait parvenir une photocopie de
qualité inférieure.

La reproduction, méme partielle,
de cette microforme est soumise
a la Loi canadienne sur le droit
d’auteur, SRC 1970, c. C-30, et
ses amendements subséquents.



Novel Motion Estimators for Video Compression

Eric Wai Chi CHAN

A THESIS
submitied to the School of Graduate Studies and Research
in Partial Fulfillment of the Requirements
for the Degree of
MASTER OF APPLIED SCIENCE
in

Electrical Engineering

Ottawa-Carleton Institute of Electrical Engineering
Department of Electrical Engineering
Faculty of Engineering
University of Ottawa
OTTAWA, ONTARIO, KIN 6N5
© Eric Wai Chi CHAN, 1994



I ,‘, I National Library

ot Canada

Acquisitions and

Bibliothéque nationale
du Canada

Directlion des acquisilions et

Bibliographic Services Branch  des services bibliographiques

395 Wellington Street
Ottawa, Ontario
K1A ON4 K1A ON4

The author has granied an
irrevocable non-exciusive licence
allowing the National Library of
Canada to reproduce, loan,
distribute or sell copies of
his/her thesis by any means and
in any form or format, making
this thesis available to interested
persons.

The author retains ownership of
the copyright in his/her thesis.
Neither the thesis nor substantial
extracts from it may be printed or
otherwise reproduced without
his/her permission.

395, rue Weliington
Ottawa {Ontario)

Your e Vodre rddience

Owt hiie Notrer idlerence

L’'auteur a accordé une licence
irrévocable et non exclusive
permettant & la Bibliothéque
nationale du Canada de
reproduire, préter, distribuer ou
vendre des copies de sa these
de quelque maniére et sous
quelque forme que ce soit pour
mettre des exemplaires de cette
thése a la disposition des
personnes intéressées.

I’auteur conserve la propriété du
droit d’auteur qui protége sa
thése. Ni la thése ni des extraits
substantiels de celle-ci ne
doivent étre imprimés ou
autrement reproduits sans son
autorisation.

ISBN 0-315-95895-2

Canada



UNIVERSITE DOTTAWA
UNIVERSITY OF OTTAWA



To my family,



Acknowledgments

First, I would like o express my gratitude and appreciation to my supervisor Dr. S.
Panchanathan. His support, guidance and encouragement were the driving force for the successful
completion of this thesis. Special thanks are due to Dr. Xiping Wang and Mr. Rakesh Gandhi for
their valuable comments and suggestions.

[ would also like to thank all the past and current members of the Multimedia
Communications Research Laboratory, especially Grant Henderson for his technical computing
consultations.

The help and co-operation of all the supporting staffs of the Department of Electrical
Engineering, especially Michéle Roy and Amanda Lauzon are appreciated.

Finally, I am grateful to my parents, my sisters and my family for their consistent support,

patient and understanding, without which this thesis would not have been possible.



Abstract

Video compression is becoming increasingly important with the advent of the compression standards and
broadband networks. Typical applications include high-definition television, multimedia comimunications, cte. There
are two kinds of redundancies that exist in a video sequence, namely, temporal and spatial which are exploited to achieve
compression. The spatial redundancies are removed by using techniques such as discrete cosine transform, vector
quantization, etc, while the temporal redundancies are removed by the motion estimation/compensation techniques,
Recently, several block based motion estimation algorithms have been reported in the literature. However, these
algorithms are either computationally expensive or converge to a local oplimum,

In this thesis, the problem of motion estimation is addressed from two perspectives, namely, hardware
architecture and reduced complexity algorithms in the spatial and transform gomains. First, a VLSI architecture which
implements the full search block matching algorithm in real time is presented. The interblock dependency is exploited
and hence the architecture can meet the real time requirement in various applications. Most importanty, the architecture
is simple, modular and cascadable. Hence the proposed architecture is easily implementable in VLSI as a codec.

The spatial domain algorithm consists of a layered structure and alleviates the local optimum problemn. Most
importantly, it employs a simple matching criterion, namely, a modified pixe! difference classification (MPDC) and
hence results in a reduced computational complexity. In addition, the algorithm is compatible with the recently
proposed MPEG-1 video compression standard. Simulation results indicate that the proposed algorithm provides a
comparable performance (compared to the algorithms reported in the literature) at a significantly reduced computational
complexity. In addition, the hardware implementation of the proposed algorithm is very simple because of the binary
operations used in the matching criteria.

Finally, we present a wavelet transform based fast multiresolution motion estimation (FMRME) scheme,
Here, the wavelet transform is used to exploit both the spatial and iemporal redundancics resulting in an efficient coder,
In FMRME, the correlations among the orientation subimages of the wavelet pyramid structure are exploited resulting
in an efficient motion estimation process. In addition, this significantly reduces side information for motion veclors
which corresponds to significant improvements in coding performance of the EMRME based wavelet coder for video
compression. Simulation results demonstrate the superior coding performance of the FMRME based wavelet transform

coder.
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Chapter 1

Introduction



Video compression is becoming increasingly important with the advent of the compression
standards (JPEG, MPEG, H.261, etc.) and broadband networks (ISDN, ATM, etc.) [1], [2]. The
higher channel bandwidth and storage capacity required for a video signal necessitate the use of
compression techniques in applications such as high-definition television, video confercneing,
multimedia communications, etc. [3], [4]. There are two kinds of redundancics in a video
sequence, namely, temporal and spatial. Compression is essentially achicved by exploiting these
redundancies. Typically, the temporal redundancies are removed by using motion estimation/
compensation techniques [5], [6] which is followed by spatial redundancy removal techniques
such as discrete cosine transform [7] , vector quantization [8], etc.

Two most commonly used approaches for motion estimation in the literature are pel-
recursive and block matching techniques. In the pel-recursive algorithms, the motion information
is estimated for individual pixels [17], [18], [19]. This class of algorithms do not require the
transmission of motion information since they recursively use the relative luminance change to
determine the motion in a frame. However, these algorithms involve extensive computations. In
addition, failure of correct estimation on the edges is a major drawback of pel-recursive algorithms
[20].

Block matching algorithms [5] have been proposed to reduce the computational burden in
pel-recursive algorithms and to improve the prediction performance. In the block matching
process, the current frame (¢) of a video sequence is divided into non-overlapping reference
blocks. Each reference biock in the current frame is compared with candidate blocks from a scarch
area in the previous frame (#~1) in order to obtain the closest match block with respect to a
prespecified error criterion. The offset between the reference block and the best match candidate
block specifies the motion vector. The most intuitive approach for block matching is to use the full
search algorithm (FSA) where all possible candidate blocks are searched to obtain the best maich
block for each reference block. However, this is a computationally intensive procedure and hence

requires parallel architecture for real time execution.



Recently, hardware architectures which implement FSA have been reported in the literature
|37-48]. However, these architectures are either complex and/or non-cascadable. This results in
an increased hardware requirement and reduced flexibility in VLSI implementation.

The computational burden of FSA can be decreased by reducing the number of candidate
blocks required to be searched. Recently, several fast algorithms [23-28] have been reported in the
literature. These fast algorithms are based on the assumption that the error (e.g. mean absolute
error (MAE)) increases monotonically as the search moves away from the direction of minimum
distortion (the global optimum position). This results in a reduced number of candidate blocks to
be scarched. However, this may lead to a motion vector which converges to a local optimum
rather than a global optimum. This reduces the accuracy of the estimated motion vectors resulting a
poorer performance compared to the FSA. In addition, the fast algorithms requires complicated
control structure which corresponds to expensive hardware realizations. Hence it is desirable to
have reduced complexity motion estimation algorithms which have a comparable performance to
FSA and in addition be easily implementable in hardware.

Since block matching algorithms individually estimate a motion vector for each
nonoverlapping reference block, this may resuit into block edge discontinuities causing disturbing
artifacts in the reconstructed frame. An alternative approach for motion estimation is the transform
domain technique which execute the cross-correlation function via the frequency domain [16],
[66]. Motion vectors are calculated using overlapped, windowed regions of the transform
coefficients of the image data. This reduces the block edge discontinuities resulting in a smoother
motion ficld. However, we note that the execution of the cross-correlation function is
computationally expensive resulting in a complex codec design.

We recall that the temporal redundancies are typically removed by using motion
estimation/compensation techniques while the spatial redundancies are removed by techniques such
as discrete cosine transform, vector quantization, etc. We note that these redundancies are
exploited independently. In addition, the residual video signal (i. e. the difference between the

motion compensated previous frame (r—1) and the current frame (¢)) tends to be highly



nonstationary [11]. Hence it is necessary to use a smaller block size to reduce the nonstationarity
of each block. However, this increases the number of reference blocks in a frame resulting in a
computationally expensive motion estimation algorithm. Recently, a wavelet transform based
motion estimation technique, namely multiresolution motion estimation (MRME) [11], [15] has
been proposed in the literature to reduce the computational complexity in motion estimation. Here,
wavelet transform is used to exploit both the spatial and temporal redundancies. In addition, we
note that wavelet transform is flexible in representing nonstationary video signals [11] resulting in
a simple and efficient video coder. In MRME, the cross-correlations among cach level of the
wavelet pyramid structure is exploited. However, the motion vectors are estimated separately for
each wavelet subimage at each pyramid level. Hence the MRME scheme is still a computationally
expensive procedure,

In this thesis, the problem of motion estimation is addressed from two perspectives,
namely, hardware architecture and reduced complexity algorithms. First, a VLSI architecture
which implements the full search block matching algorithm (FSA) in real time is presented. The
architecture consists of a two-dimensional structure of basic cells {BC's) where cach BC is capable
of computing the mean absolute error (MAE). The interblock dependency is exploited and hence
the architecture can meet the real time requirement in various applications. Most importantly, the
architecture is simple, modular and cascadable. Hence the proposed architecture is casily
implementable in VLSI as a codec.

We recall that since the FSA requires all possible candidate blocks to be scarched, it is a
computationally expensive procedure. In this thesis, we present two novel motion estimation
algorithms in the spatial and transform domains for video compression. The spatial domain
algorithm consists of a layered structure and alleviates the local optimum problem of fast scarch
algorithms. Most importantly, it employs a simple matching criterion, namely, a modified pixel
difference classification (MPDC) and hence results in a reduced computational complexity
compared to FSA. In addition, the algorithm is compatible with the recently proposed MPEG-1

video compression standard. Simulation results indicate that the proposed algorithm provides a



comparable performance to the FSA using MAE at a significantly reduced computational
complexity. In addition, the hardware implementation of the proposed algorithm s very simple
because of the binary operations used in the matching criteria.

Finally, we present a fast multiresolution motion estimation (FMRME) scheme based on
wavclet transform coding. In FMRME, the set of orientation subimages at each level of the
wavelet pyramid structure are first combined together into a single (all-orientation) subimage, and
then the motion estimation is applied on the newly formed subimage. The motion vectors of an all-
orientation subimage at a lower level are predicted from the motion vectors at the preceding higher
level and are refined at each step. This reduces the search time for the motion vectors by 66% of
that MRME scheme. In other words, the FMRME scheme has the advantages of significantly
reduced side information for motion vectors and search time. This corresponds to significant
improvements in coding performance of the FMRME based wavelet coding compared to the
MRME based wavelet coding for video compression. Simulation results show that the
performance of FMRME is comparable to the MRME approach and confirm the reductions in
execution time.

This thesis is organized as follows: In chapter 2, we present a review of motion estimation
techniques in both spatial and transform domains. The new VLSI architecture for the FSA is
presented in chapter 3. In chapter 4, we present the reduced complexity block matching based
motion estimation algorithm. The FMRME scheme for wavelet transform coding is detailed in
chapter S. Finally, the conclusions and suggestions for future research work are given in chapter 6

followed by the bibliography.



Chapter 2

Review of Motion Estimation



In this chapter, we present a review of motion estimation. First, spatial domain motion
estimation techniques such as pel-recursive, block matching, etc. are reviewed. Since block
maltching is widely used for motion esiimation, the various block matching (BM) based motion
cstimation algorithms are detailed. These aigorithms are classified into three categories, namely,
fast algorithms, layered structure algorithms and inter-block motion field prediction algorithms.
This is followed by a review of transform domain motion estimation techniques such as the
multiresolution motion estimation (MRME) scheme in the wavelet transform domain. Finally,
various vidco compression schemes which use combinations of different inter/intra frame coding

lechniques are detailed.

2.1 Motion Estimation

We recall from chapter 1 that temporal redundancies correspond to the correlations between
successive frames in a video sequence. These redundancies can be greatly reduced by using
maotion cstimation/compensation techniques [5], [6]. This results in a considerable improvement in
compression performance compared to simple interframe replenishment coding, i.e. coding only
the differences between two successive frames. The two mainstream approaches for motion
cstimation are pel-recursive and block matching techniques. These techniques are used to obtain
(cstimate) the motion information for the pixels/group of pixels in a frame. This motion
information is then used to predict the current frame (f) from the previous frame (¢ — 1) resulting in
i motion compensated previous frame (r—1). The difference between the motion compensated

pervious frame (r— 1) and the current frame (¢) is then coded and transmitted to the receiver.

2.1.1 Pel-Recursive Techniques

In the pel-recursive techniques, the motion information is estimated for individual pixels
[17), [18], [19]. For each pixel in the current frame (¢) with luminance intensity 7,(x,y) (x and y
are the coordinates of the pixel), a pixel with the corresponding intensity level 7_ (x+dx,y + dy)

in the previous frame (#-1} is found where D=(dx,dy) is the displacement vector, i.e.



1(x,y)=1_/(x+dx,y+dy). Inpel-recursive algorithms, an initial estimate of the displacement
vector D, is used to obtain an improved estimate D,,; defined as follows:
D, =D +U, --- (2.1)

where U, is the update term of iteration i. The accuracy of the estimate D; is measured by a
function called displaced frame ditterence (DFD) which is defined as tollows:

DFD(x,y, D) =1 (x,y)—I_ (x+dx;,y+dy) - {2.2).
A good estimate of D; corresponds to a small valug of DFD resulling in a fast convergence of
equation (2.1). Hence the DFD function (equation (2.2)) can be used as a criterion for caleulating
the estimate D,,,.

Recently, Netravali ef al. [17] have proposed a pel-recursive algorithm which minimizes the

square value of the DFD criterion using the gradient method:

Dy =D, = &9, [DFD(x».D)F o

=D. - eDFD(x,y,D,)- VD‘[DFD(x,y, D))

where V, is the gradient operator with respect to D; and € is a positive constant. The procedure
for estimating the displacement vector D is illustrated in Figure 2.1. We note that the update term

U, at each iteration is proportional to the gradient V,[DFD(x.y, D, I* and constant € (equation

(2.3)). Substituting equation (2.2) into equation (2.3) yields:
D, =D - eDFD(x,y, D) V],_l(x - cix,-,y - dy,.)

d
ax - (2.4)
=D, - eDFD(x,y,D,)-{ 7 |- .., (x —dx;, y — dy,)
Jy
where V is a gradient operator with respect to the horizontal and vertical coordinates (x,y). A
larger value of € corresponds to a faster convergence but results in a less accurate estimate of the
displacement vector.
We note that the pel-recursive algorithms do not require the transmission of motion

information to the receiver since they recursively use the relative luminance change to determine the

motion in a frame. In other words, the receiver is also required o execute the motion estimation
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Figure 2.1: Illustration of Pel-Recursive Algorithm

algorithm [73]. We note that the pel-recursive algorithms are executed on each pixel of a frame
independently and require a few iterations of execution. This results in a computationally
expensive motion estimation process.

Wang et al. [20] have shown that pel-recursive algorithms are susceptible to noise. In
other words, the recursive operation (equation (2.1)) is invalidated if any one of the values used in
the calculation of the gradient (equation (2.4)) is corrupted by noise. In addition, failure of correct

cstimation on the edges is a major drawback of pel-recursive algorithms [20].

2.1.2 Block Matching Techniques

Block matching techniques reduce the computational burden in pel-recursive algorithms and
improve the prediction performance. Here, all pixels within a block are assumed to have the same
motion activity [5]. In the block matching process, the current frame (f) of a video sequence is
divided into blocks of size nxn. For each block (reference block) in the current frame (r), the
previous frame (¢ - 1) is scarched within a neighborhood (search area) in order to obtain the best
match block with respect to a prespecified error criterion. This process is illustrated in Figure 2.2.

The scarch area consists of (n+2p)x{n+2p) pixels, where p is the maximum allowed
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Figure 2.2: Block Matching Motion Estimation Process

(-1,-1) (0,-1) (1,-1)

(-1,-0) (0,0) (1,0)

|

(-1,1) 0.1 (1I,h)

Figure 2.3: Possible Candidate Blocks for n=2 and p=1

displacement, We note that the total number of possible candidate blocks is (2p+1)* and the

corresponding motion vectors range from (—p,—p) o (p,p) as illustrated in Figure 2.3 for n=2
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and p=1. The best match block is used as a prediction estimate for the reference block. The
relative displacement between the reference block and the best match block constitutes the motion

vector. The motion vectors together with the prediction error image (i.e. the difference between the

motion compensated previous frame (r~1) and the current frame (¢)) are then coded and
transmitted to the receiver. This contrasts with the pel-recursive techniques where motion

information is not required to be transmitted.

2.2 Block Matching Algorithms

The most intuitive approach for block matching is to use the full search algorithm (FSA).
For cach reference block, all possible (2p +1)* candidate blocks are searched to obtain the best
match block using a criterion such as mean square error (FSA-MSE), mean absolute error (FSA-
MAE) or pixel difference classification (FSA-PDC).
The mean square error (MSE) is defined as follows:

MSE(Ax,Ay) = ii(su +Ax, j+AY) - R ) -p<AxAy<p — (2.5)

i=l j=1
where R(i,j) is a reference block's pixel in the current frame (#) and S(i+Ax,j+Ay) is a
candidate block's pixel within a search area in the previous frame (¢-1). The candidate block
which minimizes the MSE function is selected as the best match block and the corresponding
displacement (Ax,Ay) is the motion vector (V). In algorithmic form, the FSA-MSE can be written

as follows:

Initialization: +«Ax=-p;
* Ay = -p; /* starting from the upper leftmost candidate block (Figure 2.3) */
+ Champion = =
Step: While (Ay < p)
While (Ax £ p)

« Distortion = MSE(Ax, Ay);

11



+ if (Distortion < Champion) then
* Champion = Dislortion;
* Motion Vector = (Ax,Ay);
end if
cAx=Ax+ 1;
end of while locop
s AX =-p;
s Ay=Ay+1;
end of while loop

« Motion Vector (V) = (Ax,Ay).

We note that execution of equations (2.5) involves n® accumulation, n® subiraction and n’
squaring operations for each candidate block. For example, in the MPEG standard |9] with n=16
and p=7, there are 255 (ie. (2 p+1)*) candidate blocks required to be scarched for cach
reference block. This corresponds to 65280 (i.e. 255% 16%) accumulations, subtractions, and
squaring (multiplication) operations to be executed. We note that the multiplication operations
contribute significantly to the high complexity of FSA-MSE.

The computational complexity of FSA-MSE can be reduced by using the mcan absolute

error (MAE) as the matching criterion which is defined as follows:

MAE(Ax,Ay) = iilsqi +Ax, j+Ay) = R(i, j) — (2.6)

i=1 j=1
We note that the multiplication operation in the MSE is replaced by the magnitude operation
in the MAE. The superior performance of FSA-MAE has been reported by Orchard {21}
However, execution of equation (2.6) still involves n* accumulation, n? subtraction and n’
magnitude operations for each candidate block. For the same cxample (n=16 and p=7), this
corresponds to 65280 accumulations, subtractions and magnitude operations to be exccuted.
Although FSA-MAE is less complex compared to FSA-MSE, it is still a computationally expensive

algorithm.

12



In order to reduce the computational burden in the MSE and MAE, Gharavi et al. [22] have
proposed a simple matching criterion, namely, pixel difference classification (PDC). In PDC, each
pixel in a block is classified as cither a matching pixel or mismarching pixel with respect to a

threshold ¢, i.c.
T, j,Ax,Ayy=1 if IS(i+Ax,j+Ay)— R, J)<t

=0 otherwise

- (2.7)

where 7(i, j,Ax, Ay) is the binary representation of the pixel difference with a value of one or zero

corresponding o a matching or mismatching pixel. The PDC criterion is defined as follows:

PDC(Ax,Ay) =3, Y T, j,Ax,Ay) -p<AxAy<p - (2.8)

i=l j=1
The candidate block which maximizes the PDC function is selected as the best match block and the

corresponding displacement (Ax,Ay) is the motion vector (V). The search procedure of FSA-

PDC can be written in algorithmic as follows:

Initialization: * AX = -p;
* Ay =-p;  /*starting from the upper leftmost candidate block (Figure 2.3) */
+ Champion = {0);
Step: While (Ay < p)
While (Ax £ p)
* Matching = PDC(Ax, Ay),
« if (Matching > Champion) then
* Champion = Matching;
* Motion Vector = (Ax,Ay);
end if
rAx=Ax + 1;
end of while loop
*Ax=-p;

cAy=Ay + 1;

13



end of while loop

» Motion Vector (V) = (Ax,Ay).

We note that PDC represents the matching algorithm as a binary process which consequently
reduces the computational complexity. For example, exccution of equation (2.8) involves only n’
comparison and n* increment operations which corresponds to 65280 comparison and increment
operations to be executed for the example of =16 and p=7. The performance of the PDC
criterion, however, depends on the choice of the threshold ¢. For example, a smaller threshold
value performs better than a larger threshold for a slow motion sequence. This is a result of the
large number of candidate blocks with the same PDC value for a large threshold. However, the
situation is reversed for a fast motion sequence. Hence the performance of FSA-PDC can vary

significantly based on the motion in the video sequence.

2.3 Fast Algorithms

The computational burden of FSA can be decreased by reducing the number of candidate
blocks required to be searched. Recently, several fast algorithms {23-28] have been reported in the
literature. These fast algorithms are based on the assumption that the error (MSE or MAE)
increases monotonically as the search moves away from the direction of minimum distortion (the
global optimum position). This results in a reduced number of candidate blocks to be searched.

For example, the orthogonal search (OS) algorithm [26] tracks the dircction of minimum
distortion by examining three candidate blocks in each step of the scarch procedure. The scarch
procedure for p=35 is illustrated in Figure 2.4. We note that cach intersection (of two lines)
represents one possible candidate block and the distance between two adjacent interscctions
(candidate blocks) is one pixel (Figure 2.3). In the first search step, the candidate block
corresponding to the motion vector (0,0) is called the search center. The errors (MSE or MAE) of
three candidate blocks in the horizontal direction ((-S,0), (0,0), (S5,0) where S is the distance

between the search center and the adjacent candidate block) are calcutated. The candidate block

14
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Figure 2.4: lllustration of Fast Algorithm - OS

with the smallest error becomes the search center in the next step ((S,0) in our example). This is
followed by the calculations of the errors of three candidate blocks in the vertical direction ((S,-S),
(8,0}, (8,8)). Once again, the candidate block with the smallest error becomes the search center in
the next step ((S,-S) in our example). Then the distance between the candidate blocks is reduced.
This procedure is repeated until the distance between the candidate blocks is one pixel. In

algorithmic form, it can be written as follows:

Initialization: * S=[p/2]; ([x] denotes the smallest integer that is greater than x)
*Ax=0,Ay=0;
* Stop = False;

Step 1: While (S > 0} and (Stop = False)
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* {AX, Ay) = the location of min (MAE(Ax-S, Ay), MAL(AX, Ay), MAE(Ax+S, Ay))
« (Ax, Ay) = the location of min (MAE(Ax, Ay-5), MAE(Ax, Ay), MAE(Ax, Ay+8)):
«if (S = 1) then Stop = True;
else S = [S$/2];
end of while loop

Step 2: Motion Vector (V) = (Ax, Ay),

We note that the OS algorithm involves sequential search steps, i.c. the set of candidate
blocks from the previous step is used as an initial set for the current step. For example, it requires
6 search steps and 13 search points (candidate blocks) for a search area size of p=7 and n=16.
This corresponds to 3328 (i.e. 13x 16%) accumulations, subtractions and magnitude operations to
be executed.

Another example of a fast algorithm is the parallel hierarchical one-dimensional scarch
(PHODS) algorithm [28]. In PHODS, the two-dimensional motion vector for cach reference block
is represented as two one-dimensional motion vectors (horizontal and vertical dircctions) which is
located independently (in parallel) along the two directions within the scarch arca. The scarch

procedure of this algorithm for p =35 is illustrated in Figure 2.5. In each search step, the errors of

- -5 -5
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‘ 1
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5 5
(a) Step 1 (b) Step 2 (c) Step 3

@ - denotes a candidate block to be scarched in each step
O - denotes the candidate block with smallest error in each step

Figure 2.5: Illustration of Fast Algorithm - PHODS

16



three candidate blocks are computed (the candidate block in the middle position is called the search
center). The candidate block with the smallest error becomes the search center in the next search
step and the distance between the candidate blocks is also reduced. Proceeding in this manner, the
oplimum position in each direction is found when the distance between two candidate blocks is one

pixcl. In algorithmic form, it can be writlen as follows:

Initialization: o § = 2loB2P
cAx=0,4y=0;
Step 1. While (S > 0)
PAR DO

* x axis: (Ax, 0) = the location of min (MAE(Ax-§, 0), MAE(Ax, 0), MAE(Ax+S, 0));
* y axis: (0, Ay) = the location of min (MAE(Q, Ay-S), MAE(D, Ay}, MAE(O, Ay+8));
END PAR DO
« 8 =85/2;
end of while lcop
Step 2: Motion Vector (V) = (Ax, Ay).

Note: PAR DO refers to the parallel execution of the stalements

We note that the PHODS algorithm requires 3 sequential search steps and 13 search points
(candidate blocks) for the same example with p=7 and n=16. This also corresponds to 3328
accumulations, subtractions and magnitude operations to be executed. However, we note that the
PHODS algorithm determines the motion vectors in the horizontal and vertical directions in
parallel. In other words, PHODS reduces the search time by 50% compared to OS.

Although the fast algorithms may result in a reduced number of candidate blocks to be
scarched, it may lead to a motion vector which converges to a local optimum rather than a global
opumum. This reduces the accuracy of the estimated motion vectors. Hence the performance of

the fast algorithms are generally poorer compared to the FSA.
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2.4 Layered Structure Algorithms

In order to alleviate the local optimum problem, Chun er af. [29] have proposed a layered
structure algorithm. In this algorithm, each candidate block is organized into a mean pyramid
structure [57], [58). For example, a candidate block A (size nxn with n =27, p=0) is written
as,

A={AGD:i=01, un1;§=0, 1, ., n-1) - (2.9).

The corresponding p-level mean pyramid {A,} is formed by successively averaging 2x2
neighboring pixels as shown in Figure 2.6. For example, a 4x4 candidatc block can be
organized as a 3 level pyramid. The block sizes of levels 2, | and O are 4 x4, 2X2 and | pixel,

respectively. In algorithmic form, the mean pyramid decomposition can be written as:

Step 1. Bottom Level: «letk=p and levelk be the original data, i.e. A = A;

Step 2. Level k-1: » fevel k-1 is obtained by calculating the mean for cach spatially contiguous,

non-overlapping block of 2 x 2 at level k,
A ()= A2L2))+ A QL2J+ D+ A Qi+ L2))+ A (2i+1,2j +1)
g-1\6 )=
4

where i =0,1,.....,af27*" 1

andj=0,1,....,nf27*" -1
Step 3. Termination: e<k=k-1;
= if k # 0 then goto Step 2

else Stop

In the first step of the algorithm, each candidate block is organized into a mean pyramid
structure. The FSA-MAE algorithm is executed at the top level (level 0) of the pyramids. A
candidate block is assigned 10 a candidate set of motion vectors if its error (MAE) is smaller than a
prespecified threshold. In the next step, the search is performed on level 1 of the pyramid and the
corresponding errors of the blocks in the candidate set obtained from the first step arc calculated.

We note that the number of blocks in the candidate set varies according to the scarch step. This
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Figure 2.6: Mean Pyramid Decomposition of a 4 x 4 Block

process is repeated until the bottom level (level 2 in Figure 2.6) of the pyramids are searched, i.e.

the motion vector is determined. An example to illustrate the search procedure for p =5 is given

in Figure 2.7. In algorithmic form, it can be written as follows:

Initialization: * Candidate Set C1 = all possible candidate blocks within the search area
* Arrange the reference block and C1 into a set of p-level pyramid structures,
«S=1
Step 1: While (S < p)
* Apply FSA-MAE on the pyramid level #5 of C1;
* Select Candidate Set C1 = all candidate blocks within a prespecified threshold;
+S=8+1
end of while loop

Step 2: Motion Vector (V) is determined.
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Figure 2.7: Illustration of Layered Structure Algorithm

Simulations reported by Chun et al. [29) show that the performance of this algorithm is
comparable to the FSA-MAE. However, this algorithm requires extensive amount of data
preparation since each candidate block has to be organized as a pyramid structure. Hence it is

computationally expensive.

2.5 Inter-block Motion Field Prediction Algorithms

An alternative approach to improve the search efficiency is to incorporate the prediction of
the inter-block motion information [30], [31], [32] in the search procedure. Since many blocks in
a large homogeneous area of a frame are likely to move in the same direction with similar
velocities, the motion vector information between two adjacent reference blocks are highly
correlated. Hence it is possible to predict the motion vector of a reference block from the motion
vectors of the adjacent biocks. This approach is illustrated in Figure 2.8 where a 2% 2n block is
divided into four n x n blocks (A, al, a2 and a3). The FSA algorithm is first applied on blocks A,
B, C and D. Block al is assigned the motion vector of either block A or B depending on whether
the motion vector of A or B results in a better match. Likewise, block a2 is assigned the motion
vector of either block A or C; and block a3 is assigned the motion vector of either A, B, C or D.

Hence the total number of operations is approximately 25% of the conventional FSA algorithm.
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2.6 Transform Domain Motion Estimation
2.6.1 Frequency Domain Cross Correlation Based Motion Estimation

We recall that block matching algorithms divide a video frame into a set of nonoverlapping
reference blocks of size n X n pixels and estimate a motion vector for each block. In other words,
cach motion vector is calculated without reference to any image information outside the
nonoveriapping reference block. This may result into block edge discontinuities causing disturbing
artifacts in the reconstructed frame. An alternative approach for motion estimation is the transform
domain approach where cross correlation functions are executed via the frequency domain [16],
[66]. In frequency domain algorithms (FDA), the motion vectors are calculated using overlapped,
windowed regions of the transform coefficients of the image data. This reduces the block edge
discontinuities resulting in a smoother motion field. We note that this requires the use of
overlapped transforms such as lapped orthogonal transform (LOT), complex lapped transform
(CLT), etc. where 2n data samples are mapped into n transform coefficients [74]. Recently,
Young et al. [16] have proposed a frequency domain algorithm based on complex lapped transform
(CLT). Here, a motion vector for each nxn block is calculated using information from a larger
block of size 2n x2n pixels, centered on the nx n block. The CLT is executed on the 2ax2n

block resulting in n X n transtorm coefficients. The motion vector is then estimated using the cross
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correlation function via these n x n transform coefficients. However, we note that CLT involves
complex exponential functions which is computationally expensive resulting in a complex codec

design.

2.6.2 Wavelet Transform Based Motion Estimation

We recall that motion compensation is used as an efficient temporal prediction in many
video coding schemes. However, the residual video signal (i. e. the difterence between the motion
compensated previous frame (2 —1) and the current frame (#)) tends to be highly nonstationary
{11] after motion compensation. Hence it is necessary to use a small block size to reduce the
nonstationarity of each block. However, this increases the number of reference blocks in a frame
resulting in a computationally expensive motion estimation algorithm. Recently, wavelet transform
has emerged as a promising technique for image processing applications duc to its flexibility in
representing nonstationary video signals. The superior performance of wavelet transform
compared to the DCT for video compression has been reported in [12], [13]. This is a result of the
absence of blocking effects and mosquito noise in wavelet transform coding [14]. We note that the

improved quality of reconstructed images is desirable for very low bit rate applications.

Wavelet Transform

The basic concept of one-dimensional wavelet transform is to represent any arbitrary
function as a superposition of basic functions P's (wavelets). Here, a function P and its
associated scaling function @ are defined such that the family of functions {P'(x)}, J € Z where
P’(x)=(2")? P(2’ x) is orthonormal [13]. The wavelet transform can be realized by using
guadrature mirror filters [69], [75] as shown in Figure 2.9 where h(n)= l/2(Q(x/2),Q(x—n))
and g(n) = (=1)"h(1—n). We note that h(n) and g(n) correspond to the impulse responsc of a
low pass filter and a high pass filter, respectively. The reconstruction filters have impulse

response h"(n) =h(1—n) and g (n) =g(1-n).
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Figure 2.9: Wavelet Decomposition and Reconstruction

In image processing applications, a two-dimensional separable wavelet decomposition is
implemented independently, first in the horizontal direction and then in the vertical direction. The
filter outputs are subsampled by a factor of 2. This results in orientation selective high pass
subimages and a low pass subimage. This process is then repeated on the low pass subimage to
form the next level of the wavelet (pyramid) decomposition. In other words, wavelet transform
decomposes an image into a pyramid structure of subimages with various resolutions
corresponding to the different frequency bands [34], {35], [36]. Each level of the wavelet pyramid
consists of three wavelel components, namely, the horizontal component W, the vertical
companent WY, and the diagonal component W°. As an example, a 3-level wavelet
representation of an image S, of size ax b pixels and the corresponding pyramid structure are

shown in Figures 2.10 and 2.1 1, respectively. A total of 9 orientation subimages and 1 low pass
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Figure 2.10: Wavelet Transformed Image
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Level 1

Figure 2.11: Wavelet Pyramid

subimage ( S; of size (a/8) x (b/8) pixels) arc obtained. The inverse wavelet transform of the low
pass subimage S, and wavelets W', W¢', WY resulls in a reconstructed subimage S, of size
(af4) % (b/4) pixels. Similarly, the inverse transform of S, and wl, wy, W results in a
reconstructed subimage §, of size (a/2) x (bf2) pixels while the original image §; is reconstructed
by inverse transforming §, and W;', Wy, W,. Hence, the wavelet representation provides a
multiresolution/ multifrequency representation of a signal with localization in both time and
frequency domains [34]. This property of the wavelet transform makes a nonstationary image
signal easier to code since the signal is decomposed into a set of multiscaled wavelets where cach

component becomes relatively more stationary.

Multiresolution Motion Estimation for Wavelet Transform Based Coding

Recently, a multiresolution motion estimation scheme (MRME) [11], [15] has been
reported for wavelet transform based video compression. This approach cxploits the cross-
correlations among each level of the wavelet pyramid structure in order to reduce the computational
complexity of the motion estimation. In the MRME scheme, the motion vectors at the highest level

of the wavelet pyramid are first estimated using the conventional block matching based motion
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Figure 2.12: Multiresolution Motion Estimation (MRME)

estimation algorithm. The motion vectors at the next level of the wavelet pyramid are predicted

from the motion vectors of the preceding level and are refined at each step. For example, the

motion vectors in W), WY, W/ are predicted from the motion vectors in W), W, W/,
respectively. Likewise, motion vectors in WY, W), W are predicted from the motion vectors in
W WY, WP This process is illustrated in Figure 2.12. We note that in [11], [15], motion

vectors are estimated separately for each wavelet subimage at each level of the wavelet pyramid. In
other words, the motion vectors in each subimage at each pyramid level (e.g. W', W,, W’ in

level 2) are estimated independently.
2.7 Video Compression Schemes

We recall that there exists two kinds of redundancies in a video signal, namely, temporal

and spatial. In this section, we review two video compression techniques (which exploit the
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spatial and temporal redundancies), namely, interframe hybrid coding [5] and motion compensated

wavelet transform coding [15].

2.7.1 Interframe Hybrid Coding

Interframe hybrid coding is a combination of transform and interframe prediction coding
[6]. Typically, each frame is partitioned into two-dimensional non-overlapping blocks. Block
matching algorithm is then executed on these blocks to obtain a set of motion vectors as discussed
in section 2.2. The prediction error (i.. the difference between the curvent frame and the motion
compensated previous frame) is then transform coded and transmitted to the receiver along with the
set of motion vectors. The block diagram of the coder is shown in Figure 2.13. The motion
estimation module in the coder is discussed in section 2.1. The other three major modules are the
discrete cosine transform, quantization and variable length coding modules. We now present the

details of these modules.
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Figure 2.13: Interframe Hybrid Coder
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Transform Coding

The fundamental concept of transform coding is to decorrelate the image data via an
orthogonal transform. An optimum transform should result in statistically independent coefficients
[60]. Clark [61] has shown that the Karhunen Loéve transform (KLT) [71} is an optimum
transform in terms of mean square error. However, it requires a large number of operations to be
computed. Hence it is usually replaced by suboptimal transforms [62] such as discrete cosine
wransform (DCT). Rao et al. [7] have shown that the performance of DCT is close to KLT.

Given a nxn block (i.e. f(x,y), 0< x,y<n—1),its DCT is given as follows [7]:

n=l n=1
F(n,,n,) = c(n, )c(nz)ZZcos 7, (2x + l)cos 2y +1) Flx,y) --- {2.10)
x=0y=0 2n 2n

where ¢(0) = Vl—n_ and c(n)=c(n,) = \/% for 1<n,n, <n-1

For a block of size nxn, DCT transforms the block into »* unique two-dimensional
spatial frequencies. The transform coefficient with zero frequency is called DC coefficient and
remaining n® — 1 coefficients are called the AC coefficients. We note that the energy of the image
is concentrated in the low frequency coefficients. The choice of block size is a trade-off between
compression efficiency and image quality. A larger block size provides a better compression since
more pixels are used to exploit the spatial redundancies [10]. However, this results in disturbing
artifacts such as blocking effects. Experiment results shown that a block size of 8x8 or 1616 is
a good compromise [10]. The block can be reconstructed by executing the inverse DCT (IDCT)
operation which is defined as follows:

n=-1 n-l

flx,y)= Z Zc(n, Ye(n,)cos

a=0n,=0

o 2x+1) A (2y+1) Fln,n,) e 211
2n , o

2n
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Quantization

Compression of an image is achieved by quantizing the DCT coefficients using a
predefined quantization table. Quantized coetficients are obtained by dividing cach DCT cocetticient
by the quantizer step size. We note that the quantizer step size may be different for cach DCT
coefficient. Since the human visual system is not sensitive to degradations at high frequencies
[10], a large quantizer step size can be used for high frequencies. This achieves further
compression without degrading the subjective visual quality. The quantized coefficients are then
zig-zag scanned as shown in Figure 2.14 into a one-dimensional symbol scquence. Finally, the

symbol sequence is entropy coded and transmitted to the receiver.

Variable Length Coding

In entropy coding (lossless coding), the redundancies that exist in the symbol sequence are
exploited in such a way that the process is reversible, i.e. the symbol sequence can be recovered
perfectly. A typical entropy coding technique is Huffman coding which assigns longer codewords
to symbols with lower probabilities of occurrence [63], [64]. We illustrate the Huffman coding

procedure in Figure 2.15. Here, we assume that a symbol sequence (source) to be coded consists
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Figure 2.14: The Zig-Zag Scan Path of the DCT Coefficients
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Figure 2.15:Huffman Coding - An Example

ol live letters, namely, A, B, C, D and E with probabilities 0.4, 0.25, 0.2, 0.1 and 0.05
respectively. First, the probabilities of the source are arranged in decreasing order (0.4, 0.25, 0.2,
{).1, 0.05). Next, the two smallest probabilities (0.1, 0.05) are combined to obtain a new single
value (0.15), resulting in a reduced set of probabilities. Once again, this set of probabilities is re-
organized in the decreasing order (0.4, 0.25, 0.2, 0.15) and the two smallest probabilities (0.2,
(0.15) are combined to yield a single value (0.35). This process is repeated until a single value
(which is unity) is reached resulting in a binary tree (Huffman tree). Each node of the binary tree
1s then assigned a binary number "1" and "0" to the left and right member, respectively. The
codeword for cach letter is the sequence of 0's and 1's obtained by tracing the path from the root to
the leat of the tree. For example, the codewords for letter A and E are 1 and 0011, respectively.

We note that the Huffman coding procedure results in a variable length code (VLC).
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2.7.2 Motion Compensated Wavelet Transform Coding

Motion compensated wavelet transform coding is a combination of wavelet transform and
interframe prediction coding. The block diagram of the coder is shown in Figure 2.16. This coder
consists of four major modules, namely, wavelet transform, multiresolution motien estimation,
quantization and variable length coding. The wavelet transform, multiresolution motion estimation
and variable length coding modules are discussed in section 2.6.1, 2,6.2 and 2.7.1, respectively.
We note that the wavelet decomposition is executed before the motion estimation/ compensation
process. Hence the wavelet transform exploits both the spatial and temporal redundancies in a

video sequence. We now present the details of the quantization module.

W . .
o~}
A

De-Quantization

+
Frame Memory
Multiresolution
| Motion Estimaltion
(MRME) Mouon Vectors

Figure 2.16: Motion Compensated Wavelet Transform Coder
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Quantization

We recall that compression of an image is achieved by the quantization of the transform
cocflicients. In wavelet transform coding, the adaptive truncation scheme [65] is typically used.
This scheme involves a simple floating-to-integer conversion and consists of three steps. In the
{irst siep, the transform coelficients (W) of all subimages are subtracted by a threshold T,
resulting in a smaller number of coefticients (TW) to be quantized. This process is defined as

follows:
TWE(, ) =Wh(G,j)=T WG H>T
=0 W, )T

forOSiSz—mN_T and 0< j<

-- {2.12)

2m-l
where N and M are the video frame size and m is the wavelet pyramid level. The next step is to

scale the coctficients by a quantizer step size D,

m?

resulting in a set of normalized coefficients
(NTW) | ie.

Lorr s
NTW (i, j) = —m—-—TWB("J ) - (2.13).

m
We note that the quantization threshold and quantizer step size may be different for each level of the

wavelet pyramid. For example, the low pass subimage (§; in Figure 2.10) may have a smaller
quantization threshold and quantizer step size compared to the high pass subimages (W,’, W/,
Wy in Figure 2.10). This is because the low pass subimage contains higher portion of energy of
an image. The normalized coefficients are then rounded to the next higher integer values to obtain
the quantized coefficients. Finally, the quantized coefficients are converted into a one-dimensional
symbol sequence which is entropy coded and transmitted to the receiver as discussed in section

2.7. 1

2.8 Video Compression Standards
Recently, the Consultative Committee on International Telephony and Telegraphy (CCITT)
and the Motion Pictures Experts Group (MPEG) of the International Standards Organization (ISO)

have proposed standards for video compression known as the H.261 and MPEG-1 standards,
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respectively [9], {10}, [67]. The H.261 standard is aimed at videophone and videoconferencing
applications, where real-time encoding and decoding are essential. Tt is often called the p*64
standard since the targeting bitrate is p x 64 kbit/sec where p is in the range of 1 10 30 [67]. The
MPEG-1 standard was originally developed for the storage applications (CD-ROM, cte.} at a bit
rate below 1.5 Mbit/sec [9]. The MPEG committee of the 1SO is currently drafting the MPEG-2
standard which is targeted for broader applications such as multimedia communications with bit
rate above 3 Mbit/sec [76]. We review the structure of the MPEG-1 coder as itis used as a
baseline for comparison with our simulation results in this thesis.

The block diagram of an MPEG-1 coder is shown in Figure 2.17. We note that this is
essentially an interframe hybrid coder (discussed in section 2.7.1) which employs motion
compensated prediction and interpolation followed by discrete cosine transform (DCT) coding.
Here, the video sequence is organized into a set of group of pictures (GOP). Each GOP approach
is a combination of one (typically) I (intra), one or two P (predicted) and the rest of B (bi-
directional interpolated) frames as shown in Figure 2.18. This contrasts with the simple interframe
hybrid coder where only the first frame of a video sequence is intra-frame coded and the rest are
inter-framed coded (predicted). We note that in each GOP, the I and P frames are divided into

blocks of 8 x 8 pixels where the DCT is performed. In other words, only the I and P frames are

Inverse De-
DCT < Quantizer

A

Quantizer  jete———

Forward >
DCT

Motion
1 Estimation

Adaptive block coding) *

Entro
Frome [ > MUX/
F Coder Buffer
tore Motion Information
Bit Stream *
Input Frames

Figure 2.17: MPEG-1 Video Coder
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P-Frame

I-Frame

Figure 2.18: MPEG-1 Group of Pictures (GOP)

DCT coded. The resulting coefficients are zig-zag scanned and run-length/huffman coded to
generate a bit-stream according to the syntax provided in the MPEG-1 draft. The B frames are
used to achieve higher data compression and are motion compensation interpolated at the receiver
from the already transmitted I and P frames. We note that the MPEG-1 standard specifies that the
representation of the motion information is based on square subblocks (16 x 16 pixels) of a frame.
Duc to the block-based motion representation, block matching techniques are typically used for
moltion ¢stimation in MPEG-1.

We note that MPEG-1 standard employs bidirectional motion estimation. Here, the
previous frame (¢~ 1) and the next frame (¢ + 1) are used in determining the motion vector for each
reference hblock. The motion vector corresponding to the frame ((¢ — 1) or (¢ +1)) which results in
the smallest matching error is transmitted to the receiver. A bit plane is used to indicate to the
receiver which frame ((£—1) or (¢ +1)) results in the smallest matching error for all the reference
blocks in the current frame. We note that bidirectional motion estimation deals with the problems
of covered and uncovered areas resulting in an improved performance compared to unidirectional
motion estimation [9]. For example, an uncovered area (e.g. scene change) may not be predictable

from the previous frame (f — 1), but can however be predicted from the next fame (¢ +1).
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2.9 Summary

In tuis chapter, we have presented an overview of the basic techniques for motion
estimation. We first discussed the concepts of block based motion estimation algorithms. The
algorithms have been classified into two categories, namely, spatial and transform domain
algorithms. Spatial domain algorithms such as full search algorithm, fast algorithms, layered
structure algorithms and inter-block motion field prediction algorithms were reviewed. This
followed with a review of transform domain algorithms. The motivation for the transform domain
algorithms was identified. We presented the concepts of the complex lapped transform and
wavelet transform based motion estimation algorithms. This followed with a review ol video
compression techniques such as interframe hybrid coding and motion compensated wavelet

transform coding. Finally, we presented the details the MPEG-1 video compression standard.
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Chapter 3

VLSI Architecture for Full Search
Algorithm
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We recall from chapter 2 that block matching techniques arc widely used for motion
estimation because of their simplicity. Recently, various block matching algoritﬁms {c.g. full
search algorithm (FSA) [6] and fast algorithms [23-28]) have been reported in the literature. We
recall that FSA has a high computational complexity since all possible candidate blocks are
searched for a match. On the other hand, fast algorithms reduce the computational burden by
facilitating searching on a smaller set of candidate blocks. This however reduces the accuracy of
the estimated motion vectdrs and also requires a complicated control structure. Hence, lor
hardware realization proposes, FSA is often preferred because of its regularity and lower control
overhead requirements,

Recently, hardware architectures which implement FSA have been reported in the literature
[37-48]. However, these architectures are either complex and/or non-cascadable. This results in
an increased hardware requirement and reduced flexibility in VLSI implementation.

In this chapter, we propose a VLSI architecture which implements the FSA-MAE algorithm
in real time. The proposed architecture consists of a two-dimensional structure of basic cells
(BC's) where each BC is capable of computing the partial MAE. We note that the architecture is
capable of executing the FSA-MSE algorithm by modifying the basic function exccuted by the
BC's. The architecture exploits the interblock dependency and can hence meet the real ime
requirement in various applications. Most importantly, the architecture is simple, modular and

cascadable. This makes possible VLSI implementation as a codec.

3.1 Review of Architectures for the Full Search Algorithm
In this section, we present a review of hardware architectures recently reported in the
literature for executing FSA. These architectures are classified into four categorics, namely,

general purpose multiprocessor systems, systolic arrays, tree architectures and content-addressable

memory (CAM) architectures.
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3.1.1 General Purpose Multiprocessor Systems

Several general purpose multiprocessor systems [37-39] have been proposed Lo execute
FSA for low bit rate video coding applications. These systems consist of programmable
nrocessors. Data (reference block and candidate blocks) is preloaded into the local memories via
the system bus and the matching task is distributed among several processors. For example, May
|37} has proposed a system consisting of 8 digital signal processors (DSP) and a control processor
for exceuting general tasks including FSA for the videophone application. Hoek {38] has
propused a chip which consists of 16 processors in a single instruction multiple data stream
(SIMD) architecture where instructions are broadcast from a central control unit [49]. Tamitani et
al. |39] have designed a real time video signal processor system which can execute the FSA. This
system employs 3 multiprocessor clusters which are composed of a set of processing modules,
two bus switch units and a variable delav unit. We note that these implementations have the
disadvantages of high cost and sub-optimal mapping of FSA onto the set of processors [45]. In
addition, communication bottlenecks as a result of multiple processors accessing the shared data
resources |41] limits the overall computational rate. Hence the use of these systems is limited to a

small class of applications.

3.1.2 Systolic Arrays

Recently, systolic arrays [501, [51] have been proposed in the literature to overcome the
communication bottleneck in general purpose multiprocessor systems. The concept of systolic
arrays is a general methodology for mapping high level computations onto hardware structures.
Systolic arrays consist of a set of locally interconnected, pipelined processing elements (PE's)
where cach PE is capable of performing some simple operations. In addition, data flows from the
system memory in a rhythmic fashion, passing through many PE's before returning to the
memory. The basic concept of systolic arrays is illustrated in Figure 3.1. The main advantage of

systolic arrays is that they provide a balance between the computation rate and the input/output
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Figure 3.1: Basic Principle of a Systolic Array

(/O) bandwidth. Moreover, the simplicity, regularity and modularity make systolic arrays casily
implementable in VLSL

Recently, systolic arrays implementations for executing FSA [40-45] have been proposed.
These architectures differ in terms of the mapping strategy (i.e. mapping an algorithm onto systolic
arrays). For example, Yang et al. [40] have proposed a one-dimensional semi-systolic array [50]
which executes FSA on 16 x 16 blocks. However, the large number of off-chip memory accesses
and the complexity of the address generation circuitry increases the input bandwidth and control
requirements. Komarek et al. [41] have proposed a two-dimensional systolic architecture with
local memories and shift registers in order to reduce the off-chip memory accesses. We note that
this architecture requires a total number of (4n +4) input/output lines (each line is ¢ither 8 or 16
bits wide) to compute a 2n X 2n reference block using a cascade of four nxn chips. This results

in a large pin count and is hence not an elegant solution for hardware implementation. Hsich et al.
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[45] have proposed a systolic architecture with serial data input to reduce the pin count. However,

this architecture employs a parallel adder which causes the bottleneck.

3.1.3 Tree Architectures

The third class of architectures for real time implementation of FSA is based on tree
structure. Recently, Jehng et al. [47] have proposed a tree architecture which maps FSA onto a
binary tree topology [49]. This architecture uses a memory interleaving technique [52] to enhance
the memory bandwidth (i.e. the number of words accessed per second). In addition, it employs a
flexible technique called tree-cut technigue which allows the execution of FSA on a 2nx2n
reference block using a # X n block architecture without any additional complex control structure.

However, the tree-cut technique requires four times more clock cycles to execute the FSA.

3.1.4 Content Addressable Memory (CAM) Architectures

The next class of architectures for executing FSA is based on content addressable memories
(CAM's). In a CAM, the data is stored, retrieved or modified according to its content rather than
its address [53], [54]. It allows parallel searching of a particular word pattern {word template) in
the memory. Recently, Idris et al. [48], [78] have proposed a CAM architecture for executing
ESA. This architecture stores all of the search area's pixels in the CAM. Each reference block's
pixel is compared to all of the search area's pixels in parallel as shown in Figure 3.2. This results
in a set of closest maich pixels. The best match block is a candidate block where all of its pixels
are closest match pixels. We note that this architecture requires all of the reference block’s pixels
to be compared with the search area in paralle! in order to meet the real time requirement. In other
words, operations A, B, C and D (shown in Figure 3.2) are required to be executed in parallel.
This corresponds to an increase in the storage capacity of the CAM by a factor of n® (i.e. for a

reference block of size n X n). Hence this architecture is hardware intensive.
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Figure 3.2: Required Operations for Executing FSA using CAM's for Block Size
n=2 and Maximum Allowed Displacement p=1

3.2 VLSI Architecture for the Full Search Algorithm

In this section, we propose a VLSI architecture which implements the FSA-MAE algorithm
in real-time. The architecture consists of a two-dimensional structure of basic cells (BC's) where
each BC is capable of computing the MAE. We note that the architecture is capable of executing
the FSA-MSE algorithm by modifying the basic function exccuted by the BC's. The architecture
can meet the real time requirement in various applications by exploiting the interblock dependency.
Most importantly, the architecture is modular and cascadable and hence makes possible
computation of a 2nx 2n reference block by a simple cascade of four nXxn chips. The

architecture can be easily implemented in VLSI as a codec.
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Figure 3.3: The Basic Cell (BC)

3.2.1 System Architecture
We recall from chapter 2 that the mean absolute error (MAE) is widely used for FSA

because of its superior performance. The MAE equation is given as follows:

MAE(Ax,Ay)= Y Y ISG+Ax,j+Ay) - RG,j  -p<AxAy<p (.1

i=l j=1
where R(,j) is a reference block's pixel in the current frame (t) and S(i+Ax,j+Ay) is a
candidate block's pixel within a search area in the previous frame (¢ —1).

The proposed architecture consists of a two-dimensional structure of nXxXn basic cells
(BC's) where each BC is capable of computing the partial MAE between a reference block and a
candidate block in the search area (Figure 3.3). The simplified architecture for n=3 and p=2 is
shown in Figure 3.4. To start with, the reference block's pixels are pre-loaded and remain fixed in
the BC's registers. A pixel of the search area is input at each clock cycle into the rightmost BC of
cach row (BCI, BC4 and BC7) and the corresponding partial MAE's are computed. The partial
MAE outputs are shifted to the adjacent (left) BC as shown in Figure 3.4. We note that IS(1,1)-
R{1, DI + IS(1,2)-R(1,2)] + IS(1,3)-R(1,3)l is available at the output of BC3 at ¢t =3 while IS(1,1)-
R(1, DI+ 1S(1,2)-R(1,2)1 + 1S(1,3)-R(1,3)1 + IS(2,1)-R(2, 1)1 + 1S(2,2)-R(2,2)! + 18(2,3)-R(2,3)! is
available at the output of BC6 at ¢ =4. Likewise, the MAE of the first candidate block is available
at the output of BC9 at t=35. The sequence of operations is illustrated using the Occupancy vs
Time chart [52] shown in Figures 3.5 and 3.6. In general, after an initial latency of 2n—1 clock

cycles, the MAE of the first candidate block is computed.
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We note that the output of the lefimost BC in each row is the input to the leftmost BC in the
next row. For example, the outputs of BC3 and BC6 are connected to the input of BC6 and BC9,
respectively. This necessitates a delay of 1 clock cycle between any two successive rows of BC's.
Hence there is a total delay of n—1 clock cycles in the last ~ow of BC's with respect to the first
row. In order to calculate all MAE's (as in equation (3.1)) for a fixed value of Ay while Ax is
varied from —p to p, n+2p pixels of the search area are input to each row of BC's. Since Ax is
varied from —p to p, there are a total of 2p+1 possible values of Ax. Hence a total number of
(n+2p)2p+1) pixels of the search area are required to be input 10 each row of BC's. The total
processing time for computing all MAE's for a reference black is given as given as follows:

T

aratet = (0 F (R +2P)2p+1)+n—1) clock cycles ---(3.2)
where n? clock cycles are required to load the reference block's pixels serially.

The MAE values are then entered into the best match selection unit (BMSU) which
essentially selects the candidate block with the minimum value of MAE (the best match block) and
the corresponding motion vector (V) is determined.

Il we assume that the BMSU requires only one clock cycle, the processing time for
computing the motion vector (V) for a reference block is given as follows:

T =(n*+(n+2p)2p+1)+n-1+1)

paraltel

) --- (3.3)
=(n"+n+2p)2p+ 1) +n) clock cycles

3.2.2 BC and BMSU Design

The detailed design of the BC is shown in Figure 3.7. The reference block's pixel is stored
in the register A while pl and p2 correspond to the partial MAE's from adjacent BC's (refer to
Figure 3.4). We note that the operations pl+ p2 and |§ — R| are performed in parallel. Hence the
cycle time of the BC is calculated as follows:

Toe = tans tliarcn t tapper + tiarcn

- (3.4)

= tps tlapper T 2turcn

We assume that the absolute subtractor requires at least the same processing time as the adder.
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Figure 3.7: The Detailed Design of BC

The block diagram of the BMSU is illustrated in Figure 3.8. It consists ol two units,
namely, a Best Match Selector and a Valid Candidate Block Menitor. The Best Maich Selector
selects the smallest MAE value among the MAE values generated from the two-dimensional BC's
structure. The champion register stores temporarily the smallest MAE value (current champion)
and is initially set to 1's in all its bit positions (i.e. the raaximum value). The incoming MAE
values are compared with the current champion. If the MAE value is smaller, then this value
becomes the current champion. The valid candidate block monitor keeps track and examines the

indices (Ax,Ay) of the incoming MAE values. If the incoming MAE belongs to an invalid region

MAE from 2-D Best Match | 1984 1 valid Candidate
BC structure Selector Block Monitor

valid

I
Motion Vector (V)

Figure 3.8 (a): Block Diagram of Best Match Selection Unit (BMSU) Design
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Figure 3.8 (b): The Detailed Design of Best Match Selection Unit (BMSU)

of the search area, 1.¢. the column counter has a value greater than or equal 2p+1 (corresponding
to the shaded regions in Figures 3.5, 3.6 and 3.?), an invalid signal (i.e. valid =0) is generated
and this signal will disable the output of the comparator in the Best Maich Selector. This avoids
the invalid MAE values from generating the wrong motion vector. We note that the row and
column counters have the indices of the current MAE value, while the row and column registers
contain the indices of the smallest MAE value. The column counter should be cleared every
(n+2p) clock cycles and the row counter should be incremented every (n+2p) clock cycles

since there are (n+ 2 p) pixels in each row of the search area.
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3.2.3 Performance Analysis
We recall from chapter 2 that the execution ol the MAE criterion involves n* operations.
Since FSA requires thatall 2p+ 1)’ possible candidate blocks are searched for a match, the total
number of operations for computing all MAE's for a reference block is given as follows:
Number of Operations = n*(2p+1)* --- (3.5)
If FSA is executed using a general purpose processor and assuming that only one clock cycle is
required to select the candidate block with the minimum value of MAE, the total processing time is

calculated as follows:

T ponera = n*2p+1)* +1 clock cycles --- (3.6).
Hence the speed up factor of the proposed architecture is given by:
T enera
Spamﬂef = Tg l
parallel - (37)-
_ nt2p+1) +1
P +n+2p)2p+1)+n

For example, if n= p =8, this corresponds to a speed up, Sy, Of 39.

We now illustrate the capability of the proposed architecture for executing the motion

estimation algorithm in real-time. For an image of size 512x 512 pixels, with n= 8, p=8, the
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number of clock cycles required for computing the MAE's for each block (equation (3.3)) is 480.
The total number of blocks in a frame is 4096 (i.e. (512/8) * (512/8)). Hence the execution time
for a frame is 19.7ms (i.e. 480 * 4096 * 10ns) assuming that the clock cycle is 10ns [55]. This
satisfics the real-time requirement (33ms).

In contrast to the architectures reported in the literature, the proposed architecture does not
employ any parallel adders and hence removes the computation bottleneck. Most importantly, the
architecture is modular and hence makes possible computation of a 2n % 2n reference block by a
simple cascade of four identical n X n chips. For example, Figure 3.10 illustrates the computation

of a 4 x4 reference block using a cascade of four 2 X 2 chips.
3.3 Summary

A VLSI architecture which implements the FSA-MAE algorithm has been presented. The

architecture computes the MAE of different (search area) candidate blocks in parallel. This results

search area pixels

search area pixels

0
-
I

I

|

I
—

search area pixels

search area pixels

Motion Vector

Figure 3,10: The Cascaded System for n=4
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in real-time computation of the motion vector. Most importantly, the architecture is modular and
cascadable and hence makes possible computation of a 2nx 2a reference block by a simple
cascade of four nxn chips. The proposed architecture is easily implementable in VLSI as a
codec.

We recall from chapter 2 that the full search algorithm yields the optimum motion vectors.
However, it is computationally expensive. Hence it is desirable to have reduced complexity
motion estimation algorithms which have a comparable performance to FSA and in addition be
easily implementable in hardware. In next chapter, we present a new reduced complexity block
maiching based motion estimation algorithm. This algorithm has a comparable performance to the
FSA-MAE. In addition, the hardware implementation is simple because of the binary operations

used in the matching criteria.
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Chapter 4

Reduced Complexity Block Matching
Algorithm for an MPEG Video Coder
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We recall from chapter 2 that the most intuitive approach for block matching is to use the
tull search algorithm (FSA) {6]. For each reference block, all possible candidate blocks are
searched to obtain the best match block. However, this is a computationally expensive procedure.
Several fast algorithms [23-28] (e.g. parallel hicrarchical one dimensional search (PHODS)) have
been proposed to reduce the computational burden in FSA. These fast algorithms are based on the
assumption that the error increases monotonically as the scarch moves away from the global
optimum position. This results in a reduced number of candidate blocks to be scarched.
However, such an assumption may lead to a motion vector which converges to a local optimum
rather than the global optimum. This reduces the accuracy of the estimated motion veetors, Hence
the performance of the fast algorithms are generally poor compared to FSA.

In this chapter, we present a reduced complexity block matching based motion estimation
algorithm which consists of a layered structure and hence alleviates the local optimum problem of
the fast algorithms. Most importantly, it uses a simple matching criterion namely, the modificd
pixel difference classification (MPDC). The MPDC criterion represents the matching algorithm as
a binary process which consequently reduces the computational complexity. In addition, the
algorithm follows the guidelines provided by the MPEG-1 video compression standard (reviewed
in section 2.8). The MPEG-1 video coder has been simulated using the proposcd layered structure
MPDC algorithm (LSA-MPDC) and other techniques such as FSA (using various matching criteria
including mean square error (FSA-MSE), mean absolute crror (FSA-MAE) and pixel difference
classification (FSA-PDC)) and PHODS. Simulation results indicate that the LSA-MPDC algorithm
performs comparable to the FSA-MSE and FSA-MAE algorithms at a significantly reduced
computational complexity. In addition, it is better than the FSA-PDC and PHODS algorithms. We
note that the hardware implementation of LSA-MPDC is very simple because of the binary

operations used in the matching criteria.
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4.1 Layered Structure MPDC Based Algorithm (LSA-MPDC)

We now present the layered structured and reduced complexity block matching algorithm
for motion estimation. The algorithm is based on a modified pixel difference classification
{(MPDC) as the matching criterion. In MPDC, each pixel in a block is first classified as either a

matching pixel or mismatching pixel with respect to a threshold G, i.e.
T3, j, A AY) =1 ifISU+Ax, j+Ay)— R(i, j)Ist

- (4.1)
=0 otherwise

where R(/, j) is a reference block's pixel in the current frame (¢), S(i + Ax, j + Ay) is a candidate
hlock's pixel within a search area in the previous frame (¢ —1) and T(i,j,Ax,Ay) is the binary
representation of the pixel difference. We note that this is identical to the PDC criterion (equation
(2.7)). A block is then classified as a matching block if all its pixels are matching pixels. The
MPDC criterion is defined as follows:

n M

MPDC(Ax,Ay)=1 if 3.3 T(i, j,Ax,Ay) = n® “42)
i=l j=1 T

=() otherwise

where MPDC(Ax,Ay) with a value of one or zero corresponds to a matching block or a
mismatching block.

In the search procedure, the number of candidate blocks varies according to the search
level. At the first level, a full search is performed using the MPDC criterion with a fixed threshold
(a power of 2) to obtain a smaller set of candidate blocks. Then, at each successive level, the
threshold is either halved or doubled and a new set of candidate blocks is obtained from the
preceding level. If the initial threshold is too low, it is increased (doubled) until the candidate set is
not a null set. Similarly, if the initial threshold is too high, it is decreased (halved) until the
candidate set is a nuH set or the threshold value becomes zero. We note that when the final set has
more than one candidate block, the search is performed using the PDC criterion (equation (2.8)).
The algorithm for p =35 is illustrated in Figure 4.1. The search procedure can be written in

algorithmic form as follows:

33



5 -Sp
0 0
5 5
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Figure 4.1: Illustration of the Proposed LSA-MPDC Motion Estimation Algorithm

Initialization: « Candidale set C1 = all possible candidate blocks;
« Set a variable UP = 2 and threshold t = 2™, where m > 0;
Step 1. = Perforn search on C1 using MPDC;
s Select candidate set C2 = all matching blocks,
« if C2 has 1 element then Stop;
else if (C2=NULLand UP20)m=m+ 1, UP=1;

elseif (C2#NULLandUP#1)m=m- 1,UP=0;
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Step 2: «if ((m < ) or (C2 # NULL and UP = 1)) Perform search on C2 using PDC and Stop;
¢lse if (C2 = NULL and UP = 0) Perform search on CI using PDC and Stop;

else Cl1 = C2 and goto Step 1;

One of the drawbacks of the LSA-MPDC algorithm is the number of iterations required for
convergence which depends on the motion in the sequence and the initial value of the threshold.
However, this number can be reduced by selecting the previous block's final threshold as an initial
threshold for the current block. In addition, the execution time for each iteration is smaller because

of the use of a simple matching criterion (MPDC).

4.2 Simulation Results

Simulations have been performed using the standard test sequence, "Miss America” and
“"PingPong" of CIF format (Common Intermediate Format) quantized to 8 bits per pixel on a 486
DX2 66 MHz personal computer running System V operating system. The test sequence "Miss
America” (352 x288 pixels) has slow to moderate motion with uniform background whereas
"PingPong" (352 x 240 pixels) has fast motion with high spatial details. The coding performance

is measured using the peak signal to noise ratio (PSNR) [4] which is defined as follows:
( Peak to Peak value of the original image data)’

PSNR = --- (4.3)
average mean square error
and the average mean square error (AMSE) is defined as follows:
1 N M
AMSE = —— i, j)— R(, )’ --- (4.4
NxMZZ(O(’ /)= RG.j)) (4.4)

i=1 j=l
where O(, j) is the original frame and R(i,j) is the reconstructed frame of size N x M pixels. We
note that the number of gray levels is 256 (i.e. 0 - 255) in a typical frame (quantized to 8 bits per
pixel). Hence the peak to peak value of the original image data is 255 and equation (4.3) can be
written as follows:

PSNR = %55_ - (4.5)

MSE

Five sets of experiments have been performed which are detailed as follows:

55



In experiment #1, the FSA-PDC algorithm has been simulated using difterent threshold
values (¢ =5 and 20). A block size of 16 X 16 (n =16) and a maximum displacement of 7 (p=7)
were used in this experiment. The PSNR of the motion compensated frame difference using FSA-
PDC are tabulated in Table 4.1. The corresponding PSNR vs Frame number are plotied in Figures
4.3 and 4.4 for "Miss America" and "PingPong", respectively. The simulation results confirm that
the choice of the threshold (¢) has a major impact on the performance of FSA-PDC, 1.c. a smaller
threshold value performs better than a larger threshold for a slow motion sequence while the
situation is reversed for a fast motion sequence.

In experiments #2 - #5, the MPEG- 1 video coder and decoder have been simulated using
the various block matching algorithms, namely, FSA-MSE, FSA-MAE, FSA-PDC, PHODS and
LSA-MPDC. We note that a threshold value of 10 was used in FSA-PDC in our experiments.

In experiment #2, the performance of the LSA-MPDC algorithm is compared with that of
FSA-MSE, FSA-MAE, FSA-PDC and PHODS (reviewed in sections 2.2 and 2.3) for an MPEG-|
video coder for a block size of 16 x16 (n =16) and a maximum displacement of 8 ( p=8). The
simulation results (PSNR) are tabulated in Tables 4.2 and 4.3 for the "Miss America” sequence at
1.18 Mbit/sec (compression factor 20:1) and "PingPong" sequence at 1.53 Mbit/sec (compression
13:1), respectively. The corresponding PSNR vs Frame number are plotted in Figure 4.5. The
resuits show that the FSA-MSE algorithm achieves the best performance in terms of PSNR for
both slow and fast moving sequences at an expense of a higher computational complexity. It can
be seen that the LSA-MPDC algorithm has a marginally lower performance compared to FSA-
MSE (and FSA-MAE) at a significantly reduced computational complexity. In addition, the
performance of LSA-MPDC is better than FSA-PDC and PHODS. We note that the PHODS
algorithm fails to capture the fast motion in the "PingPong"” sequence and its performance is
approximaizly 3 dB lower than LSA-MPDC. This is mainly because of the convergence to the
local optimum of the PHODS algorithm in a fast motion sequence which in rns results in a poorer

performance.
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The subjective qualities of the reconstructed images (frame number 6 of "Miss America”)
using various algorithms are shown in Figures 4.9-4.14. We note that although the FSA-MSE and
FSA-MAE algorithms achieve the best performance in terms of PSNR, they do not out-perform the
LSA-MPDC algorithm subjectively. This can be seen from the right eye of "Miss America”
(Figures 4.9, 4.10, 4.11 and 4.14) where the reconstructed image using the LSA-MPDC algorithm
is closer to the original image compared to the reconstructed images using FSA-MSE and FSA-
MAE.

In experiment #3, simulations were performed for a smaller block size of 8 x8 (n=38) and
a maximum displacement of 8 ( p =8, same as the experiment #2). The simulation results (PSNR)
arc tabulated in Tables 4.4 and 4.5. The corresponding PSNR vs Frame number are plotted in
Figurc 4.6. We note that there is an overhead of 0.1 bits/pixel (i.e. 0.22 Mbit/sec) because of the
increased number of motion vectors required to be transmitied. The bit rate including this overhead
is 1.45 Mbit/sec for the "Miss America” sequence and 1.75 Mbit /sec for the "PingPong"”
sequence. Here, the behaviour of the LSA-MPDC algorithm is similar to the experiment #2, In
general, a smaller block size should result in a better performance since the motion can be captured
more casily. This is confirmed by the superior performance (in terms of PSNR) of FSA-MSE,
ESA-MAE and LSA-MPDC. However, FSA-PDC does not perform better for smaller block sizes
with the same threshold value. The reason for the inferior performance is that maximizing the
number of matching pixels in the PDC criterion does not guarantee the minimum mean square
error,

In experiment #4, a larger search area (p =16) with a block size of 16X 16 (n=16) was
used 1o examine the effect of maximum allowed displacement on the coding performance. The
simulation results are tabulated in Tables 4.6 and 4.7. The corresponding PSNR vs Frame number
are plotted in Figure 4.7. We note that there is an overhead of 0.01 bits/pixel (i.e. 0.01 Mbit/sec)
because of the larger dynamic range of the motion vectors. The bit rate including this overhead is
1.2 Mbit/sec for the "Miss America" sequence and 1.54 Mbit/sec for the "PingPong" sequence.

The performance of the LSA-MPDC algorithm is similar to the previous sets of experiments. It
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can be seen that the FSA-MSE, FSA-MAE and LSA-MPDC algorithms perform identical (in terms
of PSNR) for p=8 and p =16 in the "Miss America” scquence. This is because slow motion
with an uniform background can be captured adequately using a small scarch arca. For the fast
moving "PingPong" sequence, a larger scarch area helps to improve the accuracy of the estimated
motion vectors and hence the coding performance.

In the last set of experiments, we have used a rectangular block of size 16 X8 and a
maximum displacement of 8 ( p = 8). This choice of block size is bascd on the fact that the motion
in a natural video sequence is typically in the horizontal dircction. We note that there is an
overhead of 0.04 bits/pixel (i.c. 0.07 Mbit/sec) because of the increased number of motion vectors
required to be transmitted. The simulation results are tabulated in Tables 4.8 and 4.9. The
corresponding PSNR vs Frame number are plotied in Figure 4.8 at a bit rate of 1.27 Mbiu/sec for
the "Miss America” sequence and at 1.6 Mbit/sec for the "PingPong” scquence. Once again, the
behaviour of the LSA-MPDC algorithm is similar to the previous set of experiments. 1t can been
that the performance gains using a block size of 16 x8 compared to a block size of 16X 16 are
larger in the fast moving sequence than in the slow moving sequence. This is mainly because the
"PingPong” sequence has more motion in the horizontal direction than the "Miss America”
sequence.

In summary, the performance of the LSA-MPDC algorithm is comparable to the FSA-MSE
and FSA-MAE techniques at a significantly reduced computational complexity. We note that the
reduction in computational complexity is due to the binary operations in the matching criteria. The
performance of LSA-MPDC does not depend on the initial threshold values as in the FSA-PDC
algorithm. In addition, LSA-MPDC consists of a layered structure, and hence does not converge

to a local optimum resulting in a superior performance compared to the PHODS algorithm.

4.3 Hardware Requirements
One of the major bottlenecks in executing the MPEG aigorithm in real time is the

computational complexity involved in the motion estimation process. The hardware components
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Figure 4.2 Hardware Requirements for the Various Motion Estimation Algorithms

required for the various block matching algorithms are shown in Figure 4.2. In the FSA-MSE and
FSA-MAE algorithms, (8 + 2log, n) bit full adders and full subtractors (equations (2.5) and (2.6))
are required for a block size of #xn [22]. In addition, the FSA-MSE and FSA-MAE algorithms
requires multipliers and magnituder, respectively. This makes the implementation of FSA-
MSE/FSA-MAE cxpensive. We recall that execution of PDC criterion (equations (2.7) and (2.8))
involves only comparison and increment operations. Hence the FSA-PDC algorithm requires only
threshold comparators and 2log, # bit counters [22)]. Since the MPDC criterion is an extension of

the PDC criterien, the requirements for the LSA-MPDC algorithm is similar to FSA-PDC. We
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note that the increment operations required in the PDC and MPDC criteria are binary operations.
Hence the corresponding hardware implementations are simpler compared to FSA-MSE and FSA-
MAE. We recall that the LSA-MPDC algorithm results in a sct of intermediate marching blocks
(candidate blocks) in each iteration and henee requires additional registers to store the intermediate
matching blocks. However, we note that the cach iteration of the algorithm results in a smaller
subset of candidate blocks compared to the previous iteration and hence only fewer registers are
required. In summary, the hardware requirements of the LSA-MPDC algorithm are significantly
lower compared to FSA-MSE and FSA-MAE. This makes real-time MPEG encoding is possible

with simple processing elements using the LSA-MPDC algorithm.

4.4 Summary

In this chapter, we have presented a reduced complexity block matching motion estimation
algorithm for an MPEG video coder. The proposed algorithm consists of a layered structure and
hence does not converge 1o the local optimum. Most importantly, it employs a simple maitching
criterion, namely, the madified pixel difference classification (MPDC). This overcomes the
computational burden in the FSA using the MSE or MAE criterion. In addition, the performance
of the MPDC criterion does not depend on the initial threshold value as in the PDC criterion.
Hence it results in a superior performance for both slow and fast motion video sequences. The
MPEG-1 video coder has been simulated using various block matching algorithms such as LSA-
MPDC, FSA-MSE, FSA-MAE, FSA-PDC and PHODS. Simulation results indicate that the LSA-
MPDC algorithm performs comparable to the FSA-MSE and the FSA-MAE algorithms at a
significantly reduced computational complexity. In addition, the performance of LSA-PDC is
better than the FSA-PDC and the PHODS algorithms. In addition, hardware implementation is
very simple because of the binary operations used in the MPDC and PDC criteria.

We recall from chapter 2 that in the MPEG-1 standard, DCT and motion estimation/
compensation are used to exploit the spatial and temporal redundancics, respectively. However,

these redundancies are exploited independently. In next chapter, we present a fast multiresolution
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motion estimation algorithm based on wavelet transform coding. Here, wavelet transform is used
to exploit both spatial and temporal redundancies resulting in an efficient video coding scheme. In
addition, the cross-correlation among cach subimage in the wavelet pyramid structure is exploited.

This results in a reduced computational complexity in the motion estimation process.
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Miss America Sequence PingPong Sequence
Frame # Threshold t =35 Threshold t = 20 Threshold t= 5 Threshold t = 20

2 37.26 34,79 2506 25.93
3 37.83 35.17 24.96 25.71
4 37.99 35.04 24,63 25.32

5 37.13 34.62 24.59 25.42
6 36.58 34.38 24.62 25.09
7 35.66 33.76 2421 25.02

8 37.96 35.09 2363 24.25
9 37.39 3492 2422 24.94
10 37.21 34.87 23.93 2498
11 37.46 35.14 23.88 24.86
12 37.82 35.15 24.61 25.26
13 38.00 35.13 24.38 25.19
14 38.24 35.28 24 .82 25.52
15 37.54 35.16 2447 25.19
6 37.10 34.79 24.83 25.95
17 37.68 35.00 25.36 26.61
18 37.35 34,84 26.62 27.37
19 35.74 33.96 2583 26.65
20 35.79 34.52 25.06 25.38
21 36.55 34.57 24.69 25.39
22 37.81 35.09 2425 25.29
23 37.40 34.94 2405 2470
24 37.11 34,92 2401 24.88
25 35.97 34.52 2372 24.54
26 37.63 35.03 23.25 23.65
27 37.63 35.10 23,01 23.56
28 38.23 3548 2223 22.55
29 37.83 35.12 21.52 22.06
3 38.00 35.30 21.72 22.00

Table 4.1: PSNR Values of the Motion Compensated Frame Using FSA-PDC
(n=16 and p=7)
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Frame # FSA-MSE FSA-MAE FSA-PDC PHODS LSA-MPDC
1 38.7 38.7 38.7 38,7 38.7
2 353 352 34.9 337 35.0
3 35.4 353 34.8 343 35.1
4 35.2 352 349 337 35.1
5 36.6 36.7 37.0 16.8 370
6 34.9 3438 35.0 34.3 35.3
7 352 35.2 243 4.3 34.5
g 35.3 352 34.5 34.1 35.0
9 389 38.9 38.9 389 389
10 36.6 36.4 36.0 35.4 36.4
1 36.8 36.8 58 35.5 36.2
12 36.8 36.7 35.5 34.7 35.5
13 377 377 37.7 37.7 317
14 36.3 363 4.8 33.7 35.1
15 36.1 16.0 352 34.1 35.4
16 36.2 362 35.6 34.4 36.1
17 38.9 389 38.9 38.9 189
18 35.6 35.6 35.8 34.2 35.3
19 36.0 345 4.8 4.9 35.4
20 36.4 336 33.1 33.0 34.3
2 37.0 34.1 339 348 37.4
22 36.6 33.9 33.1 33.5 34.6
23 36.4 34.1 33.8 338 4.6
24 36.4 345 35.0 34.4 35.1
25 188 18.8 38.8 38.8 8.8
26 36.0 36.0 35.1 348 35.5
27 36.1 36.1 35.4 35.6 35.8
28 35.7 357 35.6 35.2 35.6
29 372 372 375 374 375
30 36.3 363 35.1 352 35.8
31 36.1 359 35.7 358 36.1
32 35.7 35.7 36.0 35.1 36.3

Table 4.2: PSNR Values of Coded “Miss America' Sequence Using the MPEG-1
Coder (n=16 and p=8)
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IFraunc # FSA-MSIE I'SA-MAE FSA-PDC PHODS LSA-MPDC

1 317 313 317 31.7 31.7
2 258 25.6 229 17.3 231
3 238 236 23.0 17.7 233
4 237 23.5 226 17.2 23.0
5 254 249 245 19.1 256
6 23.6 233 21.9 174 230
7 239 234 223 17.5 22.8
8 25.2 25.0 2217 17.5 227
Y 31.6 316 31.6 316 316
[0 24.9 24.9 22.1 17.1 22,6
11 235 234 220 17.5 224
12 23.2 231 21.8 17.1 218
13 24,8 24.8 243 19.0 25.1
14 234 233 224 17.4 22.5
15 244 24.2 219 174 223
16 26.2 26.1 220 17.0 22.1
17 313 3L3 313 31.3 31.3
18 26.2 26.3 24.1 17.5 239
19 249 24.7 23.6 17.6 23.8
20 244 24.2 231 17.3 23.0
21 25.5 251 24.6 19.3 259
22 234 232 225 17.5 22.8
23 229 227 21.7 17.1 21.6
24 24.8 24.8 218 17.1 22.0

Table 4.3: PSNR Values of Coded "PingPong" Sequence Using the MPEG-1

Coder (n=16 and p=8)
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Frame # FSA-MSE FSA-MAE FSA-PDC PHODS LSA-MPDC
1 387 8.7 8.7 87 8.7
2 36.8 368 339 37 57
3 36.3 36.2 33.8 337 35S
4 36.3 363 339 33.9 5.7
5 37.5 375 36.1 36.8 37.0
6 361 36.0 332 340 352
7 36.5 36.6 333 34.5 357
8 36.5 36.6 333 338 35.8
9 389 389 389 389 89
10 36.8 36.8 339 353 366
11 369 37.0 337 35.3 36.2
12 36.9 369 339 4.7 59
13 372 372 364 37.6 37.7
14 36.3 363 34.6 33.6 358
15 36.3 36.3 34.3 34.2 36.2
16 36.3 36.3 35.1 34.3 o4
17 38.9 38.9 38.9 389 389
18 36.0 36.0 344 4.1 355
10 36.3 35.8 33.6 34.3 357
20 36.1 35.8 325 329 348
21 37.2 36.8 CKRY 36.9 36.9
22 36.6 36.2 332 342 355
23 37.0 36.7 327 35.0 5.8
24 36.8 36.7 339 35.0 36.2
25 38.8 38.8 38.8 38.8 388
26 36.6 36.0 344 353 36.3
27 36.7 36.7 343 356 364
28 36.2 36.1 34.4 349 5.9
29 374 374 364 374 36.8
30 36.2 36.1 347 35.5 36.3
31 36.1 36.2 34.7 35.8 357
32 36.2 36.1 34.7 35.1 36.3

Table 4.4: PSNR Values of Coded "Miss America" Sequence Using the MPEG-1
Coder (n=8 and p=8)
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Frame # FSA-MSE FSA-MAE FSA-PDC PHODS LSA-MPDC
1 3.7 317 317 317 317
2 27.6 274 24.0 17.8 249
3 25.5 254 234 17.7 247
4 25.1 248 232 17.3 24.5
5 264 26.1 24,9 19.7 26.8
6 25.0 248 23.4 17.5 244

25.3 25.2 23.5 17.7 244
8 273 272 23.0 17.6 244
9 316 31.6 31.6 316 316
10 26.8 26.6 226 17.5 24.0
11 251 249 22.5 17.6 24.2
12 24.6 24.3 22.7 17.2 243
13 259 25.6 24.0 19.5 264
14 24.6 24.4 22.5 17.2 24.1
15 25.8 25.6 22.6 17.3 24.1
16 27.4 274 223 17.3 24.1
i7 313 313 313 31.3 313
18 279 217 249 17.5 25.8
19 26.6 26.4 241 17.5 252
20 26.0 258 234 17.1 24.8
21 204 264 25.2 19.4 26.9
22 249 247 23.2 17.1 24.2
23 23.7 236 214 17.1 23.0
24 25.7 25.6 22.2 17.0 23.5

Table 4.5: PSNR Values of Coded ""PingPong"” Sequence Using the MPEG-1

Coder (n=8 and p=8)
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Frame # FSA-MSE FSA-MAR FSA-PDC PHODS LSA-MPDC
1 38.7 38.7 387 387 IR7
2 353 35.2 335 337 350
3 35.4 353 334 343 3501
4 352 352 334 3338 35.1
5 36.6 36.6 359 369 37.0
6 34.9 34.8 33.6 343 353
7 352 352 331 343 34.5
8 35.3 352 332 34.1 EEX
9 38.9 389 3849 38.9 38.9
10 36.6 36.4 343 354 364
11 36.8 36.8 342 a5.5 36.2
12 36.8 36.7 34.0 347 355
13 37.7 317 36.7 317 377
14 36.1 36.2 34.0 331 35l
15 36.0 36.0 34.2 339 354
16 36.0 36.2 34.6 344 36.1
17 38.9 389 389 38 38
18 35.6 356 35.0 339 36.2
19 36.0 34.5 34.1 34.9 354
20 364 336 328 33.0 342
21 37.0 34.1 134 35.0 374
22 36.6 339 324 336 34.6
23 36.4 34.1 330 338 34.6
24 364 345 34.0 344 35.0
25 38.8 388 388 388 kLR
26 360 36.0 338 34.8 35.5
27 36.1 36.1 34.0 35.6 358
28 357 35.7 34.1 352 35.6
29 372 372 36.3 374 375
30 36.3 36.3 34.6 352 35.8
31 36.1 359 35.1 35.8 36.1
32 35.7 35.7 35.2 35.1 36.3

Table 4.6: PSNR Values of Coded "Miss America” Sequence Using the MPEG-1
Coder (n=16 and p=16)
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Frame # 'S A-MSE FSA-MAE FSA-PDC PHODS LSA-MPDC

] 317 31.7 317 31.7 3.7
2 26.1 259 23.2 17.4 . 24.0
3 24.1 23.8 23.0 17.7 23.7
4 242 23.9 229 17.4 23.5
5 259 25.5 249 20.0 26.7
6 24.0 23.5 22.2 17.6 233
7 24.1 23.6 224 17.6 22,9
] 254 25.2 229 17.5 225
9 316 316 31.6 316 31.6
10 25.2 25.1 226 17.1 227
11 23.7 23.6 22.2 17.4 225
12 236 234 222 :17.1 22.5
i3 254 251 246 20.0 26.2
14 23.6 23.5 226 17.2 22.7
15 24.5 243 219 17.3 22,2
6 26.1 26.1 22,0 17.0 221
17 313 313 313 313 31.3
18 26.3 26.2 24.5 17.5 24.0
19 25.2 250 23.8 17.5 237
20 249 24.4 232 17.2 234
21 259 25.5 249 20.2 26.7
22 239 235 22.5 17.4 229
23 229 228 21.8 17.1 21.6
24 250 24.9 22.4 16.9 22.3

Table 4.7: PSNR Values of Coded ""PingPong" Sequence Using the MPEG-1

Coder (n=16 and p=16)
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Frame # FSA-MSE FSA-MAE FSA-PDC PHODS LSA-MPPDC
1 387 387 38.7 38.7 iR7
2 364 364 33.2 335 352
3 36.2 36.1 33 342 353
4 36.0 36.0 334 340 35.5
5 374 374 35.8 36.8 37.0
6 36.1 36.0 333 342 a5
7 364 364 331 349 35.0
8 36.1 36.1 331 343 35.2
9 389 389 38.9 389 38.9
10 368 36.8 343 353 36.4
11 36.8 369 34.1 35.2 357
12 36.7 36.7 339 344 A58
13 37.5 37.5 3649 316 37.6
14 36.3 364 338 337 357
15 36.3 36.3 344 343 359
16 36.3 36.3 34.6 34.5 36.1
17 8.9 389 389 389 389
18 35.6 359 347 34.1 351
19 358 354 340 34.7 356
20 35.8 35.4 325 333 345
21 36.8 36.5 34.6 36.5 37.1
22 359 355 33.0 342 35.4
23 368 363 33.0 34.7 354
24 36.0 35.7 34.0 34.8 358
25 38.8 38.8 38.8 38.8 38.8
26 36.5 36.4 34.0 35.2 356
27 36.6 36.5 34.0 352 35.4
28 36.1 36.0 340 34.9 36.2
29 37.0 37.0 364 37.0 37.0
30 36.7 36.1 346 349 36.1
31 36.0 355 346 354 359
32 36.2 36.0 34.6 34.8 36.3

Table 4.8: PSNR Values of Coded “Miss America" Sequence Using the MPEG-i
Coder (Block Size 16 x 8 and p=8)
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Frame # FSA-MSE FSA-MAE FSA-PDC PHODS LSA-MPDC

1 317 317 317 31.7 31.7
2 26.4 263 234 17.6 23.7
3 24.4 243 232 17.5 23.8
4 24.2 24.0 23.1 17.2 23.6
5 25.7 25.6 24.8 19.4 26.2
6 243 24.2 229 17.5 236
7 24.7 24.4 226 17.5 234
8 26.5 26.3 23.3 17.2 23.7
9 36 31.6 316 316 316
10 259 257 22.5 17.3 231
1 24.1 24.0 22.5 17.4 23.3
12 23.7 23.5 22.2 17.0 22.8
13 25.2 249 240 19.1 258
14 23.8 23.6 2235 17.2 23.1
15 24.6 24.5 219 17.3 22.9
16 26.4 26.2 220 16.8 22,9
17 313 313 313 313 313
18 26.5 26.6 241 17.3 24.1
v 254 253 23.6 17.3 239
20 25.2 25.0 23.0 17.0 237
21 259 25.7 25.0 19.2 264
22 24.0 2338 23.0 i7l 232
23 23.2 2341 215 17.1 22.0
24 25.2 25.1 22.1 17.0 22.5

Table 4.9: PSNR Values of Coded "PingPong" Sequence Using the MPEG-1

Coder (Block Size 16 x 8 and p=8)
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Figure 4.9: Original Frame No. 6 of the Miss America Sequence
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[igure 4.10: Reconstructed Frame No. 6 of the Miss America Sequence
Using FSA-MSE in the MPEG Coder at 1.18 Mbit/s, PSNR = 34.9 dB,

n=16and p=3§

-1
-1



Figure 4.11: Reconstructed Frame No. 6 of the Miss America Sequence
Using FSA-MAE in the MPEG Coder at 1.18 Mbit/s, PSNR = 34.8 dB,
n=16and p=3
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Iigure 4.12: Reconstructed Frame No. 6 of the Miss America Sequence

Using FSA-PDC in the MPEG Coder at 1.18 Mbit/s, PSNR = 35.0 dB,

n=106and p=8§8
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Figure 4.13: Reconstructed Frame No. 6 of the Miss America Sequence
Using PHODS in the MPEG Coder at 1.18 Mbit/s, PSNR = 34.3 dB,

n=106and p=38
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Figure 4.14: Reconstructed Frame No. 6 of the Miss America Sequence
Using LSA-MPDC in the MPEG Coder at 1.18 Mbit/s, PSNR = 35.3 dB,

n =16 and p=8
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Chapter 3

Fast Multiresolution Motion Estimation
Scheme for Wavelet Transform Coding
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We recall from chapter 2 that motion estimation/compensation is used as an efticient
temporal prediction in many video coding schemes. However, the residual video signal (1. ¢. the
difference between the motion compensated previous frame (¢ — 1) and the current frame (1)) tends
to be highly nonstationary [11]. Hence it is necessary 10 use a smaller block size to reduce the
nonstationarity of each block in the motion estimation process which in turn results in an increased
number of reference blocks and hence a computationally expensive motion estimation algorithm.
Recently, wavelet transform has emerged as a promising technique for image processing
applications due to its flexibility in representing nonstationary video signals. The superior
performance of wavelet transform compared to the DCT for video compression has been reported
in [12], [13]. This is a result of the absence of blocking effects and mosquito noise in wavelet
transtorm coding [14].

We recall from section 2.6.2 that wavelet transform decomposes an image into a pyramid
structure of subimages with various resolutions corresponding to the different {requency bands
[34], [35], {36]. Each level of the wavelet pyramid consists of three wavelet components, namely,
the horizontal component W*, the vertical component W', and the diagonal component WP (as
shown in Figures 2.10 and 2.11). In other words, the wavelet representation provides a
multiresolution/multifrequency representation of a signal with localization in both time and
frequency domains. This property of the wavelet transform makes 4 nonstationary image signal
easier 1o code since the signal is decomposed into a set of multiscaled wavelets, where each
component becomes relatively more stationary.

Recently, Zafar et al. [11], [15] have proposed a multiresolution motion cstimation scheme
(MRME) for wavelet transform based video compression (reviewed in section 2.6.2). In the
MRME scheme, the motion vectors at the highest level of the wavelet pyramid are first estimated
using the conventional block matching based motion estimation algorithm. Then the motion
vectors at the next level of the wavelet pyramid are predicted from the motion vectors of the
preceding level which are refined at each step. For example, the motion vectors in W, w/ and

W? are predicted from the motion vectors in W,', W™ and W2, respectively. We note that in
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[11], [15] the motion vectors are estimated separately for each wavelet subimage at each level of
the wavelet pyramid. Hence the MRME scheme is still a computationally intensive procedure.

In this chapter, we propose a fast multiresolution motion estimation (FMRME) scheme
hased on the wavelet transform for video compression. The proposed scheme exploits the cross-
correlation hetween the subimages in the wavelet pyramid structure resulting in significant
reductions in computational complexity of motion estimation. In FMRME, the set of orientation
subimages at each level of the wavelet pyramid are first combined together into a single (all-
oricntation) subimage, and then the motion estimation is performed on the newly formed
subimage. This contrasts with the MRME scheme where motion estimation is separately
performed on all the individual wavelet subimages. The motion vectors of an all-orientation
subimage at a lower level are predicted from the motion vectors at the higher (preceding) level and
are refined at each step. The FMRME scheme reduces the search time for the motion vectors by
66% compared to MRME. In addition, the FMRME scheme has the advantage of significantly
reduced side information for the description of the motion vectors. This corresponds to
considerable reductions in the bit rate for transmission of motion vectors. Hence the FMRME
based wavelet coding results in improvements in coding performance at a reduced complexity

compared to the MRME bhased wavelet coding for video compression.

5.1 Fast Multiresolution Motion Estimation (FMRME) Scheme

We note that the orientation subimages (i.e. the horizontal component W, the vertical
component WY, and the diagonal component W?) at the same level of the wavelet pyramid
actually represent the same image in the same scale. Hence the motion vectors for different
orientation subimages at each level of the wavelet pyramid describe the same part of an object in a
scene in the same scale. In other words, the motion activities of the different wavelet subimages at
the same pyramid level are highly correlaied.

In the proposed scheme (FMRME), the correlations between the motion activities of the

different wavelet subimages are exploited to reduce the computational complexity in motion
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n x n blocks
Low Pass Subimage Sy
+ + = n X n blocks
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W WSV W? All-Orientation Subimage Wé\
+ + = 2n X 2n blocks
3 A
W: W: wf All-Orientation Subimage W,
+ + = 4n x 4n blocks
W2” w;’ W;) All-Orientation Subimage WZA

Figure 5.1: Wavelet All-Orientation Subimages

estimation. Here, the set of wavelet components at each pyramid level are combined into a single
all-orientation subimage, ie. W, WY, WP are combined into W3 W', W/, W,.” arc combined
into W W, WY, W2 are combined into W;', etc. This process is illustrated in Figure 5.1. We
note that the motion estimation is performed only on the all-orientation subimages (W', W/, W
etc.). This contrasts the MRME scheme where the motion estimation is separately performed on all
the individual wavelet subimages (W, , W, , W2, etc.). Hence the FMRME scheme cxploits the
correlation between the motion vectors of the subimages in the same pyramid level.

In addition, the motion activities at different levels of the pyramid are also highly correlated

since they actually characterize the same motion structure at different scales [11], [15]. Hence, in

FMRME, the motion vectors are first determined for the low pass subimage S, and the all-
orientation subimage W{. The motion vectors of the all-orientation subimage in the lower levels
of the wavelet pyramid are predicied from the motion vectors of the all-orientation subimage at the
higher levels and are further refined at each step. In other words, the motion vectors of W, arc

predicted from the motion vectors of W;' while the motion vectors of W3 are predicted from those
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of W{. If a block matching based motion estimation algorifhm is used, this process is illustrated
by the following equation:

Vi(x,y) =2V, (x, y)+ A;(x,y) fori=2,4 --- (3.1)
where V,(x, y) represents the motion vector of the reference block centered at (x,y) for the all-
oricntation subimage W and A,(x,y) is the incremental motion vector which is determined within
a reduced searci: arca centered at 2V,,(x, y). We note that the motion vectors V; can be determined
using a variety of block matching algorithms such as FSA, OS [26], PHODS [28] (reviewed in
chapter 2), etc. These motion vectors V; are then transmitted to the receiver. At the receiver, the
motion veetors of the all-oricntation subimage W? are assigned as the motion vectors of W/, WY
and W/ in order 10 reconstruct each wavelet subimage. This process is illustrated as foilows:

Vi) =V =V =Vi(xy)  fori=248 - (5.2)
An example of the FMRME scheme is given in Figure 5.2. The motion vectors of the all-

orientation subimage W' are first determined using the full search block matching algorithm with a

All-Orientation Subimage

All-Orientation Subimage

A
w4

Figure 5.2: Illustration of the Proposed FMRME Scheme
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maximum allowed displacement p. These motion vectors are then scaled appropriately and used
as initial estimates for the motion vectors in W7, The incremental motion vector A,(x, ) is then
calculated using equation (5.1) where the corresponding (reduced) scarch arca is centered at
2V,(x,y). We note that the size of the blocks are scaled to correspond to the level of the wavelet
pyramid, i.e. the blocks in all-orientation subimages Wy, W{ and W2 have sizes of nxn,
2n % 2n and 4n X 4n, respectively. With this structure, the number of blocks in the all-orientation
subimages is a constant and hence there is a one to one correspondence between a block at one
resolution level in the wavelet pyramid and a block at the same position (object) at another

resolution level.

5.2 Performance Analysis
The efficiency of wavelet transform coding can be measured using the entropy [68] of the

transformed images which is defined as follows:

H(}’{)=—-——!—2‘p(34:)10g2 p(x) bits! pixel --- (5.3}

allx

where X is a video frame of size M x N pixels and p(x) is the probability of occurrence of
luminance intensity of x. This gives the average information of the video frame X. In other
words, H(X) is the lower bound entropy for the lossless compression (i.e. the video frame can be
recovered perfectly) of X.

In this thesis, a simple wavelet transform based video coder (Figure 5.3) is used to evaluate
the performance of the FMRME and MRME motion estimation schemes. We recall from chapter 2
that this wavelet transform based coder consists of four major modules, namely, wavelel
transform, quantization, motion estimation and variable length coding {reviewed in section 2.6.2).
We note that the quantized transform coefficients together with the motion vectors are {irst variable
length coded (lossless) and then transmitied to the receiver. Since entropy is the measure of the
lower bound of the compression ratio for a lossless compression scheme, the total transmission bit
rate can be calculated as the sum of the entropy of the quantized wavelet coefficients (wavelet

transformed image) and the motion veclors:
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Figure 5.3: Motion Compensated Wavelet Transform Coder
Bit Rate(Quantized Wavelet Coefficients) - (5.4)
= Frame_Rate * M * N * (Average Entropy of Quantized Wavelet Coefficients)

Bit Rate(Motion Vectors) --- (5.5)
= Frame_Rate * (Number of Motion Vectors) * (Average Entropy of Motion Vectors)

and the total bit rate is given as follows:

Total Bit Rate = Bit Rate(Quantized Wavelet Coefficients) --- (5.6).
+ Bit Rate(Motion Vectors)

We note that there is one motion vector associated with each block of each subimage in the
MRME scheme. On the other hand, only one motion vector is associated with each block of each
all-orientation subimage in the FMRME scheme. The total number of motion vectors required to
be transmitted to the receiver for the two schemes are as follows:

For the MRME scheme:

number of motion vectors = M N *(3L+1) -~ (5.7)

2bxp by

where L is the level of the wavelet decomposition and # is block size.
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For the FMRME scheme:

. M N
number of motion vectors = ———* —;
20%p 2%*n

*(L+1) --- (5.8).

This corresponds to a reduction of number of motion vectors by a factor of (3L+1)/(L+1). For
example, for a video frame of size 360 x 288 pixels with a 3-level wavelet decomposition (L = 3)
and a block size of 3 (n = 3), the total number of motion vectors for MRME and FMRME are 18(K)
and 720, respectively. Since the bit rate is a function of the number of motion vectors required to
be transmitted (equations (5.5) and (5.6)), the FMRME based wavelet transform coding results in
significant improvements in coding performance compared to the MRME based wavelet coding for
video compression.

In addition, we note that the FMRME scheme performs the motion estimation only on the
all-orientation subimages. This contrasts with the MRME scheme where motion estimation is
separately performed on all the individual wavelet subimages. The total number of subimages
required to be executed for the two schemes are as follows:

For the MRME scheme:

number of subimages = 3L + 1 --- (5.9).
For the FMRME scheme:
number of subimages = L +1 - (5.10).
Hence the speed up factor of the FMRME scheme is (3L+1)/(L+1). If L >> 1, this corresponds

to a reduction of the search time by 66% of that of MRME.

5.3 Simulation Results

Simulations have been performed using the standard test sequences, "Miss America” and
"PingPong" (detailed in section 4.2). The full search algorithm using MAE as the matching
criterion (FSA-MAE) is used to obtain the motion vectors. The block size for the low pass
subimage S, and the all-orientation subimage W, are 3% 3 pixels and the corresponding maximum
allowed displacement p is 4 pixels. The maximum allowed displacements for all-orientation

subimages W, and W, are 2 and | pixels, respectively. The coding performance is measured
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using the peak signal to noise ratio (PSNR) and entropy. Four sets of experiments have been
performed which are detailed as follows:

In the first set of experiments, the FMRME and MRME schemes have been simulated to
compare their estimation accuracy. The entropy of the motion compensated frame difference for
"Miss America” and "PingPong” are tabulated in Table 5.1. The corresponding entropy vs frame
number is plotted in Figures 5.4. It can be seen that the entropy of FMRME is marginally higher
than the MRME scheme (approximately 3% and 9% higher for "Miss America” and "PingPong”,
respectively). This is mainly a result of the motion estimation performed separately for each
wavelet subimage by the MRME scheme at the expense of a significantly higher computational
complexity.

We recall that the motion vectors for different orientation subimages at each level of wavelet
pyramid are highly correlated since they actually describe the same part of an object in a scene.

This can be seen from Table 5.2 where the motion vectors of blocks #85-99 for W', Wy and W
for the rame No. 11 of "Miss America" using the MRME scheme are tabulated. The
corresponding motion veetors for the all-orientation subimage W using the FMRME scheme are
tabulated in Table 5.3. It can be seen from Tables 5.2 and 5.3 that the motion vectors are similar
which confirm that the performance of FMRME is comparable to MRME without significant
degradation in the estimation accuracy of the motion vectors.

The execution time for determining the motion vectors for frame No. 11 of "Miss America”
is tabulated in Table 5.4. The actual speed up of the proposed scheme is less than 3 (equations
(5.9) and (5.10)) as a result of the additional overheads involved for combining the wavelet
components into a single all-orientation subimage.

In experiments #2-3, the motion compensated wavelet transform coder as shown in Figure
5.3 has been simulated using the MRME and FMRME schemes for motion estimation. We note
only the first frame of the test sequence is intra-frame coded while the rest of the frames are inter-

frame coded. In our experiments, for intra-frame coding, a fixed quantization threshold T
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(equation (2.12)) of value 0 is used for all subimages while the quantizer step sizes D, 's (cquation
(2.13)) were I, | and 2 for the wavelet pyramid level 3, 2 and |, respectively.

In experiment #2, the performance of MRME is compared with that of FMRME for a
motion compensated wavelet transform coder. A fixed threshold 7 of valuc 2 is used while the
D 's were 2, 4 and 8 for pyramid level of 3, 2 and 1, respectively. The PSNR of the
reconstructed frames are tabulated in Tables 5.5 and 5.6 for the "Miss America” sequence. The
corresponding PSNR vs frame number is plotted in Figure 5.5. We note that the performance of
the FMRME based wavelet coding is comparable to that of MRME based wavelet coding (less than
0.5 dB difference). The entropies of the quantized wavelet cocfticients (quantized wavelet
transformed video frames) and the motion vectors are tabulated in Tables 5.5 and 5.6 (Figures 5.6~
5.8). The bit rates are 0.85 Mbit/sec and 0.99 Mbit/sec for FMRME and MRME, respectively
(equation (5.6)). This confirms that the FMRME based wavelet coding results in a considerable
reduction (15%) in the bit rate compared to the MRME based wavelet coding. In other words, the
FMRME based wavelet transform coding {or video compression has superior coding performance.

In experiment #3, the performance of the motion compensated wavelet coder using
FMRME scheme is compared with the MPEG-1 coder. The PSNR values of the reconstructed
frames are tabulated in Table 5.7 for the "Miss America" sequence at 0.26 Mbit/scc. The
corresponding PSNR vs frame number is plotted in Figure 5.9. It can he scen that the
performance of the FMRME based wavelet transform coder is comparable to the MPEG-1 video
coder. In addition, we note that the wavelet coder provides an approximately constant quality
among all of the inter-coded frames. This contrasts with the MPEG-1 coder where the P frames
have a better performance compared to the B frames. The subjective qualitics of the reconstructed
images (frame No. 7 of "Miss America”) are shown in Figures 5.15 and 5.16. It can be scen that
the reconstructed image using wavelet transform based coding is free from block effects resulting
in a superior subjective performance compared to the MPEG-1 coder.

In experiment #4, the effects of the quantization threshold T on the performance of the

FMRME based wavelet coding are examined. We note that any wavelet coefficient is discarded if
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its value is smaller than T. A larger T (T = 10) with the quantizer step sizes D, 's of 2, 4, 8 was
used. The entropy of the quantized wavelet coctficients and the motion vectors are tabulated in
Table 5.8. The corresponding entropy vs frame number is plotted in Figure 5.10. It can be secn
that there is a significant reduction in the entropy of the wavelet coefficients resulting in a smaller
hit rate (0.70 Mbit/sec). However, the PSNR of the reconstructed frames (plotied in Figure 5.11)
is approximately 2 dB lower than in experiment #2. This is because the slow motion in the "Miss
America" sequence is captured accurately by the FMRME scheme. Hence the residual (error)
frame (i.c. the difference between the current wavelet transformed frame and the motion
compensated previous wavelet transformed frame) has smaller values, especially at the lower level
of the wavelet pyramid (i.e. the high pass subimages). Hence the choice of the quantization
threshold has a significant effect of the coding performance.

In experiment #5, simulations were performed for the quantizer step sizes D,,'s of 2, 4 and
32 for pyramid level 3, 2 and 1, respectively. The change in the quantizer step size is used (o
examine the effects on the performance of the FMRME based wavelet coding. The entropy of the
quantized wavelet coefficients and the motion vectors are tabulated in Table 5.9. The
corresponding entropy vs frame number is plotted in Figure 5.10. The bit rate is 0.82 Mbit /sec
for the "Miss America" sequence. Once again, the slow motion in the "Miss America” sequence is
captured accurately by the FMRME scheme resuiting in small wavelet coefficients in the residual
(crror) frame. Hence the choice of the quantizer step size for the high pass subimage has a
marginal effect on the coding performance. This can be seen from the PSNR of the reconstructed

frames (plotted in Figure 5.11) which is similar to that of experiment #2.

5.4 Summary

A new and efficient block based multiresolution motion estimation scheme for video
compression has been presented. The proposed scheme combines the individual wavelet
subimages into a single all-orientation subimage on which the motion estimation is performed.

This reduces the scarch time by 66% compared to the MRME approach where the motion vectors
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for each wavelet subimage are determined separately. In addition, the side information for the
description of motion vectors are also significantly reduced. Hence the FMRME bascd wavelet
transform coding technique has superior coding performance. Our simulation results show that the
FMRME based wavelet coder has a reduction of bit rate by 15% compared to the MRME based
wavelet coder. In addition, simulation results demonstrate that the proposcd scheme has a
comparable accuracy of estimation of motion vectors compared to the MRME at a reduced
computationally complexity.

We recall from chapter 2 that the MPEG-1 coder employs the concept of bidirectional
motion estimation and bidirectional Interpolated frames (B frames) resulting in a reduction in the bit
rate. If we incorporate the same concepts in the motion compensated wavelet transform coder, this
should further reduce the bit rate of the coder. In addition, we have only used scalar quantization
to compress the wavelet coefficients (wavelet transformed video frames) in our simulations. If we
employ a more novel technique such as non-linear interpolative vector quantization [70] to exploit
the cross-correlations in the wavelet coefficients, this will further improve the performance (hit

rate) of the FMRME based wavelet transform coding for video compression [33].
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Frame #

"Miss America” Sequence

" Pine Pong" Scequence

MRME FMRME MRME FMRMIE
2 1.97 1.90 3.68 333
3 1.97 1.89 3.68 3.35
4 1.96 1.88 3.68 339
5 1.96 1.92 3.66 3.34
6 1.97 192 3.64 332
7 1.94 1.88 3.66 334
8 1.92 1.82 3.04 334
9 1.92 1.86 3.66 3.36
10 1.92 1.83 .70 339
11 1.92 1.85 3.66 339
12 1.92 1.87 3.70 3.40
13 1.91 1.86 3.69 340
14 1.90 1.84 3.72 3.36
15 1.94 1.86 3.70 3.38
16 1.96 1.90 3.67 344
17 1.99 192 3.74 3.38
18 1.99 1.91 3.76 3.39
i9 1.98 192 3.69 336
20 1.98 1.88 374 339
21 1.95 1.87 37 338
22 1.90 1.85 3.76 343
23 1.90 1.83 3.74 3.42
24 1.93 1.86 3.75 3.44
25 1.95 1.87 3.77 3.48
26 1.91 1.87 3.76 3.51

Table 5.1: Entropies of the Motion Compensated Frame Difference of "Miss

America" and "PingPong"
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Block Number

¢s | s6 | 87| s8 | 80 | oo | o1 | o2 | 03 | 0a |95 ]| 96]97]98 ] 9%
w,"'| 00 00]44]23)a3]31]23]33014]-30}00]00[007]00]00
w,Y| 00 00lo2|24]o00]or|13]o4]22]00]00]l00|00] 00} 00
w,”| 00 00 |4-1l04]24734]01]-1:3]03]44)00]00]00]00]00

Table 5.2: Motion Vectors for Frame No. 11 of "Miss America"
Using the MRME Scheme
Block Number

as | z6 | 87| 88 1 89 | 90 | o1 | 92| 93 | 04 | 95|96 | 97| 98 | 99

w00l ool12]1-4]44lo04]0-1]32]14]00f]00}00]00}00] 00

Table 5.3: Motion Vectors for Frame No. 11 of "Miss America"
Using the FMRME Scheme

MRME Scheme

FMRME Scheme

39.17 seconds

17.87 seconds

Table 5.4: Execution Time for Frame No. 11 of "Miss America"
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Entropy Entropy Entropy
Frame # PSNR Wavelet Coeflicients | Motion Vectors - Motion Vectors -
Horizontal Direction | Vertical Direetion
1 38.67 2.78 - -
2 34.66 0.06 241 2.35
3 34.57 0.09 249 248
4 34,29 0.10 246 2.44
5 34.30 0.10 242 2.44
6 34.17 0.10 2.50 242
7 34.25 0.08 2.44 2.45
8 34.14 0.05 252 243
9 3430 0.06 242 2.48
10 34.22 0.08 246 240
11 34.38 0.04 246 245
12 34.27 0.06 2.50 2.40
13 34.33 0.06 244 2.35
14 34.24 0.04 248 246
15 3451 0.06 243 247
16 34.10 0.09 2.55 2.44
Average 34.58 0.239 247 2.43

Table 5.5: Simulation Results of "Miss America" Using FMRME Based Wavelet

Transform Video Coder with Quantization Threshold T = 2 and

Quantizer Step Sizes D _'s =2, 4 and 8
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Entropy Entropy Entropy
Frame # PSNR Wavelet Coefficients | Motion Vectors - Motion Vectors -
Horizontal Direction | Vertical Direction

! 38.67 2.78 - -

2 35.05 0.06 2.54 2.49

3 34.79 0.08 2.61 2.55

4 34.64 0.08 2.62 2.53

5 34.50 0.08 2.62 2.60

i) 34.60 0.08 2.65 2.55

7 34.64 0.07 2.63 2.57

8 34.68 0.04 2.64 2.52

v 34.80 0.04 2.61 2.56

10 34.82 0.04 2.61 2.51

11 3493 0.04 2.62 2.56

i2 34.87 0.05 2.60 2.52

13 34.92 0.05 2.62 2.50

14 2496 0.04 2.63 2.52

5 35.04 0.06 2.59 2.53

16 34.88 0.08 2.63 2.55
Averge 35.05 0.229 2,62 2.54

Table 5.6: Simulation Results of '"Miss America" Using MRME Based Wavelet

Transform Video Coder with Quantization Threshold T = 2 and

Quantizer Step Sizes D_'s =2, 4 and 8
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FMRME Based MPEG-]
Frame # Wavelet Transfonn Video Coder
Video Coder
1 34.3 37.24
2 31.03 32.51%
3 31.90 32.76
4 31.66 3371
5 31.68 29.85
6 3L.68 30.66
7 L7 31.06
3 3171 30.15
9 31.87 37.35
10 3184 3136
11 31.96 32.46
12 31.92 3239
13 32.02 2970
14 31.93 30.02
15 32.06 29.89
16 31.98 29 89

Table 5.7: PSNR Values of Coded "Miss America" Using FMRME Based Wavelet
Transform Video Coder and MPEG-1 Coder at (.26 Mbit/sec
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Entropy Entropy Entropy
Frame # PSNR Wavelet Coefficients | Motion Veetors - Motion Vectors -
Horizontal Direction | Vertical Direction
| 38.67 278 - -
2 33.95 0.01 241 2.35
3 33.13 0.02 2.55 2.53
4 3248 0.02 2.52 2.52
5 32.30 0.03 247 2.52
6 32.20 0.03 2.54 2.48
7 3221 .02 2.54 251
8 32.26 0.01 2.57 246
9 32.39 0.02 2.50 2.58
10 32.31 0.01 2.46 243
11 32.47 0.01 2.53 2.54
12 3231 0.01 2.52 243
13 3236 0.02 2.57 2.49
14 32.37 0.01 2.55 2.56
15 32.42 0.01 2.51 2.53
16 32.23 0.02 2.54 2.56
Averge 32.88 .189 2.52 2.50

Table 5.8: Simulation Results of "Miss America” Using FMRME Based Wavelet

Transform Video Coder with Quantization Threshold T = 10 and
Quantizer Step Sizes D_'s =2, 4 and 8
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Entropy Entropy Entropy
Frame # PSNR Wavclet Coetticients | Motion Vectors - Muoton Vectors -
Horizoatal Dircction | Vertical Direction

1 38.67 2,78 - -

2 34.47 0.05 241 235

3 34.33 0.08 249 2.48

4 33.92 0.08 2.46 2,44

5 34.00 0.08 242 2.43

6 33.86 0.08 2.50 242

7 33.93 0.07 2.44 245

8 33.78 0.04 2.54 242

9 34.03 0.05 243 247

10 33.95 0.04 2.45 2.41

11 34.18 0.04 2.46 2.45

12 34.02 0.05 2.50 2.39

13 34.11 0.05 2.44 2,35

14 34.00 0.03 2.48 2.46

15 34.10 0.06 2.44 2.48

16 33.94 (.08 2.56 2.45
Average 34.33 0.229 2.47 2.43

Table 5.9: Simulation Results of "Miss America” Using FMRME Based Wavelet

Transform Video Coder with Quantization Threshold T = 2 and

Quantizer Step Sizes D _'s = 2, 4 and 32
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I"igure 5.12: Original Frame No. 7 of the Miss America Sequence



Figure 5.13: Reconstructed Frame No. 7 of the Miss America Sequence
Using FMRME Based Wavelet Transform Coder at 0.85 Mbit/s, PSNR =
34.25 dB
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Iigure 5.14: Reconstructed Frame No. 7 of the Miss America Sequence
Using MRME Based Wavelet Transform Coder at 0.99 Mbit/s, PSNR =
34.64 dB
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[igure 5.15: Reconstructed Frame No. 7 of the Miss America Sequence

Using FMRME Based Wavelet Transform Coder at 0.26 Mbit /s, PSNR =
31.72 dB
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IMigure 5.16: Reconstructed Frame No. 7 of the Miss America Sequence

Using MPEG-1 Coder at 0.26 Mbit/s, PSNR = 31.06 dB
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Chapter 6

Conclusions and Future Work
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6.1 Conclusions

In this thesis, the problem of motion estimation has been addressed from two perspectives,
namely, hardware architecture and reduced complexity algorithms. First, we have presented a
VLSI architecture which implements the full search block maiching motion estimation algorithm
(FSA) in real time. The architecture consists of a two-dimensional structure of basic cells (BC's)
Wht:I.‘C gach BC is capable of computing the mean absolute error (MAE). The interblock
dependency is exploited and hence the architecture can meet the real time requirement in various
applications. For example, in MPEG standard with block size of 16 x16 and maximum allowed
displacement of 8, the proposed architecture has a speed up factor of 90 over a general purpose
processor. Most importantly, the architecture is simple, modular and cascadable and hence makes
possible computation of a 2n X 2n reference block by a simple cascade of four nxXn chips. The
proposed architecture is easily implementable in VLSI as a codec.

Since the FSA requires all possible candidate blocks to be searched, it is a computationally
expensive procedure. Hence it is desirable to have reduced complexity motion estimation
algorithms which have a comparable performance to FSA and in addition be easily implementable
in hardware. In this thesis, we have presented two novel motion estimation algorithms in the
spatial and transform domains for video compression. The spatial domain algorithm consists of a
layered structure and hence does not converge to the local optimum. Most importantly, it employs
a simple matching criterion, namely, a modified pixel difference classification (MPDC), resulting
in a reduced computational complexity. In addition, the performance of the MPDC criterion does
not depend on the initial threshold value as in the pixel difference classification (PDC) criterion.
The MPEG-1 video coder has been simulated using the proposed layered structure MPDC (LSA-
MPDC) algorithm and other techniques recently reported in the literature (FSA-MSE, FSA-MAE,
FSA-PDC and PHODS). Simulation results indicated that the LSA-MPDC algorithm performs
comparable (o the FSA-MSE and the FSA-MAE algorithms (less than 0.4 dB in "Miss America”
and 0.7 dB in "PingPong") at a significantly reduced computational complexity. In addition, the

performance of LSA-PDC is better than FSA-PDC and PHODS. We note that the PHODS
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algorithm converges to the local optimum and fails to capture the fast motion in the “PingPong”
sequence. Hence its performance is approximately 3 dB lower than LSA-MPDC. We note that the
hardware implementation of the LSA-MPDC algorithm is very simple because of the binary
operations used in the matching criteria.

We recall from chapter 2 that in the MPEG-1 video compression standard, discrete cosine
iransform and motion estimation/compensation arc used to exploit the spatial and temporal
redundancies, respectively. However, these redundancies are exploited independently. In this
thesis, we have presented a fast multiresolution motion estimation (FMRME) scheme based on
wavelet transform coding. Here, wavelet transform is used to exploit both spatial and tem poral
redundancies resulting in an efficient video coder. In FMRME, the set of orientation subimages at
cach level of the wavelet pyramid structure are first combined together into a single (all-oricntation)
subimage, and then the motion estimation is applied on the newly formed subimage. The motion
vectors of an all-orientation subimage at a lower level are predicted from the motion vectors at the
preceding higher level and are refined at each step. The FMRME scheme has the advantages of
significantly reduced side information for motion vectors and search time compared 1o the
multiresolution motion estimation (MRME) scheme recently reported in the literature. Simulation
results show that the entropy of FMRME is marginally higher than the MRME scheme
(approximately 3% higher for "Miss America"). Since the bit rate is a function of the number of
motion vectors required to be transmitted, the FMRME based wavelet coding has a significant
improvement in coding performance compared to the MRME hased wavelet coding for video
compression. Qur simulation results show that the FMRME based wavelet coder has a reduction
of bit rate by 15% compared to the MRME based wavelet coder. In addition, the FMRME based
wavelet coder has comparable performance to the MPEG-1 coder at a significantly reduced

computational complexity.
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6.2 Suggestions for Future Work
6.2.1 Extension of the LSA-MPDC Algorithm

Some modifications to the LSA-MPDC algorithm can be made to improve its performance.
For example, additional speed up can be achieved by using the LSA-MPDC algorithm on a
pyramidal data structure [55], [56] which is a reorganization of the input video frame with
increasing resolutions from the top to bottom level of the pyramid [77]. In other words, a pyramid
decomposition provides a layered structure of data which matches the requirements of the LSA-
MPDC algorithm resulting in efficient motion estimation. Here, the MPDC criterion can be used at
the higher levels of the pyramid while the PDC criterion can be used at the lowest level. The final
value of the threshold for a specific block may be used as in initial estimate for the lower levels of

the pyramid which may result in a faster convergence.

6.2.2 Hardware Implementation of the LSA-MPDC Algorithm

In section 4.3, we presented the basic schematic of the hardware requirements for the LSA-
MPDC algorithm. Hence the actual design of the hardware implementation is a possible future
research work. The basic cell of the architecture can be identical to the schematic presented in
section 4.3. However, a major modification to the control unit design is required to synchronize

the (low of data.

6.2.3 Extension of the FMRME Based Wavelet Transform Coder

In our current implementation of the FMRME based wavelet transform coder, we have
used scalar quantization to compress the wavelet coefficients. However, it has been shown that
vector quantization provides a better performance compared to scalar quantization [72]. Hence the
extension of the FMRME based wavelet transform coder by employing a more novel technique
such as non-linear interpolative vector quantization [70] is a possible future research work. Since
this approach exploits the cross-correlations in the wavelet coefficients efficiently, this can further

improve the performance (bit rate) of the FMRME based wavelet transform coding for video
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compression [33]. In addition, we can also incorporate the MPEG standard's group of picture and
bidirectional motion estimation approach in the FMRME based wavelet transform coder which has
the potential to reduce the bit rate and improve the accuracy of the motion estimation.

In our simulations, we have used the adaptive truncation scheme to quantize the wavelet
coefficients, i. e. each subimage of the wavelet pyramid is uniformly quantized. Hence the design
of the specific quantization table for the wavelet coefficients is another possible future rescarch

work. This can result in improvements in the coding performance using the wavelet transform,
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