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Abstract

This thesis is focused on low computational cost and low encoding delay algorithms for
image/video coding and for the rate control problem. Ten algorithms and four estimates are
proposed which can be classified along three main streams. In the first stream, three algorithms
are designed for indirectly optimizing the visual quality for JPEG-LS for the same compression
rates as the standard. They are based on the different tolerance of HVS across different textures
and they exploit the prediction scheme of JPEG-LS for accurate texture identification. In the
second stream, pixel trend variation is used in the design of two algorithms in order to improve
the compression rates by up to 9% in the padding problem of boundary macroblocks in MPEG-
4. Pixel trend variation is also used through two novel algorithms in order to reduce the MSE
error by up to 3% for the same compression rates in the case of diagonal edge detection in
JPEG-LS. In the third stream, four novel estimates are proposed to optimize "on-the-fly" the R-
D performance of the MPEG-2 rate control scheme. This is achievable through exponential
modulation, non-variance based activity estimates and local activity estimation. Improvements
by up to 3.5db for the same bit rates as the standard were observed. Finally, two algorithms that
improve the "rate only" MPEG-2 rate control scheme in R-D terms, by explicitly considering
distortion in the quantization step size assignment through a Lagrangian based local
optimization are proposed. The proposed schemes achieve improvements of 0.5-1db as
compared to the 1db improvements of traditional R-D optimization techniques for the same
compression rates as the standard but with just a small fraction of the operations needed.

All the algorithms and the estimates proposed are ideal for online compression applications

where low computational complexity and encoding delay are of prime importance.
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CHAPTER 1 - INTRODUCTION

1.1 Introduction to image and video coding

The field of image and video coding has seen considerable advancements in the last
few years. It is a multi-disciplinary field, spanning electrical engineering, computer
graphics, networks and data communications, neural networks and human computer
interaction. Furthermore, image and video coding will be very important in the future for
two reasons: the need for storage savings and the need for bandwidth optimization.

The need for storage savings mostly affects the disciplines of computer science and
consumer electronics. In computer science, storage mostly relates to multimedia databases
stored in servers where the true size of the database changes dynamically and is affected
profoundly by the compression rates of multimedia elements. In consumer electronics,
storage is important in any digital device such as a camera or digital video disks where the
compression rate determines the quality of the stored medium (voice, images, home video
etc).

The need for bandwidth optimization is evident in any sort of information transfer.
Video and audio streaming, voice mail, multimedia applications over the web are just some
examples where bandwidth is an important factor. This is likely to become an increasing
problem due to the exponential growth of demand for multimedia based services.
Furthermore, bandwidth optimization is more important than storage conservation since
storage is relatively cheap while network capacity is expensive.

In image and video coding there are two conflicting requirements: compression and
quality (both objective and subjective). Although there is no exact mathematical

relationship between them, we can say that when compression increases, quality decreases



and vice versa. Any compression scheme also has to take into account the computational
overhead. Compression of images and videos is computationally expensive and low
computational cost schemes could provide better solutions for real time situations.

However there is a strong relation between image and video coding. While in the
case of image coding spatial redundancy is exploited for improving compression rates, the
extra temporal dimension gives more opportunities for exploitation of redundancy in video
coding. Quality issues (both in statistical terms and in visual quality terms) are common to
both image and video coding. In this perspective, any improvements in image coding are
either directly applicable to video coding or are applicable with minor modifications.

This thesis is focused upon the development of novel low computational cost
algorithms for image and video coding based on the JPEG-LS, MPEG-2 and MPEG-4
standards. Through these algorithms, new ideas will be explored for potentially improving
the standards and attempts will be made to reconcile the conflicting requirements of
compression and quality.

A detailed description of the standards is beyond the scope of any PhD thesis.
Image and video coding standards have been developed over a period of years from a large
number of people and after a strong collaboration between companies and academics.
However, the scope of this research spans more than one coding standard, seeking a

balance between compression rates, quality and complexity.

1.2  Research Objectives

The general research objective is to develop low cost algorithms for image/video

compression and for the rate control problem.

The specific research objectives can be summarized as:



1. To develop an HVS based approach for JPEG-LS and subsequently to add rate control
to the standard based on this HVS approach.

2. To utilize pixel trend variation for improving the padding scheme of MPEG-4 in terms
of compression performance and for performing low cost diagonal edge detection for
JPEG-LS.

3. To devise low cost estimates for "on-the-fly" improvements of the R-D performance of
MPEG-2 and to use Lagrangian theory for local optimization of the buffer based only

rate control scheme of the standard.

1.3 An Overview of the Thesis

Chapter 2 represents the “Literature review” part of this thesis, where essential background
and state of the art techniques about image/video coding will be presented. Since some of
the proposed algorithms in this thesis are based on properties of the Human Visual System
(HVS), the corresponding section refers to current research on this topic. Subsequently, in
the "Image and Video Coding standards” section, "the big picture” of the most important
image and video coding standards along with potential applications and trade-offs involved
will be presented. In the section about “Wavelet based image/video coding”, issues and
algorithms about the state of the art wavelet based codecs will be discussed. The section
about “Motion estimation and segmentation” will present some recent research efforts for
these two computationally intensive problems. The section about "Adaptive quantization”
will examine the problems of scalar and vector quantization as a more general case, and
many theoretical issues relating quantization and adaptivity will be investigated. This
section is very relevant to this thesis since many of the proposed algorithms use adaptive

quantization to improve R-D and visual performance. In the section entitled “Lossless



image compression”, adaptivity and modeling issues in the context of lossless coding will
be addressed through the description of the design rationale of the JPEG-LS standard for
lossless/near lossless image compression. The section entitled "Empirical versus model
based R-D approaches”, will present and critically evaluate previous work in the R-D
optimization area, relating to the proposed algorithms for low cost R-D improvements. The
literature review will conclude with a section entitled "Rate Distortion and complexity"”
which will address the issue of complexity in a rate distortion framework. This is relevant
to the presented algorithms in this thesis, since all of them are low computational cost
schemes. In Chapters 3-5, existing approaches relating to the investigated problems will be
examined on individual problem basis and research contributions will be presented in the
following order:

a) Proposed algorithms for the investigated problems.

b) Experimental results by testing the proposed algorithms against the standards.

c¢) Critical evaluation of the proposed algorithms along with conclusions.

Finally, Chapter 6 will conclude this thesis by summarizing the main research

contributions and proposing further research directions.

1.4 Research contributions

This thesis has resulted in a variety of contributions in refereed journals and conferences

which are represented by the following list:
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CHAPTER 2 - AN OVERVIEW OF IMAGE/VIDEO COMPRESSION

ALGORITHMS

2.1 The Human Visual System

The study of HVS has been covered within the field of psychophysics and it usually
involves intensive experiments and visual tests. A very useful model from this research is
the Multi-Channel model [1] according to which HVS is modeled as a bank of filters, with
each filter tuned to a specific band of spatial frequency and orientation. Two key concepts,
the contrast sensitivity and the masking effect govern the perception of the signal in each
band. The contrast sensitivity accounts for the perception of a single band and the masking
effect quantises the interactions between several bands. Contrast sensitivity is defined for a
given spatial frequency as the minimum amplitude of the signal required in order to be
detected. The Human Visual System perceives the output of each band with different
sensitivity. For example it is more sensitive to lower spatial frequencies than to higher
frequencies and is more sensitive to horizontal and vertical patterns than to diagonal ones.
The masking effect describes the fact that if there are more than one signal (in different
bands) present in the same area and the energy of the largest signal is higher than any
others by some threshold, all other signals will be masked. There are two types of masking
effects for still images. The first is due to the DC band of the signal. Because the DC band
corresponds to background luminance, it is also known as background luminance masking.
On the other hand, if the masking is caused by other higher frequency bands, it is usually
called texture masking. For video or motion pictures there is another type of masking
known as temporal masking. This is due to the fact that human eyes have to be focused on

an object long enough (e.g. 0.1 seconds) in order to clearly see the details of that object.



Hence, a scene with fast moving objects or frames just after a scene change is usually
masked. More details of HVS related studies can be found in [1-4, 26-30]. To distinguish
statistical from visual issues; two kinds of quality are currently used in image and video
coding research, namely the objective and the subjective quality. Objective quality is the
statistical measure of the distance between the original and the reconstructed image/video
frame and the usual metrics are the Peak Signal to Noise Ratio (PSNR) or the Mean Square
Error (MSE). On the other hand, there is no reliable statistical metric for subjective
quality, it can only be evaluated by running experiments with users or with reference to
models of HVS. In general, it seems that the requirement is that the tolerance of HVS to
distortion is frequency dependent in images, while constant or near constant distortion is
desired for video sequences due to extra sensitivity of HVS to luminance changes.
Comparing the objective and subjective measures of quality, we can say that PSNR or
MSE can show the average amount of information loss, while the subjective quality can

-show where the information loss occurred.

2.2  Image and Video Coding standards

2.2.1 Image coding

The research efforts have centered around the development of compression standards such

as JPEG lossy, JPEG-LS and JPEG2000 [5-6, 17-19].

JPEG lossy [31,111] can achieve high compression rates (> 80% typically) of arbitrary size
grey scale and colour images [32] at the expense of image quality loss. The image is split
into 8*8 blocks of pixels which are individually processed in a raster scan order from left

to right and from top to bottom. First, each 8*8 pixel block is transformed into the



frequency domain by using the Forward Discrete Cosine Transform (FDCT) [20]. This
transformation effectively packs the signal into 64 bands and the packed signal is
represented after transformation with 64 coefficients. FDCT and its inverse transform,
namely Inverse Discrete Cosine Transform or IDCT, are very important in the compression
pipeline since most of the compression is achieved due to these transforms. They are still
an active research topic with the majority of research centered around fast algorithms of
implementing them [32-35] or theoretical lower bounds for the minimum number of
operations required in implementations [36-42]. The DCTed coefficients produced by the
FDCT transform are quantized using frequency weighted quantization in the signal
domain. After quantization, the DCTed coefficients are processed in a zigzag order and are
finally entropy coded, based either on Huffman coding [21,110,112] or binary arithmetic

coding [110,113-115].

JPEG-LS is the latest standard for lossless/near lossless coding. The image pixels are
processed separately (i.e the 8*8 block structure is not used) and each pixel is predicted
based on a template of neighboring pixels. The errors (or the quantized errors in the near
lossless case) are entropy coded. The decoder follows the reverse procedure by using the

same prediction mechanism for reconstruction. More about JPEG-LS in Chapters 3 and 4.

JPEG2000 [6] is the newest standard for coding still colour images. It offers a variety of
important features such as:

e Very low bit rates (<= 0.25 bits/pixel) using wavelet based sub-band coding [43-49]

e Ability to compress/decompress both continuous tone and bi-level images

e Both lossless and lossy compression mechanisms

e Progressive transmission



Robustness to bit errors

Image security using labelling [50], stamping or encryption

2.2.2 Video coding.

In the field of video coding, the bandwidth is the determinant factor for the classification of

standards.

There have been several major initiatives in video coding such as :

Video coding for video teleconferencing, which has led to the ITU standards called
H261 for ISDN videoconferencing [22] . H263 for Plain Old Telephone Service
(POTS) [23] and H262 for ATM/broadband videoconferencing.

Video coding for storing movies on CD-ROM, in the order of 1.2Mbits/sec allocated to
video coding and 256kbits/sec allocated to audio coding which led to the initial MPEG-
1 standard.

Video coding for broadcast and for storing video on DVD (digital video disks) with on
the order of 2-15 Mbits/sec allocated to video and audio coding which led to the
MPEG-2 standard [51].

Video coding for low bit rate telephony over POTS networks, with as little as
10kbits/sec allocated to video and as little as 5.3kbits/sec allocated to voice coding,
which led to H324 standard [52].

Coding of separate audio-visual objects, both natural and synthetic, which lead to ISO-
MPEG-4 standard [17,54,55].

Coding of multimedia meta-data (i.e data describing the features of the multimedia

data) which lead to MPEG-7 standard.
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Px64 and the H2x (x=61,63) family [22-25] are used for low bandwidth
multimedia applications. The H261 video codec, initially intended for ISDN
teleconferencing is the baseline video mode for most multimedia conferencing systems.
The H262 video codec is essentially the high bit rate MPEG-2 standard and will be
described later in this Chapter. The H263 low bit rate video codec is intended for use in
POTS teleconferencing at modem rates from 14.6 to 56kbits/sec where the modem rate

includes video coding, speech coding, control information etc.

The H261 codec encodes video frames using a Discrete Cosine Transform (DCT)
on blocks of size 8*8 pixels, much the same as used for the JPEG lossy codec described
previously. An initial frame (called intra frame) is coded and transmitted as an independent
frame. Subsequent frames, which are modeled as changing slowly due to small motions of
objects in a scene, are coded efficiently in the inter mode using motion compensation
(MC)[53] on 16*16 pixel macroblocks (integer pixel displacement). The produced motion
vectors are transmitted together with the quantized DCT coded difference between the
predicted and original macroblocks. Quantization is performed using an adaptive quantizer

and entropy coding using a Huffman coder .

The H263 video codec is based on the same DCT and motion compensation
techniques as used in H261 but also provides several incremental improvements such as:

e Half pixel motion compensation

e Unrestricted motion vectors

e Arithmetic coding instead of Huffman coding
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MPEG-4: Most recently, the focus has shifted to object-based coding at rates as low
as 8kbits/sec or lower or as high as 1Mbits/sec or higher. The MPEG-4[17,54-55] standard
is the first audio-visual compression standard that follows the object based coding instead

of block based coding approach. The main advantages of the standard can be summarized

as:

Reduction of blocking artifacts due to the non block based coding mechanism

Audio and video stream synchronization which is important for multimedia
presentations
e Supports user interactivity necessary for multimedia authoring through scene
composition from arbitrary audio-visual objects
e Ability to easily edit parts of the compressed bit-stream without requiring fuil
decompression

More about MPEG-4 in Chapter 4.

The MPEG-1 Video Coding Standard [7,8,97,98] is a true multimedia standard with
specifications for coding, compression and transmission of audio, video and data streams
in a series of synchronized multiplexed packets. The driving focus of the standard was
storage of multimedia content on a standard CD-ROM, which supported data transfer rates
of 1.4Mbits/sec and a total storage capacity of about 600Mbytes. The video coding in
MPEG-1 is very similar to the video coding of the H.26X series described above. Spatial
coding is achieved by taking the 8*8 pixel blocks, quantizing the DCT coefficients based
on perceptual weighting criteria, storing the DCT coefficients for each block in a zigzag
scan and doing a variable length coding on the resulting DCT coefficient stream. Temporal
coding is achieved by using the ideas of uni and bi-directional motion compensated

prediction with three types of pictures, namely:
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e [ orintra pictures which are coded independently of all previous or future frames.

¢ P or predictive pictures which are coded based on previous I or previous P pictures.

¢ B or bi-directionally predictive pictures which are coded based on either the next
and/or previous pictures.

The MPEG-2 standard [7,8,97,98] was designed to provide the capability of
compressing, coding and transmitting high quality, multi-channel signals over terrestrial
broadcast, satellite distribution and broad-band networks. The MPEG-2 video part of the
standard was originally designed for high quality encoding of interlaced video from
standard TV with bit rates in the order of 4-9 Mbits /sec. As it evolved, MPEG-2 video was
expanded to include high-resolution video, such as HDTV, as well as hierarchical or
scalable video coding for a range of applications. The video encoder consists of an inter-
frame/field DCT encoder, a frame/field motion estimator and compensator and a variable
length encoder (VLE). The frame/field DCT encoder exploits spatial redundancies and the
frame/field motion compensator exploits temporal redundancies in the video signal. The

standard uses the same frame types as MPEG-1.

2.3  Wavelet based image/video coding

Wavelet based image/video coding is the newest trend in the field and has become a reality
mainly due to reductions of the computational complexity of proposed schemes. The
benefits of using wavelets for compression can be summarized as better rate distortion
performance (R-D) at lower bit rates and scalability in both rate and quality. Scalability of
rate and quality is aided by the wavelet transform itself since the separation between the
“base” image/video signal and its details is performed naturally. JPEG 2000 used wavelets

for compression and the main algorithm employed is based on Shapiro’s contribution [44],
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better known as the embedded zerotree wavelet (EZW) algorithm. The central ideas in this
algorithm are joint exploitation of significant redundancy between subbands and

progressive encoding. The algorithm can be described as follows:

Step 1: Search all coefficients to find the one with the maximum magnitude, Cmax - The

initial threshold is then determined as: Ty = PCmTaxll

Step 2 (Dominant pass) : Scan all coefficients into the encoder along the zigzag route as
shown in Figure 2.1. For each coefficient, one of the four classifications is assigned:
positive symbol (POS), negative symbol (NOS), isolated zero symbol (IZ) and zerotree

root symbol (ZTR). The details of such assignment are illustrated in Figure 2.2.

Step 3 (Subordinate pass) : Divide the range [TO,ICmaXI) into two intervals:

[To,M).[M,|Crax|), Where M=(Tp +|Crax|)/2is the medium value in the range.
Examine all significant coefficients in the dominant pass. If each coefficient is greater than

M, the coefficient is assigned into the interval [M ’|Cmax|) and a bit 1 is produced.

Otherwise, bit 0 is produced. Details are illustrated in Figure 2.3.

LL3 | i3

> HL2
1es”| ms _»>
/

LH2/ HH?2

pad

e

LHI HH1

Figure 2.1: Scanning route
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Figure 2.3: Subordinate pass

Step 4: Change the threshold to half of its previous value. Repeat the process from Step 2
for all non significant coefficients until either there are no more non significant coefficients
or the threshold has fallen below a critical value.

The efficient exploitation of redundancy between subbands in the above algorithm lies on
the fact that once a coefficient in a parent subband is classified as insignificant (i.e. the
code Zero Tree Root (ZTR) has been produced), no bits need to be transmitted for its
descendant coefficients in a lower subband in case they are also insignificant. The only
exception to this rule (in which case an isolated zero code (IZ) code will also be produced)
is when an insignificant coefficient comes from a significant parent and has significant
descendants. This is a necessary price to pay in transmitting such a coefficient along with
the IZ code, in order to avoid losing significant information down the tree and therefore
generating large distortions. This scheme obviously improves compression rates since the

probability of having insignificant descendant coefficients stemming from insignificant
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parent coefficients is very high. It is also interesting to note that an insignificant coefficient
in a resolution T, can be classified as significant at a finer resolution T1. This is important
since it clearly shows that certain coefficients are only carriers of details in the signal.
Progressive encoding is achieved in the subordinate pass, as illustrated in Figure 2.3. For
every significant coefficient, an extra degree of detail is added in every subordinate pass
(represented by the produced bits O or 1) starting from the most significant bits (MSB) and
progressively reaching the least significant bits (LSB). In this manner, a bit-plane for
significant coefficients is produced in every iteration, signifying the added image detail for
the given resolution. Progressive encoding has become an important issue in state of the art
codecs due to mainly three reasons. Firstly, the progressive mechanism enables the encoder
to achieve a given bit rate pretty accurately at a low computational cost. Secondly, the
decoder can stop decoding at any given point, generating an image that is the best possible
representation with a given bit budget. This is of practical interest in broadcast applications
where multiple decoders of varying computational, -display and bandwidth capabilities
receive the same bit stream. Such receivers can decode the bit stream according to their
particular needs and capabilities. Thirdly, progressive encoding is also very useful for
indexing and browsing where only a rough approximation is sufficient for deciding
whether an image/video frame needs to be decoded or received in full. The process of
screening images/video frames can be sped up considerably if after decoding only a small
portion of the compressed data, one can decide if the target image/video frame is present. If
not, decoding is aborted and the next image/video frame is requested, making it possible to
scan a large amount of image/video frames quickly. Once the desired image/video frame is
located, it can be fully decoded. Shapiro’s algorithm was enhanced by Said and Pearlman
[43] who exploited further redundancy between subbands, thus achieving improvements of

0.3-0.6db for the same bit rates.
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24  Motion estimation and segmentation

In the context of video coding, a variety of sub-optimal search algorithms for block based
motion estimation have been proposed in the literature. All the proposed schemes attempt
to find a balance between speed of motion estimation, statistical quality of the
reconstructed frames as compared to the originals and bit rate of the transmitted motion
information. These algorithms can be broadly classified in two categories. The first
category consists of the traditional search algorithms such as Three Step Search (TSS)
[165], Four Step Search (FSS) [166], Spiral Search (SS) [167], Two Dimensional
Logarithmic Search (LS) [168], Orthogonal Search (OS) [169], Cross Search (CS) [170],
One at a Time Search (OTM) [171] etc. A common feature of the traditional search
techniques is that in terms of speeding up the motion estimation, they either choose to
evaluate (in terms of a statistical meiric) only a éubset of pixels inside the search window
or they c‘aven use early jump-out techniques in the pixel subset to speed up the computation
eveﬁ further. MPEG-2 (TM5) chose an intermediate solution in order to balance speed and
accuracy since it performs a full spiral search inside the search window, sped up by a jump
out technique applied every 16 pixels for the macro-block to be motion
estimated/compensated. MPEG-4 chose the Diamond Search (DS) [173-174], since it was
shown that for small motion, typical in video conferencing sequences, it outperforms all
other search methods in terms of computational complexity and reconstructed frame
quality [172]. The problem with the traditional search methods is that they do not exploit
the correlation of motion vectors of adjacent macro-blocks to the motion vector of the
macro-block to be encoded, thus making the choices of the initial point for the search and
of the size of the search window ad-hoc. This problem is addressed by the second class of
motion estimation methods, namely the predictive techniques where the initial search point

and the search window size are determined by a function of the motion vectors of adjacent
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macro-blocks. For example, in H263 the median of the motion vectors of adjacent macro-
blocks is chosen as initial search point. A wide range of predictive search methods have
been proposed. In the Adaptive Spiral Search (ASS), the size of the search window is also
adaptively chosen based on a threshold [175]. The median of the Mean Absolute
Differences (MAD) between adjacent macro-blocks and their predictors is used as a
threshold. The spiral search is stopped when the calculated MAD falls below this
threshold. In the Adaptive Window Size Search (AWSS), the motion vectors of the
adjacent macro-blocks are classified in three categories, namely small, large and medium
[175]. Each category corresponds to a certain window size. The window size that
corresponds to the category containing the majority of the motion vectors is chosen as the
size of the search window. In the absence of a clear winner, a medium window size 1s
chosen. A full search is subsequently performed only in the intersection of this window
and the original seé.rch spéce. In the Extended Majority Voting Search (EMV), the motion
\V/ectors‘of the adjacent macro-blocks will both determine the type of the search, TSS for
large motion and FSS otherwise, as well as thé initial search point [175].

Motion segmentation refers to labeling pixels/blocks associated with different coherently
moving objects or regions of a frame in a video sequence. The process of segmenting
motion can be seen as an extension of pixel/block based motion estimation, since groups of
pixels/blocks comprising scene objects or scene regions and having coherent motion are
assigned the same label. The estimation of the 2-D dense motion field, which is used for
determining coherent motion, can be block based (MPEG-2, MPEG-4), pixel recursive
based, optical flow equation based or deterrnined’ by Bayesian probabilities [176]. Motion
segmentation is particularly effective in the case of non-uniform motion of
pixels/objects/regions in a scene. Essentially, motion segmentation is an optimization

process since pixels/blocks comprising objects/regions have to be clustered one or more
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times according to whether they form a locally uniform motion field. As such, motion
segmentation algorithms are not appropriate in a real time video coding framework
because they are computationally expensive. It is difficult to associate a generic figure of
merit with a motion segmentation result according to Altunbasak et. al [177] since the
usefulness of segmentation really depends on the application. If motion segmentation is
employed to improve the compression efficiency, then over-segmentation may not cause a
concern provided that it results in reduction of errors between the object/region to be
encoded and its predictor. On the other hand, if it is used for object definition, as in the
MPEG-4 standard, then it is of outmost importance that the resulting motion boundaries
align with actual object boundaries. Although, it may not be possible to achieve this in a
fully automated manner, elimination of outlier motion vector estimates and imposition of
spatio-temporal smoothness constraints improve the chances of obtaining more meaningful
segmentation results. Various approaches exist in the literature for motion segmentation
[176] which may be grouped as segmentation by affine clustering [178], segmentation by
Hough transform analysis [179], segmentation by Markov Random Fields (MRF)
modeling [180] which is computationally intensive, segmentation by mixture modeling
[181], simultaneous motion estimation and segmentation [182], segmentation by dominant
motion estimation [183-184] and segmentation by change-detection-mask analysis with
temporal integration [185-186] . Segmentation by dominant motion analysis [183-184]
refers to extracting one object (with the dominant motion) from the scene at a time.
Multiple object segmentation can be achieved by repeating the procedure on the residual
image after each object is extracted. Multiple object segmentation could have some
problems when there is no single dominant motion in a scene. Wang and Adelson [178]
suggested clustering of affine motion parameters (initialized by dividing the frame into

blocks) with some pre- and post- processing. All pixel/block based segmentation methods,
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including [178,183], suffer from the drawback that the segmentation map may contain
isolated labels (outliers), thus suggesting potential over-segmentation. Spatial continuity
constraints in the form of Gibs random field models have been introduced to overcome this
problem [187]. The simultaneous Bayesian motion estimation and segmentation approach

has also been proposed [182] at considerable computational cost.
2.5  Adaptive Quantization

In scalar quantization, each of the samples (blocks) generated by the input source is
quantized separately. Then the set of input blocks S will be some subset of R , the set of
real numbers. The code-book design problem consists in selecting a finite number L of
values rER to be used as reproduction levels, as well as the corresponding codewords to
be transmitted, ¢; . For a sample X; and its corresponding reconstructed sample X;’, the
encoding algén'thfn will be such that X, =r; where r; is the reproduction level closest to
X;. Under the aséumption of a stationary source with known statistics, well known design
techniques can be used to determine the (r, c¢;) pairs. For instance, the Lloyd-Max
quantizer design technique [79,116] provides optimal, i.e distortion minimising 7’s for
fixed length c;’s . The model can be either explicit, through knowledge of the probability

density function (pdf) of the source, or implicit through the choice of a specific training
sequence or set of blocks as being characteristic of the source.

If S is a finite set (as is the case for example with image pixels) then one can use entropy
coding techniques to minimise the expected number of bits needed’to encode the source
without distortion, i.e X;=X;. This would be an example of lossless compression. Calling

51,82,--,Sy the elements of S , assume their probabilities p(s;),p(s;),....p(sy) are

known.Then the first order entropy of the source in bits is:
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N
H == p(s,)*logy(p(s)) @.1)

The entropy dictates a lowea bound in the number of bits per input sample needed to
transmit sequences generated by the source assuming that the source follows the model and
the samples are to be coded individually. Well known techniques such as Huffman or
arithmetic coding can provide performance close to the entropy. Note that given a

continuous set S and a set of reproduction levels r one can measure the expected

probability of the r;’s and then use entropy coding to determine the c;s. The resulting c; s

will be of variable length.
The main point to note is that both the scalar quantizer and entropy coder rely on having an
available model of the input source. In cases where the source is known to be non-

stationary one can resort to techniques that adapt the codebook to changing statistics.
When we encode blocks X; which contain n samples, i.e. for S a subset of R", we are

considering the more general Vector Quantization (VQ) codebook design problem. Similar
properties, although without a simple optimization procedure, can be defined for vector
quantization schemes. See [79] for an excellent review of VQ rechniques.

Note that as the dimensions of the vector increase, it becomes increasingly unrealistic to
expect to obtain explicit models of the source, hence VQ techniques rely on training
sequences to design the codebooks. Obviously the codebook obtained through training will
do a good job of representing the blocks within the training set , as measured by how well
the codebook performs for blocks outside the training set. Also increasing the dimension
of the vector increases the complexity of both the‘ codebook design and the encoding
procedure.

For the above reasons VQ schemes of interest typically rely on relatively small values of n

(number of samples). Given the complexity of generating a codebook typical approaches
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use a fixed one (JPEG, MPEG) although recent work has also explored different strategies
for updating the codebook "on the fly" while encoding the source [79, 117-121].

Due to the complexity of the codebook design and encoding mechanism of the methods
described above, all practical image/video coding algorithms rely on the "divide and
conquer” approach to make the coding design and encoding algorithm realizable. Discrete
cosine transform (DCT) based coding[122] , VQ[79] are examples of algorithms that
decompose the input signal into sub-blocks, which are independently quantized (sub-block
size codebooks can then be designed). Similarly, sub-band and wavelet coders produce
several sets of samples (each of the bands) which can then be quantized independently.
Let’s consider the design for a linear transform DCT based coder in more detail, since
Chapter 5 of this thesis refers to the MPEG-2 standard, which uses such a coder. A video
frame is first decomposed into blocks on which the DCT is computed. Then the resulting
set of coefficients (in the transform domain) is quantized. While there is no theoretical
justification to encoding independently the transform coefficients (or sub-bands in wavelet
based codecs), in practice this approach is used under the generally correct assumption that
after the signal decorrelation achieved by the DCT, the gain to be expected by using vector
quantization would be limited. Therefore, one can treat the set of all coefficients
corresponding to the same frequency as a single source for which a single quantizer has to
be designed. The problem of determining how coarsely to quantize each of the coefficients
is again one where models are typically used. For example in the case of DCT methods,
one can measure the variance of each of the coefficients based on an image or a set of
images and then use bit allocation techniques to determine the coarseness of quantization
[116]. This results in set of factors (usually denoted as a quantization matrix) which
specify the relative coarseness of quantization for each of the coefficients. For simplicity of

implementation, uniform quantizers are normally used and then the codewords for each of
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the possible quantized values are found in order to minimize the entropy using variations
of Huffman coding [21,110,112]. It should be pointed out that inter coefficient correlation
is exploited to some extent by using techniques such as zigzag scanning and run length
coding [123]. Example of this design technique can be found in [97,123,124].

Furthermore, to make the design of these systems more versatile, an additional parameter
called quantization parameter (QP) is also available. This determines the coarseness of
quantization for a given block (as the MQUANT parameter in MPEG) or for all the blocks
in the image (as in JPEG lossy). While the quantization matrix determines the relative
coarseness of quantization for each of the coefficients, the QP parameter scales the
quantizer step sizes equally for all the coefficients in the block, while preserving the
relative degrees of coarseness determined by the quantization matrix. Thus, if QP can
change on a block by block basis, it allows the encoder to assign different levels of
quantization coarseness to each block. Typically, increasing QP results in higher
compression at the cost of higher distortion. The role of this parameter is analogous to that
of the gain, in gain shape VQ schemes [79]. To transmit the coder corresponding to a given
input block it will be necessary to first communicate to the decoder which codebook was
selected and then transmit the index of the appropriate codeword. Thus, the QP value can
be seen as an overhead information.

Design of sub-band codecs [125,126] resort to similar techniques where quantizers are
designed a priori and trained on some representative set of images. Similar training
approaches have also been used for wavelet based coding schemes [127] . Only more
recent work [128], along with Shapiro’s pioneering zerotree wavelet based coding scheme
[44] have achieved a higher degree of adaptivity by exploiting dependencies between

bands while not requiring training.
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Finally, it should be pointed out that choosing the codelengths for the different vectors in
block based motion compensated video coding also resorts to training. In this case, a first
phase in the design process determines which vectors turn out to be more "popular” and the
relative frequencies of occurrence are then used to compute an entropy code for the
vectors.

A common thread of all the schemes mentioned above is to operate on smaller coding units
(blocks in DCT and VQ, bands in sub-band and wavelet coding, pixels in JPEG-LS,
vectors in motion compensation) and define a codebook for such units. The main
motivation of this approach is the reduced complexity of all small coding units approaches,
as well as the difficulty of achieving good models for larger block sizes. In most cases the
codebook does not change after the design stage. In the following discussion it is assumed
that the codebook is fixed and our aim is to achieve some adaptivity.

Let’s consider two cases according to whether the encoder chooses the codeword
corresponding to a block form from a single codebook or from one among several possible
codebooks. The latter is the most attractive alternative to implement adaptive encoding
algorithms, but good results can be obtained using the former approach as well. As an
example, thresholding algorithms perform an adaptive encoding within a single codebook.
For instance in [130,131] thresholding is used to remove in an R-D optimal way,
coefficients after having quantized the whole image by using a single QP. A similar
approach has been proposed to improve the performance of a wavelet based encoder in
[132].

Obviously, the simplest encoding algorithm is that which maps each of the input blocks
into a codeword regardless of the context. In other words, each block symbol will be
considered independently of the others and will be mapped to the nearest codeword (in

terms of the distortion measure used). If several code-books are used, then the choice of
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the codebooks will also be made independently, so that for instance one can choose the
same codebook for all blocks in the source or choose a codebook for each block based on
some other factor, e.g. the buffer fullness in a typical buffer controlled scheme. This
approach has the advantage of not requiring encoding delay. JPEG lossy is an example
where a fixed codebook is used for all blocks in the image, whereas MPEG-2 chooses the
codebook on a macroblock basis, depending partially on the buffer fullness (see Chapter
5).

Roughly speaking, we can define adaptivity as the ability to change the choice of

codeword for a given block depending on the context. More formally, if X; is the current
block and X = f(X;) is the codeword nearest to it within the codebook (in the sense of

the distortion being minimised) , than an adaptive encoding algorithm selects X i which
may be different from X i’y

Let’s denote R( X ’i) and D( X ’i) the rate and distortion for a given codeword X i , where
R(X ;) includes any possible overhead needed to specify the choice of codebook C;.
Adaptivity can be summarized by writing the encoding algorithm for block i as :
Xi=f(XiuXict, Xt Xi o Xirn X ) (2.2)

In the case of :

X =f(XinXi-1,X;) (2.3)

we would be considering backward adaptation. In some cases, if multiple codebooks are

used, the information of which codebook to be used would not necessarily have to be sent

as overhead since both encoder and decoder have access to the information needed to adapt

the coding rule (except for X ; ). A predictive scheme would be an example of this type

of adaptation, since past quantized blocks are used to predict the current one and the
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predictor defines the codebook to be used. In the context of rate control, memoryless

schemes (where the buffer state is fed back to choose the next codebook) would not require

overhead, while schemes where the incoming block X ; is analysed before the codebook
decision is made, would require overhead. In an R-D framework, the MPEG-2 rate control
scheme operating on a macroblock basis would not require overhead since it is based on
the buffer estimate from previously encoded macroblocks. In a visual perception
framework though, it would require overhead since the activity of the macroblock to be
encoded also plays a role in the determination of the quantization step size. To minimise
the overhead, the standard only sends the quantization parameter (MQUANT) to the
decoder if it has changed. Still the amount of bits consumed in overhead information can
be significant and the estimates proposed in the first part of Chapter 5 deal with this
problem from the R-D point of view.

Conversely, if the encoding rule was such that:

X,i ==1(X;,....Xisps1) (2.4)

we would have an example of forward adaptation. Again, if multiple codebooks are used,
the encoder will have to rely on sending its choice of codebook to the decoder, since the
decision will be based on information available only at the encoder. Note that in this
example, the encoding delay would be D+1 blocks since the encoder has to know the next
D+1 blocks in order to quantize block i. All of the empirical approaches for R-D
performance optimization in Chapter 5 fall in the category of forward adaptive schemes.
The notion of adaptivity in quantization is a popular area of research. Recent work
[133,134] looks at forward adaptive quantization and describes a procedure to optimally
obtain the various codebooks from a training set of data. Two different approaches can be
mentioned in the case of backward adaptive quantization. In [135-137], the objective is to

adjust the support region of a scaler quantizer so that the quantizer can be used in
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conjunction with a predictor in DPCM system. The original idea of Jayant’s adaptive
quantizer [135,116,138] was to change the support region based on the previous quantized
sample, while in [136] more than one sample of memory is used. In [137] both the support
region and the bin sizes can be adjusted, although the bin sizes are restricted to a finite set
of values.

A somewhat different problem is tackled in [120] where an initial tree structured vector
quantizer (TSVQ) is first designed with a rate higher than the rate available for
transmission. Then the adaptive algorithm chooses which sub-tree of the previously
designed tree has to be used for every instant. Both encoder and decoder keep counts of the
number of samples that correspond to each of the nodes in the tree and they select the
subtree which minimises the expected distortion (under the assumption that future samples
will have the same distribution as past ones).

Note that all these systems use (implicitly or explicitly) simple models of the source to
determine changes in quantization. For instance [135] assumes that the sources are
relatively smooth but have varying dynamic range, so that the role of the adaptation is to
estimate the changes in the variance of the source (so the dynamic range of the quantizer is
adapted) while a uniform quantizer is used. Similarly, the assumption in [120] is that the
initially designed tree structured codebook is sufficiently representative of the expected
input signals, so that the adaptive algorithm can find a "good sub-tree” at any time. In the
work relating to the Lagrangian framework in Chapter 5, the aim is to explicitly utilise the
buffer state model of the MPEG-2 rate control scheme and then adapt the quantization

scheme to get the best performance for the given model.

2.6 Lossless data compression
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Since lossless coding [139] is gaining popularity due to advances in the communications
field, it would be instructive to see the underlying principles in more detail. The state of the
art in lossless coding is described by the JPEG-LS standard in its lossless mode of
operation and the core of this standard is described by the LOCO-I algorithm (LOw
COmplexity Lossless Compression for Images). Lossless data compression schemes often
consist of two distinct and independent components: modelling and coding. The modelling
part can be formulated as an inductive inference problem in which the data (i.e. the image)

is observed sample by sample in some pre-defined order. At each time instant ¢, and after
having scanned past data < =x]x2..% , one wishes to make inferences on the next
sample value x| by assigning a conditional probability distribution P(./x") to it. Ideally,
the code length contributed by x4 is -log P(x;41/ «'y bits. In a sequential formulation of

the problem, the distribution P(./x’) is learned from the previously encoded pixels in the
encoder side and it is available to the decoder as it decodes the past pixels sequentially.
The conceptual separation between the modelling and coding operations [114] was made
possible by the invention of the arithmetic coders (AC) [115,140,141], which can realise
any probability assignment P(./.) dictated by the model to a pre-set precision. In [85], the
authors present a process for universal modelling which essentially optimizes the
sequential probability assignment problem at the expense of high complexity. Rather than
pursuing this optimization, the main objective driving the design of LOCO-I is to project
the image modelling principles outlined in [85] into a low complexity plane, both from the
modelling and coding perspective. This task is formidable, especially from the coding
perspective, because generic arithmetic coders, enabling the most general probabilistic

coding models, are ruled out in software implementations of many low complexity
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applications. This is due to the fact that in the AC algorithm [115,140,141]}, the encoder
has to update the probabilities of incoming symbols, which is a computationally expensive
process due to the large number of conditional probabilities that need to be estimated. If
the source is stationary and the model is correct then AC can provide a performance very
close to the first order entropy. However, in real life environments, where sources need not
be stationary, the performance of the algorithm is determined by how well it adapts to the
changing statistics of the source. In that sense, the model tracking part of the AC algorithm
plays an essential part in the system performance which further adds to the complexity.
The problem of tracking the changing source statistics in a practically realisable way in
terms of the accuracy/complexity trade-off, is reflected in IBM’s implementation of AC
[142]. The main problem is to find, for every newly arrived symbol whether the occurrence
is normal (i.e. consistent with the current model) or non normal (i.e. unexpected with the
cufrent model). The proposed solution is to have different rates of change in the model so
that the estimated probability of the most likely symbol will change slowly, while the
estimated probability of the least likely symbol will change faster. The basic idea is that
unlikely events (such as the occurrence of the least likely symbol) may signal a change in
the distribution. These ideas also highlight the main trade-off in defining an adaptive
coding algorithm. Because of the need to adapt to changing statistics, the scheme of [142]
will perform worse than a static algorithm for an i.i.d source. A similar trade-off can also
be seen in the context of adaptive filtering, where in Least Mean Square (LMS) type
algorithms fast convergence comes at a price of noisy behaviour if the source is stationary
[143].

While [85] represents the best published compression results of significant computational
complexity in the modelling process, it can be argued that lower cost modelling approaches

such as the ones represented by the Sunset family of algorithms [158-161] are competitive
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in terms of the entropy/complexity trade-off. The diminishing returns in terms of entropy
of computationally expensive modelling approaches can also be seen in the work relating
to the CALIC [162] and TMW [163] compression algorithms.

On the other hand, simplicity driven schemes propose minor variations of traditional
DPCM techniques [164] and include Huffman coding of prediction residuals obtained with
some fixed predictor. These simpler techniques are fundamentally limited in their
compression performance by the first order entropy of the prediction residuals and the
compression gap between these schemes and the more complex ones is significant.

As another example of adaptation in the context of lossless coding, it has been shown that
the Huffman coding tree can be modified on the fly so that the code would adapt to the
changing statistics or learn them starting with no prior knowledge [144-146]. A first
approach. to generate these statistics would be to choose the number of samples N over
which symbol occurrences are counted. Howevef, a fully adaptive scheme would also
require a procedure to change N if necessary during the coding process in order to improve
the performance. Recent work [147] presents a solution to this last question at the cost of
some complexity by proposing that the window size N be updated by choosing, among
several possible sizes, the one producing a code with better compression.

It is worth noting that the question of what constitutes a good model for random data is a
topic of interest not only for compression but also as a model per se. Indeed, the minimum
description length (MDL) technique introduced by Rissanen [148,149] provides a link
between these two problems by establishing the asymptotic optimality on describing a
distribution with a set of parameters that requires the least total number of bits to be
encoded when counting both the bits needed to describe the model and the bits needed to

encode the occurrences of the different symbols within the model. This criterion has been
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shown to also provide an asymptotically optimal universal code for data generated by a
stationary source in [85].

Let’s examine the JPEG-LS standard in more detail. Initially, the predictive value for the
pixel to be encoded is estimated based on a fixed template of neighbouring pixels. The
predictive error is then calculated as the difference between the actual value of the pixel to
be encoded minus its predictive value. It is well known [164] that prediction residuals in
continuous tone images are adequately modelled by a Two Sided Geometric Distribution

(TSGD). According to this distribution, the probability of an integer value & of the

prediction error is proportional to ngl , where 8 belongs to the interval (0,1) and controls

the two sided exponential decay rate. However, in context conditioned models, an offset u

is typically present in the prediction error signal [160] due to possible bias in the
prediction. If we break this offset 4 into an integer part R (bias) and to a fractional part o
(shift), the TSGD parametric class assumed by JPEG-LS for the fixed prediction error £ at

each context is given by:

Ro,u)(€) = C(0, p)*elg_R+p| £=0,11,+2.... (2.5)

where C(6,0)=(1-6) /(01-'0 +oP ) is a normalisation factor. After adaptive prediction,

resulting in bias cancellation, equation (2.5) reduces to:
Ro,0)(&) = (0,06l £=0142... 26)

where 0 <8 <1 and O0< p<1.

Assuming a to be the alphabet size, the error range of the residuals is subsequently reduced
to the interval [-a/2,a/2-1] resulting in further improvements in compression efficiency.
The context that conditions the encoding of the current prediction residual is constructed

from the local gradients of surrounding pixels, which govern the statistical behaviour of the
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prediction error. To reduce the modelling cost, the local gradients are quantized into a
smaller number of approximately equiprobable connected regions. The number of contexts
is further reduced (context merging) due to the assumption that a context triplet (q1,92,93),
where qi represents a local gradient, is equiprobable with the context triplet (-q1,-q2,-q3)

for the same prediction error. The general formula for the number of contexts after context

merging is (2*T + 1)3 /2 , where T is a tailorable parameter for different images.
The standard uses a low cost procedure for bias cancellation of the context dependent
distribution of the prediction errors. In the following pseudo-code, B and C are model

parameters, N represents the occurrences of a given context and & is the error residual:

B = B+¢; /* accumulate prediction residual */
N= N+1; /* update occurrence counter */

/* update correction value */

if (B<=-N) {

C=C-1; B=B+N;

If (B <= -N) B=-N+1;

}

else if (B>0) {

C=C+1;B=B-N;

If (B>0) B=0;

}

Finally, JPEG-LS chose to use a special variant of Golomb codes (GPO2) to encode the

quantised error residuals. Given a positive integer parameter m, the mth order Golomb

code G, encodes an integer y >= 0 in two parts: a unary representation l_y/ mJ and a

modified binary representation of y mod m. The modified binary representation uses
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l_logm_| bits if y < 2|_logm-|_m and I_logm-l bits otherwise. The special case of Golomb

codes with m = 2% leads to very simple encoding/decoding procedures: the code for y is
constructed by appending the k least significant bits of y to the unary representation of the

number formed by the remaining higher order bits of y. The length of the encoding is

k+1+ {yl ZkJ and these codes are referred as Golomb-power-of-2 (GPO2) codes.

2.7  Empirical versus model based R-D approaches

In the following discussion, the most common R-D approaches in image and video coding
will be reviewed. The "video coding terminology" will be used, although all of the
surveyed techniques are also applicable in an image coding framework.

In the empirical approaches for R-D optimization, the entire video sequence or part of the
future frames is known in advance. Figure 2.4 shows a typical block diagram of the

empirical approaches.

Prediction and Quantizer Entropy
———» Transform P - » Coder L
Q . . rate
Distortion
Ch 1 rat
annet rate » Controller
) ¢
Buffer size > <

Figure 2.4: Empirical R-D approaches
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From the above diagram, it can be clearly seen that empirical approaches are
computationally intensive in estimating the R-D performance, since the distortion can only
be measured after block reconstruction and the rate after entropy coding. It can also be
inferred that, if a number of iterations are needed for the final estimation of the quantizer
step size Q, the complexity increases even more. In Chapter 5, a detailed complexity
analysis will be presented in terms of the number of operations needed, for a variety of
empirical approaches that follow the pattern described in Figure 2.4.

Most of the empirical R-D optimisation approaches are based on the Lagrange multiplier
method. Let’s consider initially the case where the units of encoding are independent and
where the buffer size is infinite (no buffer constraints). The independence of quantization
means that the quantization setting for a given unit of encoding does not affect any of the
other units. The size of a "unit" can be a macroblock in a Local Control Scheme, or a frame

in the Global Control case. In this discussion, let’s assume that the Control Scheme is local.

The optimisation problem can then be formulated as follows:

Formulation 2.7.1: Independent macroblock Coding without Buffer Constraints

Mp
Determine q(i), i = 1,2,...My in order to minimise > 9i (i) subject to
=
Mp
2 ri(qi)<=B Q2.7
i=1

where M, are the number of macroblocks in the frame to be encoded, d; (q;) is the
distortion of macroblock i when quantized with quantization step q; , 1; is the produced rate
for macroblock i, and B is the number of bits allocated to the current frame.

The above problem can be solved by using the Lagrange Multiplier method according to

the following theorem:
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Theorem 2.7.2: Lagrange Multiplier method
Ifasetof q%; ,i=1,2,.M, minimises the following set of expressions for a given 1

di(g)+ 4 *1(q)) , i=1,2,. My, (2.8)

then it is also a solution to Formulation 2.7.1 for a given B equal to

) Mp *
BA)=XY r(q i) (2.9)

i=l
In the above theorem, B() is the total bit rate achieved for a given Lagrange multiplier
which is used to minimise the set of expressions described by equation (2.8).
Theorem 2.7.2 is valid in both continuous space (where q; takes a continuous range of
values) and discrete space (where q; is only defined for only some discrete values such as
in the MPEG-2 case). A proof of this theorem can be found in Chapter 14 of [100] for the
continuous case, and in [101] for the discrete case. To find the multiplier that minimises

the set of expressions in equation (2.8), the bisection method [103-104] can be used:

Algorithm 2.7.3: Lagrange Multiplier Method with Bisection Search

Step 1. Make an initial guesson A1 and A2 , with Al < A2

Step 2. Substitute Al into (1.6) and minimise the set of expressions to derive gi ,i=

Substitute 4; into (1.7)to get B A1 ).

Step 3. Follow the same procedure as in Step 2 for A2 to get B(A2).

Step 4. If [BY A1)-B].[B(A2)-B] >0, i.e, the solution does not fall in between the two
initial guess values, go to Step 1 and make another guess. Otherwise, continue to the next

step.
Step 5. Let Am =(Al + A2 )2
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Step 6. Follow the same procedure as in Step 2 for Apy to get q*,- ,i=1,2,... M
and B(A,, ).

Step 7.1f [B(A1l)-B].[B(A2)-B]<0,substitute 22 by 4, ,otherwise, substitute
Alby A,

Step 8. Check if

B'(A,)-B .
B

£

Where € is a pre-set small number. If this condition holds, the optimisation is done and
the solution is q*,- ,i=1,2,.., M, . Otherwise, go to Step 5 for another iteration.

In addition to bisection search, other iterative algorithms for solving non-linear equations
(see Chapter 6 of [102]) can also be used for searching the solution. For the case where qi’s
are discrete and finite, an algorithm has been proposed in [61]. Note that in the Lagrange
Multiplier Method, all input data have to be collected (for calculating r-q and d-q
functions) before any real encoding can take place. A method which used sliding-window
to shorten the delay based on constant slope optimization algorithm has been proposed in
[58,105]. The computational complexity of Algorithm 2.7.3 is lower than the dependent
quantization case, because the R-D measurement and the minimisation of equation (2.8)
can be done independently for each block. However, this assumption is not met by an
MPEG encoding scheme where rate-distortion values for a given frame depend on
previously quantized frames. Therefore, the algorithm can not be applied to MPEG

directly.

If there are constraints on the buffer size , but the macroblocks are still independently
encoded, the Formulation 2.7.1 becomes:

Formulation 2.7.4: Independent macroblock coding with buffer constraints
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Determine q;, i=1,2,...,M, in order to minimise

Mp
2 d;(q;) (2.10)

i=1
subject to b(i,q1.q, .-...qi)<bmax i=1,2,...Mp (2.11)

where by, is the buffer size and b; is the buffer state when macroblock i is encoded.

The buffer state after macroblock i is coded is given by the following recursion:
b(i,91,92, -....qi) = max(b(i-1,q1,92, -.-.-qi-1) + ri(qi) ~Ip, 0) (2.12)
where 1y, is the number of bits output to the channel (constant).

Equation (2.12) implies that the buffer state is updated based on the previous buffer state
plus the number of bits when macroblock i is encoded minus the number of bits output to
the channel (constant). The max function is used to handle the buffer underflow case.
Because the value of the buffer occupancy for each macroblock depends on the
quantization steps of previous macroblocks, it is no longer possible to optimise each
macroblock independently.

There are multiple constraints in the above formulation. It is still possible to solve the
problem with multidimensional Lagrange multipliers [106] but the technique proposed
becomes very complex in both the formulation and the calculation at a higher dimension.
A method based on forward Dynamic Programming, known as Viterbi Algorithm has been
proposéd [58,107,108] . The first step is to build a special trellis graph. The trellis consists
of several stages, with each stage corresponding to a block to be coded. A node in the stage
is defined as a particular buffer occupancy, after the block corresponding to that stage is
coded. The branches, which connect nodes from stage i to stage i + 1, are grown for every
node in stage i and for every possible quantization setting for block i. The cost for each
branch is then defined as the distortion produced with the corresponding quantization
setting. The problem becomes to find a path in the trellis graph that has smallest total cost,

which can be solved by dynamic programming techniques. The buffer constraints are
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satisfied by "pruning” all the branches that violate the constraints during the growth of the
trellis. This algorithm can find the true global optimum solution. However, the number of
nodes could grow rapidly with the number of stages, which contributes the increase of both
the computational complexity and the memory requirement. Several techniques have also
been proposed to reduce the complexity, including the use of buffer state clustering, sliding
window, and an approximation using the Lagrange multiplier method.

In the dependent quantization case, the fact that the R-D characteristics of predicted frames
(P and B frames in an MPEG-2 framework) are dependent on their reference frames, has
also been considered in the literature [74,106]. By considering the unit of encoding to be a
whole frame for ease of description and by considering the buffer unconstrained case, the

optimisation becomes:
Formulation 2.7.5: Dependent frame coding without buffer constraints

N
Determine ¢; , i=1,2,...N to minimise 2d;(41,92---4i) subject to
i=1

N
>r(q1.92,-.9;)<R (2.13)
i=1

Where q; is now the quantization step for the whole frame i and R is the bit budget for the
whole Group of Pictures (GOP).

Two interesting observations can be made regarding Formulation 2.7.5. First, that it is
easily parametrised in case joint optimisations are desired. For example, in [155] a joint
thresholding and quantizer selection is proposed for transform coding for the JPEG
baseline coder but it is easily extended in a video coding framework. Assuming that the

thresholding technique is applicable on a frame basis, Formulation 2.7.5 becomes:

Formulation 2.7.6: Joint optimization of quantizer section and thresholding in dependent

frame coding without buffer constraints
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N
Determine (q; t) i=1,2,...N to minimise 2 d; ((91,71),(92,12)-.-, (g, 1))  subject

=

N
to _Elri ((q1,t1),(q2,t2)...,(q;, 1)) <R 2.14)
l=

Where t; is the thresholding technique chosen for frame i. Formulation 1.10.5 is generic in

the sense that it can accommodate any joint optimisation of a number of parameters.

Second, it can be easily seen that the rate 7 (gl,q2.,...,qi) for every frame in the Group of
Pictures is actually a composite rate:

1(qL,q2.....91) = Teoefficiens(ql: 42, 4) + TmotiorkdLq2,...q0) + Iseg(ql,q2,. gi) (2.15)
where 1coefficients(ql,42.-.qi)is the bit rate produced by the quantized transformed

coefficients, 7,otion(ql,92,....qi) is the rate allocated to motion information and

Tseg(ql,q2,.qi) 1S the rate necessary to convey the segmentation information to the

decoder. Equation (2.15) is also generic since the coefficient transformation can be either
DCT or wavelet based, the motion information can be either associated with blocks of
fixed or variable size (regions) and the segmentation information depends purely on the
representation of the frame to be encoded (e.g. block based versus quadtree based
schemes).

The minimisation of Formulation 2.7.6 has to be solved in an N dimensional space and
unfortunately the cost function described by equation (2.8) can no longer be minimised
independently. It is evident that the complexity grows exponentially not only for the
operations required in the minimisation but also for the evaluation of the R-D functions
which has to be done over all possible quantization settings. In the case of joint
optimization schemes, as the one described in Formulation 2.7.6, it is worth mentioning
that each extra parameter added to the optimization procedure increases the computational

cost exponentially.
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The complexity of the minimisation of formulations 2.7.5 and 2.7.6 can be reduced by
using the monotonicity property [109]:

Definition 2.7.7

For any dependent coding system, for any A >=0, if the quantization step size of q is
finer than that of q* implies:

T2(q1,92) < J2(9*.q2) (2.16)
then the coding system is defined to possess the monotonicity property.

In the>above definition,

L(09) = @) + 4 * @i q) and ho(@* @) = da(@* @) + A* n(grg)  (217)
which are the cost functions of rate and distortion for a coding unit in the dependent case.
The monotonicity property implies that a better quality (finer quantization) in the reference
frame will lead to more efficient coding in the R-D sense. Most of the MPEG encoding
results in [74] confirm this property. By applying the monotonicity property, many
branches and nodes in the trellis can be eliminated (pruned), thus saving computations
including the | costly evaluation of the rate quantization and distortion quantization
functions associated with these nodes and branches. Even after pruning though, the R-D
evaluations needed to optimise the quantization settings may still require a significant
amount of computation.

Trellis based optimisations are guaranteed to give the optimal R-D performance, while
solutions based on pruning, approximations and heuristics will give sub-optimal R-D
estimation, compensated by the smaller computational cost.

In most model based approaches, the statistical model for Gaussian sources is used

because it usuaily leads to simpler expressions.
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Theorem 2.7.8: Rate-Distortion Function for Gaussian Source

The rate distortion function for a zero mean Gaussian source with variance o2 1s:

jay = [ W2*loge?/d) 0<dso’ @18

‘ > 0 d20'2

where the distortion d is measured in terms of squared error and R(d) is measured in
bits/pixel..
In model based R-D approaches, there is also the assumption that the distortion and the

quantization step are linearly related:

D(q) = m*q , m an integer greater than 1 (2.19)

A proof of theorem 2.7.8 can be found in [110]. The above model assumes an explicit
relation between rate and distortion so the R-D characteristics of the encoding unit are
predicted rather than derived from the actual encoding process with every/some of the
quantization settings. Furthermore, no future encoding units are needed so these models are
suitable for online applications requiring low cost and encoding delay.

The above model has been used in many contexts where a rate distortion function is
required [73]. To estimate the model parameters, the variance can be measured directly
from source data and the value of m has to be estimated some way. The problem of this
general model, when applied to an MPEG framework, is that a general DCT transformed
video signal is usually not a Gaussian source and the linear assumption in equation (2.19)
does not generally hold. The non-linearity between distortion and quantizer step size is
especially evident in P and B frames of a video sequence. As such, the above model is

likely to produce significant errors in R-D estimation when used in a realistic encoding

scheme.
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From all the above discussion we can infer that in order to perform online image/video
coding of reasonable computational complexity, hybrid schemes that combine the
simplicity of model based approaches with the benefits of the optimisation based empirical
approaches are necessary. These schemes are expected to reconcile the conflicting
requirements of compression rates, quality and complexity. The second part of Chapter 5 is

targeted towards such schemes.

2.8 Rate Distortion and complexity

From the above discussion, it can be inferred that in terms of improving the R-D
performance in image and video coding, the main research efforts are centered around:

e Better transformations [46,127,150]

] Irnprbved quantizer bit allocation [ 60,61,74]

e Efficient entropy coding [129]

There are a number of algorithms that provide high efficiency in each of these areas.
Examples include using the wavelet transform with progressive quantization and efficient
entropy coding [43,44,151-154]}, DCT with optimal thresholding and quantization [155],
DCT with progressive coding [156], variable block size DCT [157], etc. In none of the
above works the complexity issue is considered. Typically, encoders with longer memory,
more computational power and larger context statistics can perform better than encoders
with fewer resources. In a complexity constrained environment, such as in software
implementation of real time en/de-coding systems and in battery limited pervasive devices,
complexity becomes a major concern in addition to rate distortion performance. Normally,
one would prefer to have a system that encodes or decodes with a higher frame rate with a

small degradation in picture quality rather than to have a slightly better rate distortion
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performance with much more complexity or delay. Thus in order to achieve the best of
rate-distortion-complexity performance, all three factors must be explicitly considered
together.

With the fast increase in the clock speed and performance of general purpose processors,
software only solutions for image and video coding are of great interest. Software solutions
result not only in cheaper systems, since no specialised hardware needs to be bought, but
also provide extra flexibility as compared to specialised hardware.

Consistent with this trend for low computational complexity algorithms for software only
codecs, this thesis will present a variety of such algorithms in the contexts of image and

video coding.
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CHAPTER 3 - LOW COST RATE CONTROL ALGORITHMS FOR IMAGE

CODING IN A JPEG-LS FRAMEWORK

3.1 Introduction to JPEG-LS

JPEG-LS is the latest international standard for lossless/near lossless still image
compression. The formal standard was issued in 1998. As with previous JPEG standards,
JPEG-LS is based on a combination of optimized coding schemes selected from a number
of successful candidate algorithms on a world wide competitive basis.

The operation of JPEG-LS for lossless/near lossless image compression can be
divided in the following four parts: i) run-length coding, ii) non-linear prediction, iii)
context-based statistics modeling and iv) Golomb coding[88,89]. The information loss in
the standard (near lossless mode) is induced by a constant integer value called NEAR. This
NEAR value is user defined and its range is between 1 and 9. The predictive pattern or
template, used for selecting either the run length or the non-run length coding modes and
also for context based statistical modeling, consists of four neighboring pixels of the pixel

to be encoded (Figure 3.1).

Pixel to be encoded

Figure 3.1: Predictive pattern in JPEG-LS
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Since the number of contexts produced is large with this arrangement, only three

delta values are considered as shown below:

A=d-b; A,=b-c; A,=c—a; (3.1)

If the three delta values are less than the NEAR value, this indicates that the local
image texture is very smooth and the run length coding mode is chosen. Otherwise the non-
run mode will be selected, in which the encoding is done using techniques such as
predictive coding, quantization using the NEAR value in the quantization step
determination and finally entropy coding.

To maximize the performance of predictive coding, JPEG-LS adopted a simple
edge detection scheme involving only three out of the four neighboring pixels in order to
analyze the local texture and to determine the predictive value. The predictive value is
estimated according to the following rules:

1) If an edge is detected, the pixel not on the edge is taken as the predictive value as
shown in Figures 3.2(a) and (b). This case reflects that the local texture is rough.
11) Otherwise, the predictive value is a+b-c. This case reflects that the local texture is

smooth.

AN NA

Figure 3.2(a): Predictive value for Figure 3.2(b): Predictive value for
horizontal edge prediction vertical edge prediction
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The important element in the above prediction scheme is that it not only returns a
predictive value, but it also characterizes local texture.
The predicted errors are then quantized using the single parameter NEAR for the
determination of the quantization step, before they are encoded using LGC (Limited length
Golomb coding). With such an information loss scheme introduced in JPEG - LS, the
major drawback is that the information loss introduced is fixed and predetermined by the
value NEAR. This can cause conflict between compression efficiency and quality
requirements since smooth areas in the image will incur the same information loss as
rougher areas. However, human visual perception is more sensitive to smoother areas in
the context of image coding. This discrepancy between the way information loss is
distributed in the standard and the way an HVS (Human Visual System) treats information
loss, gives rise to the following set of objectives:

1. The need for designing a low cost technique that will distribute information loss
according to HVS tolerance among different textures to improve performance in terms
of visual quality and rate distortion terms.

2. The need for designing low cost rate control algorithms that utilize such a multilevel
information loss distribution for achieving a given compression rate, while optimizing
the image quality in HVS terms, regardless of the variety of compressibility of the input
images.

The design of a low cost multilevel information loss distribution according to HVS could

exploit the simple but effective prediction scheme that JPEG-LS uses for activity analysis.

However, the design of a low cost rate control algorithm according to HVS is more

challenging since, from the literature, we can see that most of the current research

addresses the problem from the rate distortion point of view, which may not be the optimal

approach from an HVS point of view. Furthermore, most of the approaches used are
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computationally expensive as they treat rate control as an optimization problem.
Specifically, in a number of rate distortion approaches [58-60,62-69] it was observed that
the R-D (rate-distortion) charicteristics of the input data have to be measured before any
decision can be made about the quantization step assignment or information loss
distribution. Typical work includes dynamic programming [58] and Lagrange multiplier
optimization[59-62]. To obtain the R-D characteristics, various techniques have been
proposed. These include trellis-based[58], model based[60,66]and piecewise approximated
[66] approaches. The situation is further exasperated as some of these techniques require
multiple passes over the input data to obtain the R-D curves, and a considerable number of
iterations in order the approximation for the quantization step size assignment to converge
to the optimal solution.

The high computational complexity of current approaches for the rate control
problem in still image coding, coupled with the different sensitivity of HVS towards
different textures calls for effective and efficient algon'thms. Towards this end, an HVS
based multilevel information loss scheme is initially developed and is subsequently used in
the design of two low cost rate control algorithms for JPEG-LS. The chapter concludes
with potential applications of the second rate control algorithm in the context of medical

imaging.

3.2  Multilevel information loss in JPEG-LS image compression
To optimize the information loss distribution, local texture analysis can be
exploited by considering the characteristics of human visual perception towards different

textures. Specifically, in the case of rough textures, human perception of distortion tends to

be more tolerant in comparison with the case of smooth texture (i.e. irregularities in
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smooth areas are easily detected, whereas in rougher areas they are much harder to
pinpoint). This property gives the opportunity for designing a scheme where the
information loss parameter NEAR in JPEG-LS, will vary according to texture properties so
that a better balance between compression rate and visual quality of reconstructed images
can be achieved. In this chapter, such a scheme is proposed and is based on the prediction
mechanism of JPEG-LS (see Section 3.1) but also uses a multilevel information loss
distribution, instead of using a single information loss parameter (NEAR). The flexibility
of the multilevel information loss distribution combined with the simple but accurate
prediction mechanism of the standard are the keys in distributing information loss
according to the affordance of the human visual system. In the proposed scheme, three
parameters (namely NEAR_H, NEAR_M, NEAR_L) are used, corresponding to the three
texture types (namely rough, smooth, very smooth) identified by the JPEG-LS prediction

scheme. The information loss is allocated according to the following rules:

i) If the run length coding mode is selected, the minimum amount of information loss
is afforded since the texture is very smooth. Parameter NEAR_L reflects this rule.

i1) If an edge is not detected in the prediction phase (Section 3.1), the texture is still
smooth but more information can afford to be lost than in the run length mode
case. Parameter NEAR_M reflects this rule.

iii) If an edge is detected, more information can afford to be lost than in the previous
two cases. Parameter NEAR_H reflects this rule.

The modified (HVS based) information loss distribution of the standard is illustrated in the

following figure:
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Figure 3.3: Modified information loss distribution in JPEG-LS

The assessment of the proposed scheme was performed by devising two sets of

experiments. In these experiments, the JPEG — LS software was enhanced with the

necessary modifications, in order to account for the multiple levels of information loss.

In the first set of experiments, the fact that the proposed scheme is competitive

even in terms of conventional image quality measurements (PSNR) was established . The

results after applying the proposed technique on the typical JPEG — LS test image sample

: (test8.pgm) can be summarized in Table 3.1. The "test8.pgm" image was specifically

recommended from the JPEG committee as a suitable test image for proposed compression

algorithms. The three digit NEAR values for the proposed scheme correspond to the triplet

(NEAR_L, NEAR_M, NEAR_H).

Table 3.1: Phase 1 of experiments for test8.pgm

JPEG - LS The proposed Scheme
NEAR CR PSNR(db) | NEAR values CR PSNR(db)
1 2.48:1 50.94 011 2.45:1 51.50
2 2.89:1 46.34 122 2.82:1 47.13
3 3.13:1 42.68 233 3.11:1 43.68
4 3.39:1 40.77 344 3.39:1 41.38
4 3.39:1 40.77 335 3.40:1 40.83
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Table 3.1 shows that the proposed scheme does not lose any ground even in terms
of conventional measurement of image quality (PSNR values) for the same compression
rates as the standard, provided a suitable triplet of NEAR values is chosen. While all
compression ratios remain similar to JPEG — LS , with the first two digits at least being the
same, the PSNR values achieved by the proposed scheme remain very competitive and
even slightly better in some cases compared to the ones JPEG — LS produced. This could
be important in applications where the PSNR metric really matters (e.g. medical imaging,
video aided terrain mapping, etc.) since in these applications the average distance per pixel
between original and reconstructed images is more important than visual considerations.

In the second phase of the experiments, which utilized the same three parameter
information loss distribution as in the first phase, the fact that the proposed scheme is able
to produce higher compression ratios and better visual quality of the reconstructed images
compared to-JPEG — LS was shown. By better visual quality, we refer to the ability of the
algorithm to retain smooth texture better than the. standard, for the same or higher
compression rates, rather than to enhance smooth texture. Consequently, the visual effect
becomes better but also the visual distance between original and reconstructed smooth
textures is kept close. In contrast, in the case of smoothing, the visual effect may become
better, but the visual distance between original and reconstructed images may increase. All
the experiments in Table 3.2 produced reconstructed images with lower PSNR values
compared to JPEG — LS but with better visual quality. This is mostly visible on the bottom
left quartile where the texture is smooth. The lower PSNR values are expected, since in
order to retain smooth texture, we need to compress more on rough textures to achieve
higher compression rates than JPEG-LS. A representative table of results follows, along

with reconstructed images for visual inspection.
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It was also shown that the conventional measurement in terms of PSNR of the
image quality does not take into account the human visual system perception of image
quality (i.e. you can have reconstructed images of better visual image quality in accordance
to HVS with lower PSNR values). This is because the statistical quality, measured in
PSNR terms, only shows how much information is lost in the reconstructed image as
compared to the original. Where this information is lost is not considered. On the contrary,
visual quality based schemes distribute information loss differently to different textures
depending on the tolerance of HVS to distortion. In Table 3.2, the triplets of NEAR values

were empirically found.

Table 3.2: Phase 2 of experiments for test8.pgm
JPEG -LS Proposed Algorithm
Compression Ratio NEAR | Compression Ratio (NEAR_L, MLH)
2.49:1 1 2.64:1 (0,1,2)
2.49:1 1 2.79:1 0,2,2)
2.89:1 2 2.92:1 (1,2,3)
2.89:1 2 3.05:1 (1,2,4)
2.89:1 2 3.19:1 (1,2,5)
3.13:1 3 3.13:1 (1,3,4)
3.13:1 3 3.23:1 (1,4,4)
3.13:1 3 3.39:1 (1,4,5)
3.39:1 4 3.44:1 (1,5,5)

Figure 3.4(a) is the original "test8.pgm" image and Figure 3.4(b) is its bottom left quartile
blown up. To see the effect of the algorithm on smooth textures, the bottom left quartile of
the reconstructed images (both for JPEG-LS and for the proposed scheme) is blown up in
Figures 3.4(c)-3.4(h). From visual inspection, we notice that JPEG-LS produces a variety
of artifacts with respect to the original image, while the proposed algorithm retains smooth

texture better and produces higher compression rates (Table 3.2).
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3.3  Low cost algorithms for Rate Control in still image compression

In this section, a low cost algorithm based on HVS considerations is initially proposed in
order to add rate control to JPEG-LS. The standard does not provide this feature, which
may be important in applications such as digital cameras where a captured image may be
required to fit accurately in the space available of a previously deleted image.
Subsequently, an improved second algorithm is proposed which attempts to address jointly

the problems of rate control with the visual quality improvement.

Problem formulation: Given a user defined target compression ratio, can we design a rate
control algorithm based on JPEG-LS that exploits the multilevel information loss scheme
described in the previous section? Can this rate control algorithm achieve bit rates closer to
the target compared to the standard? What is the performance of such an algorithm both in

terms of statistical (PSNR) and of visual image quality?

3.3.1 1% algorithm proposed

The first algorithm proposed is designed to assess the feasibility of adding a low cost rate
control mechanism to JPEG-LS. In such a scheme, both the rate and distortion are
controlled through changing the three NEAR parameters of the multilevel information loss
distribution discussed above. In particular, what is really examined is the range of
compression rates in which such a scheme is applicable and the negative effects of such a
scheme in terms of PSNR. The negative effects on PSNR are expected since we rather
intend to control R-D low cost and online, rather than apply the computationally expensive

offline R-D optimization methods .The proposed algorithm proceeds as follows:
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To detect the compressibility of each input image, the compression ratio can be computed

and compared with a user defined target compression ratio as encoding proceeds. Such a

comparison would provide a good indication of whether the information loss should be

increased or decreased in order to force the compression ratio to be close to or equal to the

target. To this end, the compression of an input image can be described as a two

dimensional function, the range of which is defined by the size of the image. Hence the

overall problem can also be described as an automatic control process through which the

achieved compression ratio at the termination point is regulated to be equal or close to a

pre-defined target compression ratio.

However, there are two unique features associated with this problem:

®

(i)

To achieve the best possible quality for the reconstructed images at the decoding
end, the compression ratio should be allowed to vary according to the local
compressibility. The variation of the compression ratio will be controlled by the
increment/decrement of the three information loss parameters (NEAR values)
described in the previous section. Any excessive adjustments made by the control
process will either incur unnecessary information loss and hence jeopardize the
decoded image quality or will adversely affect the control over the compression
rate. In order to avoid these problems, information loss should only be introduced
when it is absolutely necessary and the unit of increment/decrement of the three
NEAR parameters should be small.

When extra information loss is required, it should only be introduced to those
regions which tend to tolerate more information loss from the human visual

perception point of view.
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To exploit the first feature, we convert the compression ratio from a two dimensional
function to a one-dimensional function by allowing the compression ratio to be assessed
only at the end of each row. By on-line compression ratio, we refer to the compression ratio
that is computed at a point before the next pixel is to be encoded. By designating the
assessment points af the end of each row along the raster scan route, we have the advantage
of allowing the compression ratio to adjust itself according to the local compressibility
embedded inside each row.

At each compression assessment point, the rate control is implemented according to the
simple principle that if the on-line compression ratio is smaller than the target compression
ratio, we should introduce extra information loss in order to force the on-line compression
ratio to be close to the target. Otherwise, we should decrease the information loss in order
not to spoil the image quality.

To exploit the second feature, we design the increase of information loss in a cycle of the
three values of NEAR corresponding to the multilevel information loss scheme developed
previously. The order of increase is designed as incrementing the NEAR_H parameter first
, the NEAR_M parameter subsequently and the NEAR_L parameter finally. The increase
of the NEAR values is also controlled by three thresholds (LimitHM, LimitML and
LimitL) . LimitHM denotes the maximum distance between NEAR_H and NEAR_M,
LimitML denotes the maximum distance between NEAR_M and NEAR_L, and LimitL
denotes the maximum increase of NEAR_L respectively. Figure 3.5 shows the three
NEAR parameters and their respective limits of increase. The highest value NEAR_H can
have is the value 9 and the lowest value NEAR_L can have is 0, which are the

highest/lowest allowable NEAR values from the standard.
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Figure 3.5: The change of the NEAR values along with their thresholds in the
proposed rate control scheme

NEAR_H is always incremented first in the cycle as long as its distance from
NEAR_M is less than LimitHM.. If NEAR_H has reached its limit, we then start to
increase NEAR_M in the same way until it reaches the LimitML. Similarly we proceed for
the increase of NEAR_L.

If we do not use the distance thresholds, excessive high value of NEAR_H or NEAR_M
will bring extra distortion not only to the local region but also to the local texture which is
even more damaging than the simple loss of information.

By considering the prediction scheme adopted by JPEG-LS, it is clear that the neighboring
pixels used for prediction are not the originals but the reconstructed ones and are
dependent on the NEAR value that the JPEG-LS uses as the information loss parameter. If
NEAR_H is excessively high, yet the other two or one parameter is kept low, the pixels
reconstructed by NEAR_H may not represent the true texture of the local region because
edges may be detected instead of smooth regions. This situation results in distortion
introduced to the decoded image and the compression ratio also deteriorates because of the

wrong prediction.
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Assuming that TCR and OCR represent the target compression ratio and the on-line

compression ratio respectively, the proposed rate control algorithm can be summarized as

follows:

Step 1: All parameters are initialized as: NEAR_H = NEAR_M = NEAR_H . It was found
empirically that such a setting achieves rates closer to the target, while at the same time the
PSNR differences between the non rate controlled JPEG-LS and the rate controlled
proposed scheme become smaller. Extra variables are added representing the target
compression ratio (TCR) and the online compression ratio (OCR). OCR is calculated as
the total number of bits produced at each assessment point. LimitHM, LimitML and LimitL
are also initialized.

Step 2: At the end of each row, comparison between OCR and TCR is made in order the

rate control process to start as shown in Figures 3.6(a) and 3.6(b).
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AND NEAR_H < 97 d_HM++ AND NEAR_L>0 d_ML++
YES YES
NO NO
d_ML < LimitML? NEAR_M++ d_HM < LimitHM? INEAR_M--
AND d_ML++ AND d_HM-++
NEAR_M<NEAR_H? | YES NEAR_M>NEAR_L? | YES
NO NO
count < LimitL.? INEAR_L++
AND count++ INEAR_H>NEAR_M? NEAR_H--
INEAR_L<NEAR_M? | YES
YES
NO NO
d_HM = NEAR_H-NEAR_M d_HM = NEAR_H-NEAR_M
d_ML = NEAR_M-NEAR_L d_ML = NEAR_M-NEAR_L
Lcount=0

Figure 3.6(a): A flow chart for the rate Figure 3.6(b): A flow chart for the ratej
control algorithm design when OCR < control algorithm design when OCR >
TCR TCR

The principle adopted in designing the rate control algorithm is that the distances between
the three information loss parameters should be kept within reasonable limits defined by
LimitHM, LimitML and LimitL. Each time in a cycle of increase the three parameters
reach their distance limits, the parameters d_HM, d_ML and Lcount ,which represent the
number of increments within the cycle for NEAR_H,NEAR_M and NEAR_L respectively,
are reset in order to give more room for increase in the next cycle. A similar path is

followed in the decrease cycle with the only exception that the LimitL is not considered.

When OCR < TCR, we need to induce more information loss in order the OCR to increase.
The three information loss parameters are increased in the order

NEAR_H,NEAR_M,NEAR_ L in this case. Otherwise (OCR > TCR), we need to reduce
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the amount of information loss and the information loss parameters are decreased in the
order NEAR_L,NEAR_M,NEAR_H. This order follows the principle that we should throw
away information where it is least visible in case the compression rate needs to be
increased and only when it is absolutely necessary in order to control the rate, to consider
throwing away information where the local texture is smooth. Conversely we should retain
information where it is most visible in case the compression rate needs to be decreased and
only when it is absolutely necessary in order to control the rate accurately, to consider also

retaining information on rough textures.

It should be noted from Figures 3.6(a) and 3.6(b) that Lcount represents the total number of
increments made for NEAR_L, not the maximum value NEAR_L can have. In other words,
NEAR_L can have any value but the number of increments it can have within each cycle is
limited by the parameter LimitL. This is to ensure that the distance between the NEAR_L
and the NEAR_M parameters is retained for the reasons described above but also for
allowing the NEAR_L parameter to take any value in the range 0 to 9 in case the accurate
control of the compression rate demands that NEAR_L takes a value greater than Lcount.

For the case that the on-line compression ratio is greater than the target compression ratio
(OCR>TCR), the information loss parameters should be decreased until lossless mode is
reached. The decrease is designed to follow the reverse order: NEAR_L,NEAR_M and
NEAR_H. This is designed on the same ground that we should maximise the reconstructed
image quality while the compression ratio is under control. Generally speaking, we should
try to decrease NEAR_L first whenever it is possible, i.e the distance d_ML is within its
limit. Otherwise, we will try to decrease NEAR_M as long as d_HM is within its limit.

Finally, we decrease NEAR_H .
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There are some salient features in the design of the proposed algorithm that are explained

in detail here:

1. We intend to control the compression rate of the source image inside the same limits as
JPEG-LS but utilizing an HVS approach instead. For this reason, the range of the three
NEAR parameters is the same as the single parameter NEAR used in the standard.
Although the compression rate is source dependent, we will typically achieve
compression rates between 2:1 and 5:1. If higher rates are desired, standards like the
DCT based JPEG lossy would be more appropriate.

2. A multitude of compression rates are achievable with the proposed scheme which are
not reachable with JPEG-LS. This is because we have essentially parametrized the
information loss distribution, as opposed to the constant information loss used by the
standard, according to the number of different texture types identifiable in the
prediction phase of the standard. We could have evaluated the online compression ratic
multiple times inside each row, thus improving the control over the bit rate but
unavoidably this would spoil the quality of the reconstructed image due to excessive
control. Furthermore, this would add to the computational complexity of our algorithm
due to the multiple comparisons and parameter adjustments shown in Figures 3.6(a) and
3.6(b).

3. The starting values of the three NEAR parameters are also important. If we start too
low, looking to achieve a high compression rate, we may never reach this rate because
we will run out of image rows to compress. Conversely, if we start too high trying to
achieve a low compression rate, we can again fail to reach it if we run out of rows.
Furthermore, if we do reach the desired compression rate this will happen only after we

have spoiled the image quality unreasonably. In general a balance should be found
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empirically between the starting values of the NEAR parameters and the desired
compression rate.
4. To reflect the principle of different tolerance of HVS to different textures the condition

NEAR_L<=NEAR_M<=NEAR_H is crucial for the proposed algorithm.

3.3.2 Experimental evaluation for the proposed scheme

To assess the performance of the proposed rate control algorithm on a number of image
samples, we used a software implementation in C. The objective was to achieve exactly or
to be sufficiently close to a user defined compression ratio but also to evaluate how
negative the effect of adding rate control to JPEG-LS would be in terms of PSNR values.
The overall experiments are designed in two phases: (i) to test the effectiveness of the rate
control algorithm in terms of achieving target compression rates and to get an indication
about the range of compression rates achievable with such a scheme; (ii) to assess the
reconstructed image quality in terms of PSNR (peak signal to noise ratio) values.

Tables 3.3 and 3.4 illustrate the test results for a group of image samples when the target
compression ratio is set at 2:1,3:1 respectively. Table 3.5 illustrates the initial NEAR
values we used for both rate controlled and non rate controlled algorithms. It is seen that
rate controlled compression ratios for all images are indeed close to their targets. This
clearly shows that our rate control algorithm is effective. For a further comparison, the non-
rate controlled compression ratios for the same initial settings are also presented in the last
column of each table. To illustrate what kind of effect the rate control algorithm could have
on the reconstructed image quality, we have used the non-rate controlled JPEG-LS as our
benchmark. The experiment is carried out to use the compression ratio achieved by the

non-rate controlled JPEG-LS as our target compression ratio. We then compare the two
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PSNR values, as the two compression ratios are very close. The test results are illustrated

in Table 3.6 for all the tested images. The results show that the rate controlled PSNR is

indeed close to the non-controlled one by an average of 2-3 db. It is well expected that rate-

control based on a multilevel information loss distribution will inevitably introduce extra

information loss in order to achieve the target compression ratio, since TCR is reached

through adjustments of the NEAR parameters instead of natural compression.

| Table 3.3 Rate Control Exneriment

lal Results (TCR = 2:1)

Image Samples Rate Controlled CR | Non Rate Controlled JPEG-LS
Baboon 2.03:1 1.8:1
Barb 2.00:1 1.69:1
Bridge 1.99:1 1.90:1
Camera 1.98:1 1.85:1
Salad 2.05:1 1.58:1

[ Table 3.4 Rate Control Experimen

CR

Non Rate Controlied JPEG-LS

Image Samples Rate Controlled
Baboon 2.99:1 3.00:1
Barb 2.96:1 2.52:1
Bridge 3.00:1 2.96:1
Camera 2.83:1 2.80:1
Salad 3.00:1 2.811

Table 3.5 Initial NEAR Values
Initial NEAR_L.NEAR_M/NEAR_H TCR
(0,0,0) <=2.5
(1,1,1) <=3.5
2,2,2) <=4.0
Table 3.6 Results of Compressed Image Qualitv (PSNR)

Image Rate Controlled Non Rate Controlled JPEG-LS
Samples CR PSNR(db) CR PSNR(db)
Baboon 3.73:1 33.79 3.73:1 34.40
Barb 4.63:1 35.17 4.64:1 38.85
Bridge 3.51:1 34.81 3.54:1 36.74
Camera 4.09:1 36.31 4.22:1 42.47
Salad 4.78:1 34.27 4.78:1 35.59
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3.3.3 2" algorithm proposed

The second algorithm proposed is centered around the same features as the first algorithm
(i.e exploiting local compressibility, smail increments/decrements of the information loss
parameters and information loss allocated in accordance to HVS tolerance). The purpose of
the scheme is to jointly optimize the control over the compression rate along with low cost
visual quality optimization (in the smooth texture retaining sense). Its major differences
from the first algorithm are:

1. The notion of predicted compression ratio is utilized. A number of on-line
compression ratios can be obtained during the process of encoding with JPEG-LS,
corresponding to each compression assessment point. These OCRs can be viewed as a
history or a record of local compressibility for all those regions that have already been
encoded. Hence, the records can be utilized to predict their contribution to the final
compression ratio towards the end of encoding, which is also the OCR achieved at the last
compression assessment point. This prediction follows the same principle as that of general
predictive coding that, given previous statistics, a prediction is made based on a local
context for what happens in the future corresponding to the similar type of context. As it is
not possible to know what compressibility or local texture could be for the non-encoded
part of the image, we can only use the already encoded part to predict the future which has
the similar local texture. Since it is difficult to optimize such a prediction scheme, we
propose to use linear prediction in order to exploit its simplicity . This can also be viewed
as a line-fitting problem, in which, we are trying to use a straight line to characterize as

many points as possible. The similarity between the rate control problem using a predicted

67



compression rate and the line fitting problem is illustrated in Figure 3.7. Therefore, the
predictive line can be constructed in such a way that the distance between the line and all
the concerned OCR values is kept minimum. Hence, the remaining issue is to determine
how many OCR values should be involved in this line-fitting process and how those values
should be selected. Assuming the ith row has just been encoded, a simpler predictive line
can be constructed by selecting only two points, (i, OCR[i]) and (i-d, OCR[i-d]), where d
is an integer representing how far away the second point used in prediction is from the

current row i, as shown in Figure 3.7.

A OCR[x]

> X
height

i-3 i

Figure 3.7: Line fitting prediction with two points (d=3)

In our algorithm design, the value of d is empirically determined to be 3. As a result, the
final compression ratio can be predicted by the following equation corresponding to the

point (height, PCR):

. _OCR[i]-OCR[i—d
PCR = OCR[i] +( height —i )x ZERLIL [izd] (3.2)
distance

At each compression assessment point, the rate control is implemented on the simple
principle that if the predicted compression ratio (PCR) is smaller than the target
compression ratio (TCR), we should introduce extra information loss in order to influence

the on-line compression ratio as such that the final compression ratio at the end of
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encoding could be close to the target. Otherwise, we decrease the information loss to allow
better compression quality or to allow opportunities of compensation for any extra
information loss introduced earlier.

2.The order of increase/decrease of the three NEAR parameters is not exactly the
same as the previous algorithm. A potential limitation of the previous scheme is that if a
NEAR parameter needs to be increased in cycle i and cycle (i+1) is a decrease cycle
(OCR>TCR), it is not guaranteed that the same NEAR parameter will be decreased. As an
example, consider the case where LimitML is equal to 2 and in cycle i, NEAR_M is
increased once. This will result in increase of the distance between NEAR_L and
NEAR_M by one, so d_ML = 1. If cycle (i+1) is a decrease cycle, according to the
previous algorithm, NEAR L will be decreased by one and not NEAR_M, while the
distance between the two parameters (d_ML) will be equal to two. In this algorithm
design, we explored the potential of guaranteeing that if a NEAR parameter is incremented
in a cycle i, it will be the same parameter that will be decremented in the reverse cycle i+1,
around a small neighborhood of the target compression rate. This essentially aids in
reducing the magnitude of the fluctuations of the compression rate around the target, thus
improving the control over the rate.
We used an array implementation for the proposed algorithm. The distance parameters and
the constants reflecting the limits of increase/decrease are not utilized since we chose that
the maximum distance allowed between NEAR parameters will be equal to unity. This aids
in preserving the small distance between NEAR parameters which is crucial both in terms
of quality and compression rate, since its inter-linked to the prediction scheme, as
explained above. Furthermore, such a scheme guarantees that the minimum information

loss will be induced when the PCR needs to be increased thus preserving the image quality.
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To simplify the notation in the following discussion, we will denote the three
NEAR parameters with their acronyms (i.e L for NEAR_L, M for NEAR_M and H for
NEAR_H). To correctly identify the right parameter for the next adjustment, either increase
or decrease, we use two arrays of three elements to hold the parameters, which have
already been adjusted through the cycle, as well as those remaining parameters. This is
illustrated in Figure 3.8, which shows the initial state before rate control is started. Each
time a parameter is increased or decreased, it will be moved from its original position
across to the corresponding position in the other array, i.e., H on top, M in the middle and
L at the bottom. Hence, the rate control algorithm can be described by the movement of the
three parameters from one array to the other according to the pre-defined order of
adjustment. The order of movement of the information loss parameters can be described as

follows:

@ To increase the information loss parameter, the algorithm will search the I-array in
a top-down direction. The first parameter accessed will be increased and moved to
the D-array at its corresponding position.

(ii))  To decrease the information loss parameter, the algorithm would search the D-array
instead in a bottom-up direction and move the first parameter accessed to the I-
array at its corresponding position;

(iii) Whenever the parameter being moved is the last one inside the array (either I or D),
the array which is full needs to be renamed as an I-array if the next adjustment is to
increase, and D-array if the next move is to decrease. In other words, the array full
of parameters is always renamed by the name of the next adjustment. This is
designed to ensure that the correct order of movement is always maintained even

when one of the arrays becomes empty.
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The overall rate-control algorithm can also be described by the flow-chart given in Figure

3.9.

Figure 3.8: Initial state of parameters
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v

Search I-array along top-down

direction

Increase the first parameter by one

v

Move parameter to D-array

Yes

Rename the full array by the
next adjustment (I or D)

Figure 3.9: Algorithm flow chart
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To further illustrate the key operations of the algorithm, we present an example in which it
is assumed that the rate control operations for a sequence of nine compression assessment

points are given below:
L1,D,D,D D11

Where I stands for increase of parameters and D for decrease of parameters.

Further assume that the starting state of the parameters is the same as that illustrated
in Figure 3.8 . Hence, the array full of parameters can be named as I-array, since the next
adjustment is to increase the parameter. Along the top-down direction, the two parameters,
H and M, can be increased by one and moved to the D-array as a result of the two I-
operations in the above sequence. After that, the state of parameters can be described by
Figure 3.10-(a).

As the next move in the sequence is to decrease the parameter, the search will be
conducted instead in the D-array along the bottom-up direction to identify the parameter to
be decreased and moved to the I-array. This would give us a state of parameters as shown
in Figure 3.10-(b). After the second D operation inside the sequence is completed, it can be
seen that the D-array becomes empty and the array full of parameters needs to be renamed,
according to the rate control algorithm proposed. The state before the renaming of the array
is illustrated in Figure 3.10-(c). Since the next move is another decrease, the original I-
array should now be renamed as D, and the parameter L is moved across to the I-array as
shown in Figure 3.10-(d). Carrying on with the remaining operations in the sequence, the
rest of all corresponding states can be shown in Figure 3.10-(¢), (f), (g) and (h)
respectively. Note in Figure 3.10-(h), the two arrays are renamed again as a result of the

original I-array in Figure 3.10-(g) becomes empty and the next move is L
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As a matter of fact, by varying the size of the two arrays, the algorithm can be
designed to have variable steps of increase or decrease to interpret the local textures, if
more drastic change of information loss is required. This can be achieved by adding more
elements of M, H and L into the two arrays. One example is shown in Figure 3.11, where
two arrays of five elements are designed and thus the adjustment of L. would not be made
until both M and H are adjusted twice. The rest of the algorithm remains the same as
already described. Finally, from Figure 3.11, it can also be seen that any form of
adjustment on those three parameters can be made by rearranging the size of the array and

the position of each parameter.
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Figure 3.10: An example of rate control for the sequence: I, 1, D,D, D, D, I, 1
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Figure 3.11: Rate control with delayed action for parameter L
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3.3.4 Experimental evaluation and analysis of the proposed scheme

We evaluated the proposed scheme in terms of effectiveness and efficiency. The
effectiveness refers to the performance of the algorithm in terms of achieving compression
rates as close as possible to the target. As in the previous algorithm, the range of
compression rates by the proposed scheme is intended to be the same as in JPEG-LS. In
this light, this scheme will also be evaluated in terms of achieving rates of 2:1 and 3:1.
Any higher compression rates are better served by the JPEG lossy standard. The rate
control efficiency refers to the assessment of the reconstructed image quality for those
image samples measured by both PSNR values and visual inspection. The issue about the
balance of the choice of the initial NEAR parameters and the desired target compression
rates is also of relevance to the proposed scheme for the reasons outlined in the previous
algorithm.

After determining an appropriate initial setting for the three parameters (L,M,H)
empirically, we present the experimental results in two phases, i.e., the test of rate control
efficiency as the first phase, and the test of rate control effectiveness as the second phase.

To carry out the assessment, we firstly run the JPEG-LS on the same group of
image samples to produce a set of variable compression ratios and PSNR values. We then
use those compression ratios achieved by JPEG-LS as the target compression ratios (PCR)
to test our rate controlled design. In this way, all the compression ratios can be maintained
very close, which enables a sensible comparison between PSNR values. However, it must
be stressed that this arrangement produces a disadvantage for the proposed algorithm
because the results achieved by JPEG-LS use natural compression. Yet the proposed
algorithm has to go through the rate control process to redistribute the information loss, in

order to achieve the compression ratios similar to those by JPEG-LS. To this end, it is
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impossible for any rate controlled algorithm using a multilevel information loss
distribution to produce better PSNR values than that of JPEG-LS. Nonetheless, we expect
the comparison to give us an indication on how negative our rate control effect is in
comparison with the ideal situation where no rate control is added. As a result, we measure
the quality performance by a so-called relative difference between the rate-controlled
PSNR and the non-rate-controlled PSNR values. This is defined as follows:

. . P SN Rnnt controlled
Relative _diff = =
PSNR

— PSNR

rate _ controlled

(3.3

not __controlled

All the test results are given in Table 3.7, in which we listed all compression ratios, PSNR
values and the relative difference values achieved by the two algorithms. From this table, it
can be clearly seen that: (a) the proposed rate control algorithm is very effective since it is
able to control the compression ratio very close to the ones achieved by JPEG-LS; (b)
when the JPEG-LS compression ratios are used as the target, the PSNR values achieved by
the proposed algorithm are indeed very close. This can also be indicated by those relative
difference values, which vary from 0.5% to 8.9%.

The test results in Table 3.7 illustrate that the image quality produced by the
proposed rate control algorithm is competitive to the one by the non-controlled JPEG-LS,
even when the quality is measured by PSNR values.

As stated in the introduction, the proposed algorithm is aiming at jointly optimising
the image quality measured by human visual inspection rather than by PSNR values and
the control over the bit rate, by distributing information loss according to HVS principles.
Unless the rate control algorithm is more advanced though (which implies complexity and
long encoding delays) , it is impossible to improve the PSNR performance as compared to

JPEG-LS. To prove the efficiency of the proposed scheme in HVS terms, we further
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present the samples of "test8.pgm", the JPEG standard test image, in Figure 3.12 for a
visual comparison and inspection. To facilitate a comprehensive visual inspection, Figure

3.12 is arranged as follows:

Fig.3.12-(a) corresponds to the original test8; Fig. 3.12-(b) corresponds to the blown up

bottom left quartile (smooth part) of Fig. 3.12(a).

e Fig.3.12-(c) and (d) present the blown up smooth part of the reconstructed test8 by the
non-controlled JPEG-LS and the proposed algorithm respectively, when the distortion
level is set to NEAR=3;

e Fig.3.12-(e) and (f) present the blown up smooth part of the reconstructed test8 by
JPEG-LS and the proposed algorithm, when the distortion level for JPEG-LS is set to
NEAR=4;

e Fig.3.12-(g) and (h) present the blown up smooth part of the reconstructed test8 by

JPEG-LS and the proposed algorithm, when the distortion level for JPEG-LS is set to

NEAR=5.

From all images in Figure 3.12, it can be seen that the reconstructed test8 by the proposed
algorithm clearly show better visual quality than those by JPEG-LS, especially in the
region at the bottom left where smooth texture dominates. This is because that the
proposed rate control is able to distribute the distortion to those noisy textured areas, while
the distortion level is kept low in the smooth ones. In the case of JPEG-LS, the same
distortion level has to be applied throughout the whole image without any difference.

To further prove the testing results, we also asked a group of 10 people to view all
the reconstructed images and make their options without knowing which image
reconstructed by what algorithm. To carry out such a test, five options are established.

They are: (1) no difference between A and B; (2) A is better than B; (3) B is better than A;
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(4) A is closer to the original; (5) B is closer to the original. To ensure a fair rating, those
images reconstructed by the proposed algorithm are labelled as A, and those reconstructed
by JPEG-LS are labelled as B. The overall test results are given in Table 3.8.

In the second phase of the experiments we ran the rate control algorithm on the
same group of six image samples and tested the effectiveness of the proposed algorithm, in
which the target compression ratios are set to be 2:1 and 3:1, which is well within the range
of near lossless compression. The experimental results are given in Table 3.9-(a) and (b)
respectively. Consistent with the above discussion concerning the importance of the
balance between the initial settings and the target rate, we empirically chose (0,0,2) as the
starting point for target compression ratio 2:1 and (1,8,9) as the starting point for target
compression ratio 3:1.

To further facilitate comparison of the proposed algorithm with the non rate-
controlled JPEG-LS, the compression rates produced by the standard along with their
respective PSNRs are also shown in Tables 3.9-(a) and (b). The JPEG-LS results are
obtained by varying the value of NEAR and picking up the nearest one to each target
compression ratio. In fact, it is not practically possible to manually adjust the parameter
NEAR for each input image to achieve a compression ratio close to the target. This is
because we do not know the compressibility of each input image before the compression
can be done, and it is not allowed in practice to compress each image with various NEAR
values first and then choose the closest one.

From all the results presented in Table 3.9, it can be summarized that: (i) all
compression ratios achieved by our algorithm are indeed controlled at the target
compression ratio; (ii) without rate control, the nearest compression ratio achieved by

JPEG-LS is still not close enough to the target, even after the parameter NEAR is adjusted

manually.
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Finally, we also tested the proposed algorithm with 5 elements as shown in Figure
3.11. It is discovered that there is no significant difference between the arrays with 3
elements and 5 elements. This is expected since the effect of delaying increment of the
parameter L can be achieved by initial settings with larger distance between L and other

parameters.

Table 3.7: Phase-1 Rate Control Experimental Results (Initial L, M, H = 1,8,9)

Image Proposed Algorithm | Non Rate Controlled JPEG-LS Relative-

samples CR PSNR(db) CR PSNR(db) NEAR diff
Baboon.pgm 3.445:1 35.248 3.488:1 35.478 7 0.6%
Barb.pgm 4.161:1 38.131 4.158:1 40.101 4 4.9%
Bridge.pgm 4.002:1 34.265 4.104:1 34.453 8 0.5%
Camera.pgm 4.752:1 36.831 4.907:1 40.447 4 8.9%
Salad.pgm 4.731:1 35.198 4.783:1 35.586 7 1%
Test8g.pgm 3.133:1 39.89 3.127:1 42.677 3 6.5%

Table 3.8: Visual Perception Quality Rating Test Results

Image Samples | Option-1 Option-2 | Option-3 Option-4 Option-5
Baboon 10 0 0 0 0
Barb 8 2 0 0 0
Bridge 10 0 0 0 0
Camera 6 4 0 0 0
Salad 10 0 0 0 0
Test8 0 0 0 10 0

Table 3.9-(a) Phase-2 Rate Control Experimental Results
(Initial L, M, H = 0,0,2 and Target-Compression-Ratio = 2:1)

Image The Proposed Algorithm The Non-rate-controlled JPEG-LS
Samples

C.Ratio  PSNR(dB) | Closest C. Ratio PSNR(dB) NEAR

Values
Baboon 1.997:1 44.891 1.800:1 49.685 1
Barb 2.01:1 51.672 1.690:1 INF 0
Bridge 2.001:1 45.999 1.899:1 49.899 1
Camera 2.039:1 53.961 1.849:1 INF 0
Salad 1.999:1 50.07 1.578:1 INF 0
Test8 2.091:1 51.802 1.915:1 INF 0
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Table 3.9-(b) Rate Control Experimental Results

(Initial L, M, H = 1,8,9 and Target-Compression-Ratio = 3:1)

Image The Proposed Algorithm The Non-rate-controlled JPEG-LS
Samples

C.Ratio  PSNR(B) | Closest C. Ratio PSNR(dB) NEAR

Values
Baboon 2.994:1 37.444 2.998:1 38.153 5
Barb 3.002:1 42.507 2.524:1 49.893 1
Bridge 3.005:1 38.077 2.956:1 39.950 4
Camera 3.013:1 44.144 2.802:1 49.927 1
Salad 2.999:1 41.58 2.810:1 45.143 2
Test8 3.01:1 40.745 3.127:1 42.677 3
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34  Applications in Medical Imaging

We also tested the second proposed algorithm in medical images. Such kind of images
have unique features since both the texture smoothness should be preserved but also
excessive information loss in edges should be avoided. This requirement is tighter than just
retaining texture smoothness but it is justifiable since the importance of retaining edge
detail in medical applications is more critical than in the entertainment industry. We
wanted to assess if in this particular kind of images, our algorithm is still effective and if it
can preserve texture smoothness for the same bit rates as the standard. Potential uses of the
scheme could include tracking progress in wound/rash healing or just providing the
physician with a bigger gamut of image qualities than the JPEG-LS standard. Tables
3.10(a) and (b) show the performance of our algorithm in terms of effectiveness for a
variety of compression rates as compared to JPEG-LS. It is evident that in the range of
compression rates between 2:1-4:1 we can achieve rates closer to the TCR than JPEG-LS.
Finally, Figures 3.13(a)-3.13(d) and 3.14(a)-3.14(d) are presented for a visual comparison
between the proposed scheme and the non-rate controlled JPEG-LS , for two typical wound
and rash images. Figure 3.13(a) is the original wound image and Figure 3.13(b) is the
blown up smooth part of the wound. Figure 3.14(a) and 3.14(b) correspond to the original
and to the blown up smooth part of the rash image. By comparing Figures 3.13(c) and
3.13(d) to Figure 3.13(b), we can see that the proposed algorithm retains smooth texture
better even in wound images for the same bit rates as the standard. This happens due to the
HVS based information loss scheme used. The same point is shown by comparing Figures
3.14(c) and 3.14(d) to Figure 3.14(b) for rash images. In particular, it can be seen that
JPEG-LS has induced artifacts in Figures 3.13(c) and 3.14(c) represented as lines in the

smooth regions, whereas our scheme (shown in Figures 3.13(d) and 3.14(d) ) has
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preserved the texture smoothness better, thus providing reconstructed images closer

the original image . In order to compare fairly our technique with the non-rate controlled

to

JPEG-LS, we used the rate produced by the standard as the target rate in our scheme for the

visual part of the experiments. Furthermore, the starting points for our algorithm are the

ones shown in Tables 3.10(a) and 3.10(b). From the visual comparison experiments, we

can finally infer that the proposed scheme performs better in the medical imaging context

when both the requirements for high compression rates (high NEAR values) and for

retaining smooth texture are critical.

Table 3.10(a) Rate Control Experimental Results for Figure 3.13(a)
(Initial L, M, H = 1,5,5)

Target JPEG-LS Proposed Algorithm
Compression Closest Compression Compression Ratio
Rates Ratio
2:1 1.97:1 2.03:1
3:1 2.917:1 3.05:1
4:1 3.774:1 3.83:1

Table 3.10(b) Rate Control Experimental Results for Figure 3.14(a)
(Initial L, M, H = 2,3,6)

Target JPEG-LS Proposed Algorithm
Compression Closest Compression Compression Ratio
Rates Ratio
2:1 1.908:1 2.090:1
3:1 2.918:1 3.013:1
4:] 3.706:1 4.032:1
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3.5 Conclusions

In this chapter, we initially presented a prediction driven multilevel information loss
distribution scheme in order to optimize the visual quality of the JPEG-LS standard for the
same bit rates. The proposed information loss distribution scheme was based on HVS
principles and achieved better visual quality and higher compression rates than the
standard. It was also very competitive even in terms of PSNR performance as compared to
JPEG-LS for the same compression rates as the standard, provided a suitable triplet of
information loss parameters was chosen. The purpose of the multilevel information loss
distribution was to resolve the conflict in visual terms of assigning constant information
loss to all textures in an image regardless of smoothness characteristics. Subsequently, we
used the multilevel information loss distribution in order f¢ add rate control in JPEG-LS.
We presented two algorithms to achieve this. The first algorithm proposed was shown to be
more effective than JPEG-LS in achieving rates close to the user defined compression
rates. The negative impact of the addition of the rate control process was measured to be in
the range 2-3db. This impact was expected since any rate control algorithm has to go
through adjustments of the quantization parameters (NEAR values) in order to achieve the
target rates, whereas the standard achieves them through natural compression. We
subsequently improved the rate control algorithm design by using a more adaptive scheme
for the change of the information loss parameters (NEAR values) and by using predictive
instead of online measures to control the bit rate. The second algorithm proposed was
shown to be more effective than JPEG-LS in producing bit rates closer to user defined
target compression rates . It was also shown to be more efficient than the standard in
retaining smooth texture closer to the original image for the same bit rates. Finally, we

examined the potential usefulness of the second algorithm proposed in the context of
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applying rate control in JPEG-LS for medical images. The quality requirements for medical
imaging are more stringent compared to the requirements of digital photography since we
can not afford to lose too much information on edges. We showed that our algorithm is
retaining texture smoothness better than JPEG-LS even for medical images for the same bit
rates and is also more effective than the standard in achieving target rates in the range 2.1
to 3:1. For this specific type of images, our second algorithm performs best in visual terms
when both the requirements for high compression rates and for smooth texture retaining are
critical. Potential uses in medicine could include tracking the progress of wound/rash

healing.
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CHAPTER 4 - LOW COST, PIXEL TREND BASED IMPROVEMENTS OF

COMPRESSION RATES AND QUALITY IN IMAGE/VIDEO CODING

4.1 Introduction

Pixel trend estimation is very important in improving compression rates and quality in the
context of image and video coding. In the case of MPEG-4 for example, pixel trend
variations in boundary macroblocks can be efficiently utilised to improve compression
rates for boundary macroblocks for the same quality as the standard. In the case of
diagonal edge detection in JPEG-LS, the Mean Square Error (MSE) can be reduced for the
same bit rates as the standard, if pixel correlation is appropriately exploited. This chapter
will initially present two low cost padding techniques for boundary macroblocks that are
used to improve the coding efficiency of arbitrary shaped objects in MPEG-4 for the same
quality as the standard. Subsequently, two low cost edge detection schemes will be
proposed for JPEG-LS which also cater for the accurate prediction of diagonal edges along
with horizontal and vertical ones. It will be shown that the proposed edge detection

schemes outperform the standard in MSE terms for the same bit rates.

4.2 Overview of the MPEG-4 standard

MPEG-4 [9-10] is the first audio-visual standard that represents a scene as a composition
of audio-visual objects (AVOs) with a certain spatial and temporal behavior.
Consequently, an image frame is represented as a composition of AVOs with a number of
intrinsic properties which includes shape, motion and texture [70]. The separate encoding

of these individual AVOs is a powerful tool that can remove a number of limitations

92



inherent to other systems and standards such as MPEG-1 and MPEG2. First, it enables
interaction with meaningful objects within the same scene. It also enables the re-use of
data if the possibility exists to separately store and access objects, rather than frames. It
gives the user the ability to create his/her own content by combining several of these stored
objects in the same or different places. Excluding the audio component, an image frame is
represented in MPEG-4 as a composition of video objects (VOs). Each video object is
divided into a number of object layers, to allow for spatial and temporal scalability. For
example, in a scene comprising of a person and some furniture, the person and the
furniture can be defined as two separate object layers. Under each object layer there is an
ordered sequence of snapshots in time, which are referred to as video object planes
(VOPs). In the previous example, the person taken as a separate entity from the rest of the
frame, in a sequence of frames, forms a VOP. These VOPs are the basic unit where
MPEG-4 video compression is applied. A VOP is essentially a rectangular area that
completely contains a video object but with the minimum number of macro-blocks
contained within it.

The macro-blocks within a VOP are categorized into three groups and are treated
differently according to the group they belong to. Those that belong to the interior of the
video object are motion-compensated and predicted in a way identical to that of MPEG-2
and h26x (x=1,2,3). Subsequently, the prediction errors along with motion information are
encoded. Those macro-blocks that are completely outside the video object but belong to
the VOP are not coded as they belong to a different object or the background. A special
shape adaptive motion compensation and prediction scheme is used for coding the macro-
blocks that straddle the boundaries of an object. Figure 4.1 shows an example of the

macroblock classification scheme used in MPEG-4.
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The remaining unfilled transparent horizontal samples are padded using vertical repetitive
padding [hv_pad in Figure 4.2], which is essentially the horizontal padding technique,
performed in a vertical direction

After all the boundary macroblocks have been padded, the exterior macroblocks
immediately next to them are filled by replicating the samples at the border of the
boundary macroblock (Extended Padding [Epad in Figure 4.2]) that has the highest priority
number The remaining exterior macroblocks which are not located next to any boundary
macroblock are filled with the value 128.

Figure 4.2 depicts the MPEG-4 padding technique, while Figure 4.3 depicts the priority of

boundary macroblocks.

Fly}[x] =3 | sigma Predictions Ié—— Frame Store
S{ylix] S’ [ylix] Alpha Blocks
Saturation
i ' HRPad VRPad EPad
Decoded B&ck hor_pad[y][x] hv_pad{y]{x]

Figure 4.2: MPEG-4 padding technique

95



Boundary
macroblock
2

Boundary
macroblock
3

Exterior
macroblock

Boundary
macroblock
1

Boundary
macroblock
0

Figure 4.3: Priority of boundary macroblocks

The padded VOP is then used as a reference for motion compensation and prediction of
arbitrary shaped boundary macroblocks of the VO to be encoded. During this process the
exterior pixels (pixels that are outside the video object) of the boundary macro-block to be
encoded are made inactive. After the error blocks are calculated, they are transformed into
the frequency domain with a special shape adaptive discrete cosine transform (SADCT)
[11,13]. This transformation only codes the pixels belonging to the VO in the error blocks,
thus reducing the actual amount of bits which would be needed to code the DCT
coefficients. SADCT essentially aids in increasing the quality for the same bit rate at a
slightly increased implementation complexity.

44 Drawback of the MPEG-4 Padding technique and Proposed Linear

Extrapolated Padding Technique (LEP)

The main drawback of the above padding technique lies in the fact that it does not make

use of the trend of pixel value variation often present near object boundaries for the
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From Figure 4.4 it can be inferred that only the pixels inside the shape of the boundary
macroblock to be encoded are considered active in the motion compensation process.
Under this geometrical condition, it can be seen that the padding values of the reference
macroblock have no effect on the produced error macroblock. Thus, the coding efficiency
of such macroblocks can not be improved by modifying the padding technique.

From Figure 4.5 it can be inferred that some of the produced errors to be encoded will
depend on the padding pixel values (Cur - Pad area). This implies that if the padding
scheme of the reference macroblock is modified appropriately, potential coding gains
could be achieved for the same quality.

As a simple solution to the geometrical condition shown in Figure 4.5, we propose the use
of a single iteration of a row-based linear extrapolation padding [LEP] step, to predict
those exterior pixels adjaceﬁt to the boundary pixels of the reference VO. These projected
pixel values would then be predicted by the proposed linear extrapolation scheme as
follows:

Assume that ‘n’ (1<n<N) consecutive pixels in é row, immediately either to the left or
to the right of a projected pixel, are within the video object. Let these ‘n’ pixel values be

represented by P,. Let X, represent the column numbers of these pixels relative to the

column number of the projected pixel. We use a linear equation of the form

P, = Ax X, +B to fit all the internal pixel values denoted by P,, in least squared error

terms, as follows:

Prediction error for a single pixel P, is given by:
E =P —(AX, +B) 4.1)

For least, total squared error,
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2 S B~ (ax,+B)F =0 “2)
and
2S5 -(ax,+BJF =0 43)

By simplifying equation 4.2 and equation 4.3 above, we arrive at the following matrix
equation.

N
2P
i=1

N
Y X.P

i=1

4.4)

N

K
Sx Fxilt
i=1 i=1

After constants A and Bare found from the matrix equation 4.4, equation
P. = Ax X, + Bis used to do the extrapolation and find the projected pixel value. Pixel A

in Figure 4.6, illustrates a projected pixel that would be found following a similar

procedure. In this way all the projected pixels will be determined by the variation trend of

those interior pixel values of the VO, close to the boundary.

Figure 4.6 : OInten'or pixels, @ Projected pixels

However, projected pixels that satisfy certain specific neighbourhood conditions need

special attention as described below.
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4.5 Experimental Results for LEP

Experiments were carried out to calculate the coding gains obtainable with the proposed
technique. The test results taken at various temporal locations for five test sequences are
shown in Table 4.1. The Extended Compression Ratio (ECR) represents the percentage
improvement obtainable over MPEG-4 for coding all boundary blocks of video objects in
the frame denoted by a higher index, taking the frame with the lower index as the

reference. ECR% is defined as follows:

Bou_bits —Bou_bits
ECR= mpeg4 proposed %

100
Bou_bitsypegs

Results in Table 4.1 clearly indicate that the proposed modification enhances the

performance of the MPEG-4 padding technique.

é ECR% in Comparison with MPEG-4

S o &

§ :&é g o 2

g R 8 5 & £ E

@ 5 < 3 S & = &
000-001 6.8 4.1 2.1 6.6 3.6
001-002 5.6 4.7 1.8 3.6 2.0
002-003 6.1 3.2 2.8 34 14
003-004 5.8 3.8 23 6.9 2.4
010-011 5.5 1.0 3.1 5.8 4.6
011-012 3.8 3.6 3.6 6.6 4.5
012-013 6.4 5.0 35 6.6 4.1
013-014 6.5 2.0 2.5 4.1 4.2
020-021 6.9 6.2 3.9 4.9 2.7
021-022 5.6 1.8 3.1 5.1 2.1
022-023 6.0 i.1 3.5 5.5 3.5
023-024 4.8 4.6 2.8 37 4.4
030-031 4.9 4.6 2.6 35 1.2
031-032 6.2 59 1.9 6.1 1.8
032-033 6.8 2.2 1.1 6.6 1.6
033-034 6.6 2.8 2.7 6.2 39

Average ECR% 5.8 37 2.7 53 3

improvement

Table 4.1: Experimental Results
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Further experiments indicated that with linear extrapolation, the optimal results in terms of
compression gain, are obtained when the number of iterations is limited to one. This is
justifiable as further padding steps, which follow a linear variation towards the exterior,
may result in larger prediction errors for pixels further away from the boundary.

Note that this additional LEP stage would not modify the prediction error blocks of
arbitrary shaped current blocks that find predictors which are completely enclosed within
the reference VO. For constant luminance boundary blocks of the reference VO, the
additional LEP step will result in an identical padding, to that of MPEG-4. The coding
gains are achieved in boundary blocks where the shape of the current block extends beyond
the reference VO shape, thus making the padded pixel values active, in the calculation of
the prediction error.

Experiments were also performed to check the feasibility of using the proposed technique
in the vertical direction as well, i.e. before MPEG-4, vertical padding is done. The results
indicated that the extra coding gains obtainable are insignificant and are not worthy of the

added complexity.

4.6  Extrapolated Average Padding

Further experiments performed using the MPEG-4 padding technique and the proposed
LEP technique indicated that they did not perform well in encoding arbitrary shaped
MPEG-4 video objects that have been severely distorted (or have changed shape severely)
between consecutive video frames.

Figure 4.8 illustrates the reason for this failure.
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Figure 4.8: Error block formation in severely distorted boundary blocks

In the case of the MPEG-4 padding technique, the area (Cur - Pad) consists of errors
which are the difference between the corresponding boundary pixel values of the reference
VOP (Pad) and the interior pixels of the boundary macro-block (Cur) to be encoded.

In the case of the. Linear Extrapolated Padding Technique (LEP) , the area (Cur - Pad)
consists of errors which are the difference between the corresponding extrapolated
boundary pixel values of the reference VOP (Pad) and the interior pixels of the boundary
macro-block (Cur) to be encoded.

In both cases, if the non-overlapping area is large, the boundary pixel values of the
reference VOP (or the linear extrapolated boundary pixel values in the LEP technique)
may not be a good approximation for the interior pixels of the arbitrarily shaped boundary
macroblock to be encoded. This is mostly evident for interior pixels that that are further
away from the shape boundary in the current macroblock to be encoded. Thus, the methods
discussed above (i.e. MPEG-4 method and the LEP technique) would fail to produce lower

magnitude error blocks.
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Extended Padding (see Section 4.3) is used to pad the exterior macro-blocks. Any exterior

macro-block that does not get padded at the end of this stage would be padded using the

value 128.

4.7 A Hybrid Padding Scheme combining LEP and EAP

Experimental investigations showed that the LEP technique works best when the matching
shapes are close, thus performing well, especially in sequences where objects change shape
at a slower pace. In contrast, the EAP technique was found to perform best when the shape
changes are large. Most video sequences fall into the first category. However, the
importance of dealing with large shape mismatches between consecutive VOPs cannot be
ignored, especially due to the fact that most video objects would consist of both types.
Thus, a hybrid approach that identifies the areas in an object that are ‘distorted’ and
‘undistorted’ and apply the appropriate technique to pad the reference frame boundary
blocks of such areas, would increase the compression efficiency. Due to the importance of
keeping this classification process computationally inexpensive, we use a simple criteria
described below, for this purpose.

Firstly, the LEP technique is used to pad the reference frame VOP. Motion compensation
for all the arbitrary shaped boundary blocks in the current frame VOP is now performed
taking this padded VOP as the reference. Subsequently, for each matching pair a measure
of mismatch is calculated by averaging the three largest ‘mismatch distances’, H1, H2 and
H3. (see Figure 4.10). If this average is greater than a threshold, T (2.0 for our
experiments) a decision is made to re-pad the pixels that are within the best matching

block, but are outside the shape of the reference video object, using the EAP technique.

1.e.,
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Results show that the proposed technique also improves the performance of the LEP

technique applied as a stand-alone system as described in our previous work in [71]

particularly in sequences such as ‘football’, ‘tennis’ and ‘parachute’. These sequences

contain objects that are distorted severely in certain parts of the objects. Thus, it could be

deduced that the proposed scheme adequately identifies, in a low complexity framework,

the boundary blocks that are ‘distorted’ and uses the EAP technique in padding the

appropriate reference VOP blocks. Thus, this technique is best used in coding video

sequences with objects that are severely distorted.

4 ECR% in Comparison with MPEG-4

4
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000-001 6.6 37 25 6.8 3.6 4.1 7.7
001-002 54 4.8 1.1 3.5 2.1 5.0 7.6
002-003 6.2 32 2.6 34 1.2 6.7 6.9
003-004 59 3.8 2.7 6.7 2.4 4.1 5.1
010-011 5.7 1.1 35 5.8 4.6 6.6 1.3
011-012 36 3.8 37 6.9 44 7.2 3.8
012-013 6.7 5.0 35 6.9 4.1 3.1 32
013-014 6.2 2.1 2.6 4.8 4.6 2.0 2.9
020-021 71 6.2 37 49 3.0 4.2 4.4
021-022 5.8 1.8 39 52 1.9 5.7 5.6
022-023 6.3 1.0 3.5 5.1 35 5.6 5.9
023-024 49 4.6 2.7 3.9 44 5.9 6.1
030-031 5.0 4.6 2.9 37 1.1 7.6 9.1
031-032 6.0 5.9 2.2 6.3 1.8 8.2 8.7
032-033 6.5 23 1.9 71 2.1 8.7 8.4
033-034 6.6 2.8 2.9 6.7 39 8.2 7.3
Average ECR% 5.9 3.7 2.8 5.4 3 5.8 5.8
improvement

Table 4.2. Experimental Results

49  The edge detection scheme of JPEG-LS and its assessment

Although the predictive template was shown in the introduction section of Chapter 3, it

will be shown again in this chapter (Figure 4.11) for clarity reasons. In fact the
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geographical location of the pixel values inside the template is critical to the proposed

algorithms, so its re-use is further justified.

Pixel to be encoded

Figure 4.11: Predictive pattern in JPEG-LS

From the standard document of JPEG-LS it can be seen that predictive value of the

pixel to be encoded is calculated according to the following pseudo-code:

if (c>= max(a, b)) P = min(a, b);

elsef{
if (c <= min(a, b)) P = max(a, b); (4.8)
else P = a+b-c;
/

where a,b,c are pixels in the template and max(a, b) and min(a, b) stands for the maximum

value and the minimum value among the two pixels, a and b, in the predictive template.

To assess the existing prediction scheme in JPEG-LS, further analysis of the above pseudo-

codes can be made to reveal the following facts:

e An edge would be detected among the three pixels when either ¢ >= max(a, b) or ¢ <=
min(a, b) is satisfied. Whether the edge is horizontal or vertical depends on which pixel

is the maximum or minimum value between a and b. When ¢ >= max(a, b) is satisfied,
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as an example, max(a, b)=a give us a vertical edge and max(a, b)=b a horizontal edge.
Similarly, the condition, ¢ <= min(a, b), would give us a vertical edge if min(a, b)=a
and a horizontal edge if min(a,b)=b. Figures 4.12(a) and 4.12(b) show such an edge
detection process. From the geographical arrangement shown in Figures 4.12(a) and
4.12(b), it can be seen that a logical selection of the predictive value would be the

pixel, which is not on the detected edge.

c b ¢ b
a<h \ a<b
a x \ / x=min(a,b) a X / x=max(a,b)
a>b a>b
Figure 4.12(a): Edge detection for Figure4.12(b):Edge detection for
c>=max(a,b) c<=min(a,b)

All other cases are represented by the condition: min(a, b) < ¢ < max(a, b). Under this
condition, it is difficult to construct a predictive value to cover all possibilities in the
local texture. This is because there is no clear justification to determine whether there
is an edge or not. Even if there is an edge, it is difficult to classify appropriately. This is
due to the fact that any prediction has to be dependent on the unknown pixel value x.
For instance, a horizontal edge may be detected only when x is found to be closer to a,
or a vertical edge be detected if x is closer to b. In fact, the choice of a+b-c is an
excellent balance among all possible situations.

From the above analysis, it can be verified that the prediction scheme adopted in JPEG-

LS only considers the detection of a horizontal edge or a vertical edge among the
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predictive template to produce a predictive value. This is logical in the sense that the
variety of intensity values around a neighbourhood area can always be described by the
two types of edges, when the viewing angle is limited to the local predictive template.
In other words, combinations of many vertical and horizontal edges can produce a line
with arbitrary shape or edges in any image. However, what matters here is whether the
description by the two edges will be accurate enough to minimise the predictive errors.

In cases where a diagonal edge exists inside the predictive template, it can be expected

that the errors produced can be unnecessarily high.

410 Two algorithms for low cost diagonal edge detection in JPEG-LS

Therefore, to further improve the prediction scheme, one of the possibilities is to
consider the diagonal edge detection among the three pixels inside the predictive
template. Due to the fact that the diagonal distance between a and b is larger than any
other ones inside the template, and the diagonal edge detected can also be interpreted as
either a vertical or a horizontal edge in most cases, it can be anticipated that the
occurrence of a true diagonal edge would be much less frequent compared with that of
vertical and horizontal edges. Consequently, the possible improvement would be
dependent on the number of cases where a true diagonal edge does exist inside the local
areas of the input image. Essentially, the possibility of improvement can be explored
along two directions: (i) to accurately detect those true diagonal edges; (i) to correctly
construct the predictive value, based on the diagonal edge detected.

In order to detect a diagonal edge, only two possibilities exists among the three pixels,
a, b and ¢, which are 45° and 135°. It can also be assumed that there is no edge with

one pixel wide inside the predictive pattern, or if any, such edge can be ignored by our
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scheme since it is hardly possible to produce any meaningful prediction out of this type
of edge.

Considering all the possibilities in the light of the existing prediction scheme designed in
JPEG-LS, a detailed analysis of the diagonal edge detection and prediction can be carried
out for each of the predictive contexts given in the pseudo-codes, i.c., (i) min(a,
b)<c<max(a, b); (ii) c Zmax(a, b); and (iii) ¢ < min(a, b).

Firstly, when the condition min(a, b)<c<max(a, b) is satisfied, it can be seen that any
prediction for the pixel value x can only be determined by the unknown pixel x. This is
reflected in the Figure 4.13(b). If x is close to a we would get a horizontal edge, if x is
close to b a vertical edge and if x is close to ¢ a diagonal edge, respectively. Hence, it is
unlikely to have any further improvement with this predictive context without jeopardising
the good predictive results already achieved by JPEG-LS.

Secondly, with the condition ¢ 2max(a, b), it is not difficult to see that we would get the
case described in Figure 4.13(a), if there exists one diagonal edge. The principle is that we
need to detect the diagonal edge with the best possible accuracy from the information
given by the available pixels at both encoding and decoding ends, not by the unknown
pixel x. Furthermore, since ¢ >max(a, b) we could anticipate that the pixel value ¢
although it could be used for detecting diagonal edges, it would not necessarily influence
the predictive value of x since the distance between x and a, b is expected to be smaller
than the distance between x and c¢ ( refer to the predictive template in Figure 4.11). We also
expect that x would be more correlated to the pixel a than to the pixel b since x and a are
on the current scan-line while b is on the previous scan-line. So in both the proposed
schemes we initially test for horizontal edges, followed by diagonal edges, followed by
vertical edges. By testing through threshold bounded gradients for the existence of

diagonal edges before resorting to vertical edges, we could potentially reduce the
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prediction error. If a diagonal edge is detected, this is indication that the pixel value of d in
the template tends to be smaller than pixels a and b and could be potentially used for
compensating for the large error that a predicted value such as pixel b would produce.
Following this reasoning, a weighted predictive value of the pixels b and d would be more
appropriate. This is illustrated in Figure 4.14(a). The analysis for the condition

¢ < min(a,b) is exactly the same. This is illustrated in Figure 4.14(b).

(a) (b)

Figure 4.13: Possible forms of diagonal edges

c b c b

high

(a) (b)

Figure 4.14: Possible forms of pixel intensities in diagonal edges

Based on the above observations we design our first algorithm as follows:

4.10.1 Weight based diagonal edge detection

We propose that the predictive value of x in the case of a diagonal edge being detected can

be estimated based on a weighted average of the pixels b and d using the following

equation:
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_ al*d +a2*b
al+a?2

P

al,a2>1

4.9)

where al,a2 are weights relative to the pixels b and d. Equation (4.9) would bring the

predictive value down to be closer to the unknown pixel x.

So the edge detection scheme that JPEG-LS uses and is described in equation (4.8)

can be enhanced for also predicting diagonal edges as follows:

if (¢c>= max(a, b))

{

if (a<=b)P = a;

else if ( (b-d)>=T1 and (c-a)>=T2 )

* * .
P=§M (diagonal edge detection)

al+a?
else P = b;
/
elsef

if (c <= min(a, b))

{

if (a>=b) P = a;

else if ( (d-b)>=T1 and (a-c)>=T2 )

P:al*d+a2*b

(diagonal edge detection)
al+a2

else P =b;}

else P=a+b-c; (condition min(a, b)<c<max(a, b);)

}

(4.10)
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where a, b, ¢, d are pixels on the predictive template (Figure 4.11) and P is the predictive
value of the pixel to be encoded (x on the template). Also 71,72 are empirically defined
thresholds used to detect diagonal edges based on pixel gradients. The reason for using
only two thresholds in our prediction scheme is that we also want our scheme to be of low
computational cost. A more elaborate treatment of detecting diagonal edges using more
thresholds could also be used for minimising the predictive error[87].

It’s worth noticing that the proposed edge detection scheme performs better if the weights
al,a2 in equation (4.9) are not equal. In fact it performs best if a2>al. This can be
expected since the pixel x on the predictive template is more correlated to pixel » than to

pixel d.

4.10.2 Including pixel a in the prediction

In this algorithm, we intend to exploit the effect of the pixel a (see template in Figure 4.11)
in the determination of the predictive value of pixel x in the case of a diagonal edge being
detected. The proposed algorithm, like the one described in 4.10.1, also pertains to the
cases of Figures 4.14(a) and 4.14(b). The reasoning here is that since pixel a is the most
correlated to the pixel x inside the predictive template (see Figure 4.10), it could
potentially improve the predictive value of pixel x in the presence of diagonal edges. So
instead of predicting using only a weighted average of pixels b and d in the template, we
can include pixel a in the prediction as follows:

if (¢c>= max(a, b))

{

if (a<=b)P = a;
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else if ((b-d)>=TI and (c-a)>=T2 )

=a+d+b
3

P (diagonal edge detection) (4.11)

else P = b;

/

else{

if (c <=min(a, b))

{

if (a>=b) P = a;

else if ( (d-b)>=T1 and (a-c)>=T2 )

_a+d+b
3

P (diagonal edge detection)

else P=b;
/
else P=a+b-c; (condition min(a, b)<c<max(a, b);)

}

where a, b, c, d are pixels on the predictive template (Figure 4.11) and P is the predictive
value of the pixel to be encoded (x on the template). Also 71,72 are empirically defined
thresholds used to detect diagonal edges based on pixel gradients. The reason for using

only two thresholds is that we intend our algorithm to be of low computational cost.

4.10.3 Experiments for the two proposed algorithms

To test the proposed algorithms, we implemented both the prediction schemes and run the

programmes on a group of four commonly used testing images: Lena, Boat, Camera,
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Bridge and Clown. In order to ensure a fair comparison with the existing JPEG-LS scheme,
we assessed the performance of the proposed prediction schemes in two measurements: (i)
the mean-square-error between each pixel to be encoded and its predictive value; (ii) the
compression ratio. The first measurement is designed to assess the accuracy of the
proposed prediction schemes benchmarked by the existing state of the art prediction
adopted in JPEG-LS, the latest JPEG standard for lossless/near lossless image
compression. The second measurement is designed to see if the proposed schemes have
any impact upon the compression performance without any change to the entire coding
scheme, including statistics modelling and Golomb entropy coding. To ensure such a fair
comparison, all three algorithms have exactly the same number of operations including
coding-mode selection, statistics modelling and entropy coding, apart from the prediction
being different.

The experimental results for the weight based diagonal edge detection can be summarised
in Tables 4.3-4.5 while the results after including pixel a in the prediction mechanism can
be summarised in Tables 4.6-4.8. In the Tables of the weighted scheme, al and a2
represent weights while in all Tables of results T1 and T2 represent empirically found
thresholds. The percentage predictive Mean Square Error improvement (PMSE) for the

same compression rate can also be calculated as follows:

MSEjppG—1.s —MSEproposdl  scheme

PMSE = X100 (4.12)

MSEjpEG-LS

This value is represented by the third column in all Tables of results.
From these tables, it can be seen that, for all image samples tested, the proposed

schemes outperform JPEG-LS in terms of predictive MSE values for the same compression
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rates as the standard. As analysed earlier, the extent of improvement depends on the image
content, i.e., the number of true diagonal edges, which may exist inside the input image.
Another interesting aspect, which can be observed from Table 4.3-4.8, is that,
although the prediction schemes are improved in terms of accuracy measured by predictive
MSE values, the compression ratios stay the same. This is expected due to the fact that the
entropy coding length is determined by statistical modelling [85],yet this part of operation
is not revised in the light of the proposed diagonal edge detection. In this sense, smaller
predictive error may not necessarily produce higher compression efficiency. The decisive
factor for compression efficiency is how accurate could the statistical modelling produce
statistical information to drive the entropy coding [86].However, when predictive error is
minimised, the direct and positive effect upon statistical modelling would be significant,
since the statistical distribution of those errors would become more focused around its
mean value as opposed to being scattered [85].With JPEG-LS, the specific advantage can
be illustrated in that the number of context quantization regions could be reduced and more
probabilities could be assigned around the centre of the statistical distribution. Another
impact upon compression efficiency by smaller predictive errors can be seen with the near
Jossless compression mode in JPEG-LS. The near lossless mode requires a small
quantization of those predictive errors in order to produce higher compression ratios. To
this end, the reconstructed image quality could benefit by introducing smaller quantization

step corresponding to the smaller predictive errors [83,84].
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Samples | JPEG-LS | Weighted PMSE JPEG- | Weighted
MSE predictive | improvement LS predictive
MSE CR CR
Lena 37.435 36.599 2.23% 1.991:1 1.991:1
Boat 80.571 80.152 0.52% 2.09:1 2.09:1
Camera 215.664 213.59 0.96% 1.849:1 1.849:1
Clown 94.19 92.712 1.56% 1.702:1 1.702:1
Salad 128.895 127.97 0.71% 1.578:1 1.579:1
Jet 44.978 44.641 0.74% 2.096:1 2.096:1

Table 4.3: Experimental Results for weighted predictive scheme
(T1=T2=10,al=1,a2=2)

Samples | JPEG-LS | Weighted PMSE JPEG- Weighted
MSE predictive | improvement LS predictive
MSE CR CR
Lena 37.435 36.327 2.95% 1.991:1 1.991:1
Boat 80.571 80.394 0.21% 2.09:1 2.09:1
Camera 215.664 213.996 0.77% 1.849:1 1.849:1
Clown 94.19 92.624 1.66% 1.702:1 1.702:1
Salad 128.895 127.826 0.82% 1.578:1 1.578:1
Jet 44.978 44.477 1.11% 2.096:1 2.095:1

Table 4.4: Experimental Results for weighted predictive scheme

(T1=T2=5,a1=2,a2=3)

Samples | JPEG-LS | Weighted PMSE JPEG- | Weighted
MSE predictive | improvement LS predictive
MSE CR CR
Lena 37.435 36.713 1.92% 1.991:1 1.991:1
Boat 80.571 80.184 0.48% 2.09:1 2.09:1
Camera 215.664 213.944 0.79% 1.849:1 1.849:1
Clown 94.19 92.857 1.41% 1.702:1 1.702:1
Salad 128.895 127.958 0.72% 1.578:1 1.579:1
Jet 44.978 44.749 0.50% 2.096:1 2.096:1

Table 4.5: Experimental Results for weighted predictive scheme

(T1=T2=8,al=1,a2=3)
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Samples | JPEG-LS | Proposed PMSE % JPEG- | Proposed
MSE MSE improvement LS CR
CR

Lena 37.435 36.853 1.55% 1.991:1 1.991:1
Boat 80.571 80.206 0.45% 2.09:1 2.09:1
Camera 215.664 213.958 0.79% 1.849:1 1.849:1
Clown 94.19 93.37 0.87% 1.702:1 1.702:1
Salad 128.895 128.125 0.59% 1.578:1 1.579:1
Jet 44.978 44.906 0.16% 2.096:1 2.096:1

Table 4.6: Experimental Results by including pixel a in the prediction
scheme (T1=T2=10)

Samples | JPEG-LS Proposed PMSE % JPEG- Proposed
MSE MSE improvement LS CR
CR

Lena 37.435 36.763 1.79% 1.991:1 1.991:1
Boat 80.571 80.298 0.33% 2.09:1 2.09:1
Camera 215.664 214.159 0.69% 1.849:1 1.849:1
Clown 94.19 93.476 0.75% 1.702:1 1.702:1
Salad 128.895 127.86 0.80% 1.578:1 1.578:1
Jet 44.978 44.904 0.16% 2.096:1 2.095:1

Table 4.7: Experimental Results by including pixel a in the prediction scheme

(T1=T2=5)
Samples | JPEG-LS Proposed PMSE JPEG- Proposed
MSE MSE improvement LS CR
CR
Lena 37.435 36.797 1.70% 1.991:1 1.991:1
Boat 80.571 80.239 0.41% 2.09:1 2.09:1

Camera 215.664 214.155 0.69% 1.849:1 1.849:1
Clown 94.19 93.391 0.84% 1.702:1 1.702:1
Salad 128.895 128.015 0.68% 1.578:1 1.579:1
Jet 44.978 44.92 0.12% 2.096:1 2.096:1

scheme

Table 4.8: Experimental Results by including pixel a in the prediction
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4.11 Conclusions

In this chapter, we initially proposed a simple Linear Extrapolated Padding technique
(LEP) to improve the compression efficiency for the reference VOP padding problem in
MPEG-4. Compression improvements of up to 6.9% were observed as compared to the
MPEG-4 padding scheme. Subsequently, we proposed a shape distortion adaptive hybrid
padding technique to minimise prediction errors in coding arbitrary shaped video objects in
MPEG-4 video sequences. The proposed hybrid technique is particularly effective in
coding video sequences with objects, having a quick pace of shape change. Compression
gains of up to 9% over the MPEG-4 padding technique have been obtained for coding
boundary blocks of video objects in such sequences, for the same quality as the standard.
Further experimental analysis indicated that the selection of the threshold value, T, plays a
major role in the performance of the hybrid algorithm. At present, we have used a fixed
threshold (see Section 4.7). It is expected that a dynamic approach in setting this threshold
value would enhance the performance and the flexibility of the present version of the
algorithm.

We can conclude that if low computational complexity is at premium, the LEP scheme for
the reference VOP padding problem is sufficient for improving the compression rate over
MPEG-4 for the same quality. On the other hand if compression rate is at premium, the
hybrid scheme is a better choice.

In the second part of the chapter, two algorithms were presented for adding diagonal edge
detection to JPEG-LS, in addition to the horizontal and vertical edges detected by the
standard . Both algorithms utilised pixel correlation inside the predictive template in order
to improve the prediction in the presence of diagonal edges, thus reducing the produced

predictive MSE. It is worth noting, that both the proposed schemes improve the predictive

120



MSE only, for the same bit rates as the standard, but this is expected since no changes on
the compression mechanism of JPEG-LS are applied. The observed predictive MSE
improvements are up to 2.9% for the first scheme and up to 1.9% for the second scheme in
predictive Mean Square Error (MSE) values for the same bit rates as the standard. The

extend of improvement depends of course on the percentage of the diagonal edges in the

image.
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CHAPTER 5 - LOW COMPUTATIONAL COST R-D IMPROVEMENTS IN

MPEG-2 VIDEO CODING

5.1 Introduction

The rate distortion approaches in the context of video coding can be broadly classified into
two major categories. The first category contains the analytic approaches whose objective
is to derive a set of mathematical formulas for the R-D curves based on the statistical
properties of the source data. In these approaches, the coding system and the video frames
are first decomposed into components whose statistical models are already known. Then
they are combined together to form a complete analytic model. Typical work can be found
in Hang and Chen [72] and in Ding and Liu [73] .The problem with these models is that
they show relatively large errors in the estimation of the rate distortion characteristicé [60]
and that their accuracy depends on the number of control points used to fit the R-D data.
Given that the best results from data fitting are obtained when all the data points are used,
the complexity of these approaches can still be high when improved accuracy is desired.
The second category of R-D optimisations contains empirical approaches. The
observed R-D performance data of the encoding system is mathematically processed first
and its output serves as an estimate of the R-D curves for the encoding system. Typical
work includes dynamic programming [58] and Lagrange multiplier optimisation [59,62,74-
76] which generally involve multiple iterations over the R-D data. Considering the fact
that the best results from those observed data are obtained when most, if not all, the data 1s
used, these approaches are also of high computational complexity. The complexity is even

more increased in empirical approaches by the overhead required in order to enable the
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optimal trellis path being determined in the optimisation stage. To reduce the number of
control points, interpolation functions are also proposed to improve the complexity in the
process of estimating the R-D data [60]. This work aims to trade complexity to accuracy,
producing sub-optimal R-D estimates for rate control design. In general, empirical
approaches are not suitable for low encoding delay video coding because of the high
overhead in CPU cycles associated with the optimisation of the rate-distortion
performance.

The MPEG-2 standard [7,8,97,98] was developed for low end-to-end delay video
compression of broadcasting quality. It can not afford high complexity due to optimisation
overheads in the encoding stage. In fact, it is evident from the test document that its
performance along with visual quality measurements were very seriously considered in
every part of the compression pipeline. In particular, the MPEG-2 rate control scheme
follows a different approach than the ones outlined above, namely it is a "direct buffer state.
feedback scheme". These schemes do not measure and monitor the distortion by using
multiple-pass coding. Instead the buffer occupancy and the activity analysis determines
the quantization settings. Consequently, decisions about quantization step size assignments
on a macroblock basis (mquant parameter) are made online, which can only become
possible when information about the current macroblock or previously encoded
macroblocks is primarily used in the decision-making process.

The work presented in this chapter consists of two parts. In the first part, four novel
activity estimates for improving on the fly the rate distortion performance of the MPEG-2
rate control scheme (TMS5) are presented. This part of the work initially identifies the
drawbacks in R-D terms of the normalisation scheme used in the standard for activity
estimation and subsequently improves the R-D performance by proposing new activity

estimates. In the second part of the chapter, two low cost rate control algorithms for
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MPEG-2 are presented which are based on Lagrange theory. Unlike the offline approaches
based on Lagrange multipliers, the proposed rate control schemes are applicable online
since they still fall into the "direct buffer state feedback schemes". Furthermore, they also
improve the estimation of the R-D characteristics as compared to MPEG-2 by explicitly
including distortion in the calculation of the quantization step size per macroblock through

a Lagrangian formulation.
5.2  Review of the MPEG-2 rate control algorithm

The rate control scheme adopted in MPEG-2 can be formulated as, given a group of N
frames and a range of quantization parameters, mquant€ [mquant,; , mquant_, ], find g*

=(q; q2 ... gn) With g, € [mquant ; , mquant_, ], such that:

b % 5.1
q arg(qe[mquantmn mauant,, N N 2 ((D} ( )

i=1
subject to the condition that the overall bit rate is not greater than a pre-set target. In
equation (5.1), the distortion measurement, d;(¢), can be quantitative such as PSNR (peak-
signal-to-noise-ratio) or subjective such as visual perception characteristics.

To reduce the level of complexity and the cost of computing, MPEG pursued the
issue along the subjective distortion measurement, which allocates the value of mquant
according to two factors. One factor is the buffer fullness and the other is the activity
measurement within each macroblock. Therefore, to encode the jth macroblock inside each

frame, its mquant is determined by the following equation:

mquant ; Q] XN _act (5.2)
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where Q; is a modulation parameter, which indicates the contribution from the buffer-
fullness, and N_act; is a normalised activity indicating the contribution from the activity
analysis on the jth macro-block.

The activity analysis in MPEG-2 is mainly carried out by calculating the variance of
original pixel values within each macro-block in connection to an average activity derived
from the preceding frame. Specifically, MPEG determines the value of N_act; as given

below:

2Xact jtavg _act

N _act ;=
J act j +2Xavg _act (-3)

where, act j =1+min(varpg1,varp 2, varpig 3, varpjg 4) and avg_act is the average of all local
activities used to encode its preceding frame. Since each macro-block consists of four 8 X8
blocks, its activity is seen to be determined by the minimum variance value out of those of
four 8 X8 blocks. For all the 64 original pixel values, Py (k€ [1, 64]), the variance can be

calculated as follows:

o4 5.4
var,, =1/64x 3 (Py—P_mean)? (54)
blk
k=1
64
where P_mean =—ZX 2Pi  represents a mean value of the block.
i=1

Essentially, the contribution to the rate control from activity analysis is described by
equation (5.3), from which, it is seen that the value of normalised activity, N_act;, is not
only determined by the activity of the jth macro-block, act;, but also by the average
activity, avg_act. of the previously encoded frame. The latter can be viewed as a stabilising
factor to ensure that any temporary drastic change incurred at the current macroblock will

not dominate the role of activity analysis for rate control. This is also seen as the
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The curve in Figure 5.1(a) shows that the range of N_act; varies from 0.5 to an upper-
bound value of 2 .Therefore, the principle of activity estimation in MPEG-2 can be
explained as that the higher activity macroblocks in relation to the average activity of the
previously encoded frame provide a favourable environment for more information loss
(higher distortion) and lower activity for less information loss (lower distortion).

The contribution to rate control from buffer fullness is relatively straightforward in
MPEG-2, in which three virtual buffers are allocated to accommodate the encoding process
for I-frames, P-frames and B-frames respectively. To encode a x-type frame, the virtual
buffer fullness is determined at macro-block level, which is then used to determine the
modulation parameter, Qj, for the jth macro-block. This operation can be described by the

following equation:

d’x31
|
Qj=— (5.6)
2xbit _rate ] ) )
where ¥Y=—————— is a so-called reaction parameter determined by the channel bit-

picture _rate
rate and the picture-rate; d; is the virtual buffer fullness for the jth macro-block inside the

x-type frame, which is determined according to: (a) the target bit rate allocated to this
frame to be encoded; (b) the number of bits generated by encoding the previous (j-1)
macro-blocks inside this frame; and (c) the initial buffer fullness before encoding of this

frame starts.

5.2.1 Drawbacks of the MPEG-2 rate control scheme

Implicitly, the rate control model of MPEG-2 assumes that the distribution of bits among

macroblocks for the frame to be encoded is uniform, which is not accurate due to the
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variability of the bit rates produced on a macroblock basis. Although neighbouring
macroblocks tend to produce similar amount of bits due to pixel correlation, this is
definitely not accurate for macroblocks that are further apart in a frame. It can also be
observed that any attempt to alter the uniform distribution of bits per macroblock that the
standard uses for rate control is unlikely to succeed since we can not know the exact
amount of bits that the macroblock will produce when encoded a priori. The standard also
uses a variance based normalisation scheme for activity estimation which is very sensitive
to small changes in activity characteristics and as such not optimal in rate distortion terms
since it produces a non-uniform information loss distribution [14,15]. To make the rate
control algorithm even more sub-optimal in R-D terms, the activity of the macroblock to
be encoded is assumed to be close to the average activity of the previously encoded frame
(avg_act) which may not always be the case. The combined effect of the inaccurate bit
allocation per macroblock, of the extra sensitive normalisation scheme and on the incorrect
assumption about similarity in activities leads to unnecessary fluctuations in the
quantization step assignment phase which is not optimal in rate distortion terms [14,15].
Finally, the standard does not consider distortion explicitly in the estimation of the

quantizer step size per macroblock which also aids in R-D sub-optimality.

5.3  Improving the rate distortion performance by using a local activity estimate

As evidenced by equation (5.3), the normalised activity estimate for the macro-block to be
encoded depends on the relation between the macro-block activity and the average activity
of the previously encoded frame. In the case when the activity of the current macro-block
is smaller than the average activity of the previously encoded frame, the normalised
activity value is less than one and conversely it is greater than one. On the average, it is

assumed that the activity of the macro-block to be encoded is similar to the activity of the
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previous frame which will give a value for the normalised estimate close to one. The
problem here is that the average activity of the previous frame is a global estimate and as
such it does not utilise local activity information.

To illustrate the point, consider a scenario where the previous frame is smooth texture wise
while the current frame is rough. According to equation (5.3), all the macro-blocks of the
current frame will be over-normalised since the value of the normalisation estimate will be
greater than one. Then, the estimation of the quantizer moderator mquant, for every
macro-block of the current frame, will depend on the discrepancy of the buffer bit residue
from the uniform distribution model and the assumption is that by over-normalising the
macro-blocks of the current frame, this distance from the uniform model will decrease.
While more information loss in rough areas can be afforded, the distance between the
buffer estimate and the uniform distribution model is not guaranteed to decrease in a
predictable manner since there is a lot of variability in the bit rate production of different
macro-blocks. As a result, unnecessary over-normalisation could occur which would lead
to PSNR degradation for a given target frame rate. This over-normalisation occurs because
the average activity of the previous frame is used as part of the normalisation function.

The point for non-optimal normalisation because of the globality of the activity estimate
used, can also be demonstrated by the converse example in which the current frame is
smooth but the previous frame is rough. In this case, according to equation (5.3), every
macro-block in the current frame will be under-normalised since the value of the
normalisation estimate will be less than one. This may be in accordance to the principle of
minimal information loss towards smooth textures but its repercussions on the buffers can
be realised by observing that the buffer estimate Qj in equation (5.2) assumes a uniform
distribution of bits in the frame. In other words every macro-block is expected to produce

approximately (Target number of bits per frame/number of macro-blocks per frame) bits.
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In a frame where the percentage of smooth macro-blocks is larger than the percentage of
rough macro-blocks (as the one we use in this example) this may not be the case and as a
result, as encoding proceeds in the frame the straying from the uniform distribution model
will increase. In terms of the quantization parameter mqguant described in equation (5.2), it
is assumed that although the buffer estimate increases, it will be moderated by the under-
normalisation. Again because of the variability of the bit rates of different macro-blocks,
this assumption may not be true. If this is the case, we will have degradation of the rate
distortion performance after a point, in order buffer overflows to be avoided. The
undesirable effects of over and under normalisation because of the globality of the average
activity estimate of the previous frame can be remedied by utilising local activity
information described in the following scheme.

Step 1. Compare the absolute value of the distance between the activity of the macro-block
to be encoded and the activity of the macro-block just preceding it, to the absolute value of
the distance between the activity of the macro-block to be encoded and the average activity
of the previously encoded frame. If the former is smaller, this implies that the current
macro-block is more correlated to the one preceding it with respect to activity, than it is
with the previously encoded frame. If the latter is smaller, it implies that the macro-block
to be encoded is more correlated to the previous frame, activity wise.

Step 2: Choosing the smallest of the two distances (in absolute value terms) will also give
us the best estimate (activity of the previous macro-block or average activity of the
previously encoded frame) to be used for the normalisation. The normalisation will be
performed using this best estimate in the place of avg_act in equation (5.3).

The principle behind this scheme is that similar activity macro-blocks should be
normalised similarly while at the same time over and under normalisation should be

avoided as described above. Formally, suppose that macro-block j is the one to be encoded
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and it’s not the first macro-block in the frame. Then, the following relation best describes

the proposed scheme:

if abs_d(act ;—act; ;) <abs_d(act; —avg _act)
use act,, instead of avg _act  for normalisation 5.7

else use avg_act for normalisation

where act; and act;, are the activities of macro-block j and of the one preceding it,

abs_d denotes the absolute value of the distance between activities and avg_act is the
average activity of the previously encoded frame.

As can seen from equation (5.7), the proposed scheme is a low complexity one and as such
suitable for real time applications. We tested extensively this technique versus MPEG-2 in
terms of rate distortion, for the same final number of bits. Improvements up to 2.5 db along
the luminance (Y) and the two chrominance components (U,V) are reported. It is worth
noticing that more than 98% of the frames tested showed improvements in both luminance
and chrominance components. Figures [5.1-5.5] summarise the performance results for the
luminance component and Figures [5.6-5.9] for the chrominance components for a set of
commonly used test sequences. Finally Table 5.1 compares the final number of bits

produced for the two schemes.
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5.4. Improving the rate distortion performance by using a family of exponential

modulators

We investigated the potential of using a family of exponential modulators in order to
improve the rate distortion performance for the same final number of bits as the MPEG-2
standard. The motivation here is to attempt to stabilise the undesirable variation of the
normalisation estimate in order to achieve more optimal R-D performance. Note that we
can not simply substitute the normalised activity estimate with a constant value because a
potentially wrong choice will lead to R-D performance degradation. Since its evident from
equation (5.2) that there is undesirable variation both from the buffer estimate and the
normalised activity estimate, we attempt to reduce the total variation by modulating the
normalisation part. So instead of using only equation (5.3) for normalisation, we

additionally normalise using:

N_ac;-* =N_ac§- *e_k*N‘aq keR', k>= (5.8)

This in effect re-maps the range of the normalisation function described in equation
(5.3) from the interval (0.5,2) to smaller range intervals. For example when k=1 the
interval is (0.27,0.38), when k =2 the interval is (0.04-0.14) etc. It can be observed that the
proposed family of exponential modulators gives more control to the buffer estimate than
to the normalised activity estimate, seeking an alternative balance point between them. At
the same time, it enables more quantization parameters to be packed in the lower end of the
quantization spectrum while still retaining certain adaptivity. It finally aids in a more
uniform information loss distribution across macro-blocks and frames.

This more constant information loss distribution aids in turn to further improvements in
PSNR performance, since less overhead bits are needed in order the decoder to be

informed about changes in the quantization parameters. It can be observed from equation
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(5.2) that reduction of overheads implies that the buffer estimate Qj becomes smaller for
the target number of bits allocated to a macroblock and as a result the quantization
parameter mquant decreases. Consequently, we can achieve less information loss for the
same target number of bits per macro-block in the quantization phase of MPEG-2. Thus,
continuous reduction of overheads on a macroblock basis will result in PSNR
improvements on a frame basis for the same target number of bits as the standard.
Regarding computational complexity, the proposed family of exponential modulators costs
just four extra operations per macro-block, namely one negation of N_actj, one
multiplication with the real value k, one exponentiation of the result and one multiplication
of the exponentiated result with the normalised activity estimate. Due to the low
computational cost the proposed family of exponential modulators is suitable for real time
applications.

The distribution of the quantizer moderators (mquants) of the proposed family of
exponential modulators will peak at a different point (very slightly higher) than the one at
MPEG-2 rate control at the low end of the quantization spectrum. This will prevent buffer
overflows. It would be impossible for the proposed scheme to have the quantizer
moderators distribution peaking at the same or lower point as compared to MPEG-2 since
the determination of the quantizer moderators is more buffer oriented. Also the savings in
overheads, due to the more uniform information loss distribution further aid in the
avoidance of buffer overflows. A further interesting property of the proposed scheme is
that the range of the quantizer moderators will be smailler at the lower end of quantization
spectrum.

We tested extensively the proposed exponential modulation versus MPEG-2 in terms of
rate distortion, for the same final number of bits. Improvements up to 3.5 db along the

luminance (Y) and up to 3.5db and 3db across the two chrominance components (U,V) are
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reported. It is worth noticing that more than 98% of the frames tested showed
improvements in both luminance and chrominance components. Figures [5.10-5.14]
summarise the performance results for the luminance component and Figures [5.15-5.18]
for the chrominance components for a set of commonly used test sequences. Table 5.2
compares the final number of bits produced for the two schemes, while Table 5.3 indicates
the savings in overheads due to the more uniform information loss distribution. Finally,

from our experiments the optimal value of the real k in equation (5.8) was found to be 1.
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5.5  Low computational cost activity estimates

As evidenced by equation (5.3), the normalised activity estimate N_actj for each
macroblock to be encoded depends on the relation between a variance based local activity
estimate and on the average activity of the previously encoded frame measured in terms of
variance. We wanted to investigate if there are activity estimates other than variance that
reduce the undesired variability of the normalisation process (thus being more optimal in
R-D terms) for the same final number of bits produced and for the same normalisation
function (equation 5.3) as the standard.

We propose the standard deviation of pixel values in a block and the sum of absolute
differences between pixel values and the block mean (SAD) as alternative activity
estimates for improving the rate distortion performance.

Formally, the standard deviation of an 8*8 block of pixels is defined as:

64
std_dev pk = \[1/64)( 2 (P —P_mean) 2 (5.9)
k=1
64
where P _mean=a><2pi represents a mean value of the block and Pk (k€ [1, 64])
i=1

denotes any pixel value in the block.

In the context of MPEG-2 rate control, the 8*8 sub-block with the minimal standard
deviation can be used as a representative for the activity of the macroblock to be encoded.
Also the average activity of the previously encoded frame is now calculated based on
standard deviation. The extra overhead for using standard deviation for activity measure, as
compared to variance, is just 4 operations per macroblock for determining the square roots

of the four constituent 8*8 sub-blocks.
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The sum of absolute differences between pixel values and the block mean (SAD) of an

8*8 block is defined as:
64
SAD blk =1/64x ¥ abs(Pk —P_mean) (5.10)
k=1

64

where P —meanzalepi represents a mean value of the block and Pk (k€ [1, 64])
denotes any pixel value in the block. The 8*8 sub-block with the minimal SAD can be
used as a representative for the activity of the macroblock to be encoded. Also the average
activity of the previously encoded frame is now calculated based on SAD. No extra
overhead by using this measure is imposed as compared to variance, because the 64 extra
multiplications per macroblock that the variance estimate needs are substituted by 64
estimations of absolute values of differences.

To assess the rate distortion performance of the proposed activity estimates, namely the
SAD and the standard deviation we run extensive experiments on commonly used video
sequences. We report improvements up to 2.8 db for both the SAD and the standard
deviation estimates for the same final number of bits. These PSNR performance results are
shown in Tables [5.19-5.28] from where it can be seen that the proposed estimates
outperform the variance based estimate used in MPEG-2 rate control for the same final
number of bits as the standard. The final number of bits produced for the proposed activity
estimates as compared to the bits produced by MPEG-2 is shown in Table 5.4. Finally,
Tables 5.5 and 5.6 show that the number of bits needed for informing the decoder about
changes in the quantization parameters is substantially reduced by using the proposed
estimates. This implies that the quantization parameter mquant per macro-block changes
less frequently and as such the information loss distribution produced by the proposed

estimates is more uniform as compared to MPEG-2. The positive effects of a more
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Table 5.4: Comparison of the final number of bits produced

Test Sequences SAD Activity | Standard MPEG-2
estimate deviation activity
estimate

Miss America (50 frames) | 1275165 bytes 1275161 bytes | 1275213 bytes
Susie (50 frames) 2500347 bytes 2500293 bytes | 2500740 bytes
Mobile (40 frames) 2000223 bytes 2000142 bytes | 2000711 bytes
Trevor (50 frames) 293814 bytes 293849 bytes 293847 bytes
Salesman (50 frames) 1276290 bytes 1276278 bytes | 1276037 bytes

Table 5.5: Bit savings in transmission of the changes of the quantization

parameter (mquant) in SAD case

Test Video Sequences Bits Bits transmitted | % savings in

transmitted using  variance | bits

using SAD for | based  activity

activity estimation

estimation (MPEG-2)
Miss America (50 frames) 26550 31290 15.15
Mobile (40 frames) 24010 65855 63.54
Susie (50 frames) 51310 82265 37.63
Trevor (50 frames) 9995 17430 42.66
Salesman (50 frames) 25125 36090 30.38

Table 5.6: Bit savings in transmission of the changes of the quantization

parameter (mquant) in standard deviation case

Test Video Sequences Bits Bits transmitted | % savings in
transmitted using  variance | bits
using based  activity
standard estimation
deviation for | MPEG-2)
activity
estimation

Miss America (50 frames) 26880 31290 14.09

Mobile (40 frames) 25460 65855 61.34

Susie (50 frames) 52800 82265 35.82

Trevor (50 frames) 9840 17430 43.55

Salesman (50 frames) 25620 36090 29.01
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3.6  Review of the R-D approaches in the context of video coding

In general, all existing work on rate-control with R-D optimization methods can be roughly
categorised into analytic approaches and empirical approaches. The empirical approaches
can be further divided, according to the distortion criterion they seek to minimise, into
techniques that attempt to minimise the maximum distortion (MINMAX) and the ones that
attempt to minimise the average (or total) distortion (MINAVE) for a given bit rate. The
class of MINMAX approaches is dominated by mostly trellis-based techniques, whereas
the class of MINAVE approaches can be classified as both trellis-based techniques and
model-based techniques. Finally, the class of model-based techniques can be further
divided into two major categories depending on whether the bit rate control is based on
pre-analysis or prediction. In pre-analysis control schemes, the quantization settings of a
frame can be made dependent on future frames, whereas in predictive control schemes, the
quantization settings are only dependent on the current and the previously encoded frames.
The purpose of this section is to assess all these rate distortion approaches in a real time
video coding framework, and explore the possibility of converting those techniques into a

real-time framework by revealing their advantages and disadvantages.
5.6.1 Analytic model based approaches
These approaches attempt to predict the R-D characteristics of an input source based on

probabilistic models [72,73,90-94,99]. One typical example is the logarithmic rate model

[72] which can be outlined below:
1
r(q)=a+[3’*log(;) (5.11)

Where the parameters ¢and S can be found through curve fitting and they may also
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depend on the quantizer’s step size g . The main disadvantage of the above models is that
they are too inaccurate in terms of the number of bits produced to be useful in a rate
control context. Typically, errors in bit rates range from 40% for I frames, up to 150% for
P frames, and even up to 400% for B frames. By introducing a third parameter ¥ to control

the curvature of the rate function, another example of existing models can be described

[73] as follows:

rig)=a+L- (5.12)

q”
These models improve the bit rate error in comparison with that of logarithmic models.But
its accuracy is still unsatisfactory for rate-distortion performance optimisation, especially

for P and B frames inside low activity video sequences.

A careful examination of the above models reveal the following four issues:

o Firstly, it is innaccurate to apply such analytic models to R-D optimizations at frame or
macroblock level, since video coding is a highly non-linear process, which can not be
characterised by those simple models as given above. The innaccuracy of the rate
models is further expanded by the fact that practical video encoders also use
techniques such as run-length coding, and quantization with wider range of
quantization steps, in order to achieve the best possible compression efficiency [77].

e Secondly, the models given above virtually assume that the distortion (in terms of MSE
measurement) is proportional to the quantization step. Yet the encoding is a non-linear
process, which makes the estimation error even larger [60].

e Thirdly, to improve the accuracy of predicting R-D characteristics, either the models
themselves have to be designed into more complicated forms or more control points

have to be used for data fitting [60]. In both cases, the computational complexity will
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prevent it from being used on real-time basis.

¢ Finally, the above models only attempt to predict the R-D characteristics of a video
source based on a set of simple mathematical formulas. Due to the variety of the
statistics embedded in different video sequences, which may not fit in well with the

probabilistic models, it is unlikely for those models to perform optimally.

3.6.2 Empirical approaches

Empirical approaches attempt to optimise the R-D performance of a video coding system
based on observed data or previously processed data. This category can be further analysed
in two broad classes according to the distortion criterion they seek to optimise [78].The
first class seeks to minimise the average (or total) distortion measure for a given bit rate or
vice versa [58-60]. This class of empirical approaches can be referred to as the MINAVE
approaches. The philosophy behind it is that if the average/total distortion is minimised,
the best quality of encoding a video sequence is obtained in the long run. The second class
is represented by so called MINMAX approaches. Their goal is to minimise the maximum
source distortion for a given bit rate, or vice versa. The philosophy behind MINMAX
approaches is that, by minimising the maximum source distortion, no single distortion will
be extremely bad and hence the overall quality will become stable. Representative
techniques proposed in both classes include dynamic programming [58,78] and Lagrange
multiplier based optimisations [95,59,62,74-76]. However, all existing techniques
involving dynamic programming need to construct a trellis of R-D characteristics that
grows exponentially with the size of the input source. Furthermore, when they are
combined with Lagrange multiplier based techniques for R-D optimisation, multiple pass
and iterations over the input source data are often necessary for the estimation of the

optimal R-D characteristics. Hence, these approaches are not suitable for on-line rate
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control design. Their computing cost and level of complexity is often high. Nonetheless, an
interesting sub-class of MINAVE approaches is the one that uses models (e.g. different
kinds of splines) to predict the R-D characteristics from a limited set of controlling points
[60,96].In these approaches, the predicted R-D controlling points along with the original
ones are fed into an optimisation process (potentially involving multiple iterations) based
on the Lagrange multiplier method. In this way, both the MINAVE distortion criterion and
the bit rate criterion can be satisfied. As a matter of fact, the model based empirical
approaches aim at reducing the computational complexity at the expense of accuracy in
estimating the R-D characteristics of the input source. In comparison with the analytic
approaches as described above [60] they are shown to exhibit greater accuracy in
estimating the R-D characteristics at frame level. Model based approaches can finally be
subdivided into pre-analysis éontrol schemes with delayed decision and predictive control
schemes, according to the encoding delay allowed [60]. In the delayed decision pre-
analysis control schemes, the R-D characteristics of the whole group of pictures (GOP)
have to be processed/optimised before the first frame of the GOP can be encoded, thus
incurring an encoding delay of one GOP. On the other hand, the basic premise behind
predictive control schemes is that, inside a GOP, the frame to be encoded is likely to have
similar R-D characteristics with the last encoded frame of the same type. This implies that
it is sufficient to consider only one set of R-D characteristics per frame type for the whole
GOP optimization and also that R-D characteristics of future frames can be approximated
by R-D characteristics of the most recently encoded frames of the same types. Therefore,
while the optimisation is still performed on a GOP basis, the current frame can be
immediately encoded and sent to the output channel after its quantization settings have
been estimated. Subsequently, the bit budget for the GOP will be updated along with the

GOP structure and the procedure will be repeated for a newly arrived frame until all frames
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in the GOP have been processed. Thus, there will be only one frame encoding delay.
Comparison of the two approaches [60] reveals that predictive schemes further reduce the
computational complexity at the expense of sub-optimality in the estimation of the R-D
characteristics. The reduction in computational complexity is due to the fact that, instead of
constructing controlling points for every frame to be encoded, predictive schemes use one
set of controlling points per frame type, which is updated after the current frame is
encoded. The key point in predictive rate control schemes is that they are only slightly sub-
optimal as compared to the delayed decision pre-analysis schemes, which implies that the
assumption about the similarity of R-D characteristics between frames of the same type
inside a GOP is a valid one. This fact will be used as a foundation for our proposed
algorithms in online rate control design using the Lagrange multiplier method in the latter
sections.

However, there are two problems associated with the model-based empirical
approaches, which relate to computational complexity and the dependency of the
quantizers among different frame types inside a group of pictures (GOP). Computational
complexity and the dependent quantization are correlated in the sense that frame
dependent quantization promotes computational complexity. Typically, the I-frames inside
a GOP are the main information carriers since one or more P frames will be predicted from
them and they are not predicted themselves from any other frame. Due to the fact that the
Mean Square Error (MSE) of the reference frames directly influences the MSE of the
predictive frames [60] we can not be frugal in selecting fixed quantizers for the I-frames.
In order to achieve a reasonable R-D optimization, we would have to grow a trellis for
every I-frame in a GOP. Trellis growth often incurs exponential increase of computational
cost with respect to the size of the input source. More details of the discussion will be

provided in Section 5.7.1 of this chapter. An ad-hoc selection of quantization steps for I-
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frames could potentially run the risk of producing sub-optimal results that would fail to
justify its computational overhead. In addition, such a policy could even spoil the quality
of successive P and B frames or even cause problems of overflows and underflows in the
MPEG-2 buffer. For those model-based empirical approaches, the complexity issue could
become worse due to the inter-dependency of different frame types inside a GOP when
quantization step is selected. As an example, for every controlling point (R-D pair) of an I-
frame, there is a corresponding set (called representative set) of controlling points in a P-

frame. Therefore, the controlling points in P-frames can be represented as:
N control_points_P = N control_points_1I *N, control_points_rep_set (5.13)

Where  Nconirol_points_pdenotes the number of controlling points in a P-frame,
N control_points_1  denotes the number of controlling points in an I-frame and
N control_points_rep_ser denotes the number of controlling points in the representative set.

Such a representative set, for instance, could have the quantiser step size being
{1,2,3,5,8,13,21,31}, which capture the exponential decay property. For B-frames, the
complexity increases even more since they are bi-directionally predicted from two P-
frames and they need even a greater number of controlling points. Regardless of trellis
growth or not, the consequence is that the computational overhead of the model based
empirical approaches is still high since considerable number of controlling points are
generally needed for the R-D optimization.

Finally, in terms of the encoding delay, the empirical based methods can be
subdivided into the GOP delay methods and the frame delay methods [60]. GOP based
delay methods would require the entire group of pictures to be fed in and processed before
encoding its first frame. Trellis based and spline based approaches fall into this category.
As a result, they would be more suitable for off-line applications rather than online ones.

An on-line rate control algorithm suitable for real time video compression needs to
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combine the simplicity of a rate/distortion model with the improved estimation of R-D

characteristics, offered by empirical approaches, at a low computational cost. The two rate

control algorithms we proposed here are designed based on this principle, which adopts the

rate-control model used in MPEG-2.

5.7

Towards online rate control using the Lagrange multiplier nethod in MPEG-2

From the above discussion and the description of the MPEG-2 rate control algorithm in

Section 5.2, we can infer the following:

MPEG-2 is designed for low complexity online video coding of broadcast quality. The
rate control algorithm used in the standard is "rate based only"”, and hence it is not
optimal in R-D terms.

The R-D optimizations proposed in the literature focus on reducing the computational
cost and encoding delay as compared to the optimal R-D estimation, while a reasonable
estimation of the R-D characteristics is  retained. However, they are still
computationally intensive especially when dependent quantization among frames is
taken into account. In addition, the encoding delay incurred is at least one frame (e.g.
predictive control based approaches). Therefore, these approaches are not suitable for
on-line rate control.

The assumption about similarities in R-D characteristics between frames of the same
type is valid, which can be confirmed by both experiments and reports by the existing
published work [60]. Predictive control approaches result in slightly sub-optimal R-D
estimates as compared to delayed decision pre-analysis approaches. The significance
with the former lies in the fact that the computational cost and the encoding delay are

significantly reduced.
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Motivated by the last observation, we investigated the similarity of the R-D characteristics
between adjacent macroblocks in the frame to be encoded. From our extensive
experiments, it is observed that adjacent macroblocks in a frame exhibit similar rate-
distortion characteristics due to the high pixel correlation and the differential motion vector
encoding. In this respect, only a limited neighborhood of the macroblock to be encoded
needs to be considered for rate distortion modeling. In the MPEG-2 framework, we can
further observe that the correlation due to the differential motion vector encoding is broken
at the beginning of every slice (group of macroblocks). This leaves only a small history
window of previously encoded macroblocks on the same slice to be considered and thus it
is reasonable to assume that the previous macroblock of the one to be encoded is the most
correlated one in terms of rate distortion characteristics. Hence, a localized modeling
technique can be designed to reduce the search intensity when Lagrange multiplier theory
is applied to the rate control design. This makes it the key feature in our proposed rate
control algorithm design.

Based on localized modeling, we can re-formulate the rate control problem in the
MPEG-2 standard (described in Section 5.2) for the macroblock to be encoded as follows:

Given a macroblock to be encoded, which is of size N (256 pixels), and a range of

quantization parameters [mquantp;,.mquanty,c], find q* = mquant with

mquante€{mquant p;, ;mquant .. 1, such that:
q =arg( min%d (mquant)] (5.14)

subject to the condition that the macroblock bit rate (g *) is not greater than the target rate

set by MPEG-2.

According to the Lagrange multiplier method, the following combined cost

function can be produced:
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Try(x(@) =eg ()+ A(1)*rgy (1) (5.15)
where, at time ¢ of encoding, A(r) is the Lagrange multiplier used for x(z) , the macroblock
to be encoded and e (t) and r,t) are the corresponding distortion and rate for the
quantizer step q.

A theorem presented by Shoham and Gersho [61], states that the quantizer step g*
corresponding to a rate rq«(t) that minimizes equation (5.15) for a given Lagrange
multiplier A(z), is also a solution to equation (5.14) for a target rate rq«(t). Since we use as
the distortion measure for the current macroblock the well known Mean-Square-Error
(MSE), the term e,(t) in equation (5.15) actually denotes the normalized sum of the
distances between original and reconstructed pixels in the current macroblock. Hence,

equation (5.15) can be rewritten as:

2
1 N —
TX(t)(X(t))ZE*'Zl(xj(t)"xi(t)) +ME)*19 (V) (5.16)
1=
where N is the macroblock size (256 pixels), x;(r) and x_l-(t ) represent the original pixel

and the reconstructed one in the same macro-block.

To minimize 7' A(1) (x(2)) with respect to rate , we have:

N—
£9%10)
My 2. N — OF
— % -(O)—x: () i—————+A()=0 .
Sy SO 5.17)

For the current macroblock to be encoded, we approximate the derivative of the sum of the

reconstructed pixel values with respect to the estimated bit rate as follows:

N—— N
(X x; (1) 2(x(®) = x; (2 -1))
i=1 i=1
—_— = 5.18
a(rq(t)) rq(t) _rql(t—l) ( )
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where rq(t) represents the estimated bit rate of the macroblock to be encoded corresponding
to a quantizer step size q, and rq(t-1) represents the actual bit rate of the previously
encoded macroblock using a quantizer step of gl.

Substituting equation (5.18) in (5.17) and solving for the estimated bit rate for the current

macroblock q will yield:

N — N —
2* Y Ox%@®) X0G@ —x@-D)

ry®=r -1 +—= TR o £>0 (5.19)

We could have solved the minimization problem of equation (5.16) with computationally
expensive methods. Such techniques include encoding and reconstructing the current
macroblock for every possible quantization step to estimate its R-D characteristics (trellis
growing) or using a certain number of controlling points and interpolating the rest of the R-
D data by using splines. The high computational complexity of such approaches will be
analyzed in Section 5.7.1.

Essentially, the above design relates the estimated rate of the current macroblock to
the actual rate of a previously encoded macroblock via a Lagrange multiplier (4 value). To
jointly improve the distortion performance, we propose two options in the same
Lagrangian formulation. The first option is to relate a distortion metric (e.g. MSE) of the
current macroblock to the corresponding metric of a previously encoded. The second
option is to relate the quantizer step size for the current macroblock with the quantizer step
size of a previously encoded macroblock. Among the two options, the second option is
justified due to an approximation result in quantization theory [79] which explicitly relates
the MSE with the quantizer step size on a macroblock basis. To this end, our low-cost
approach can be evidenced by the simple approximation we use for the derivative

estimation in equation (5.18).
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Equation (5.19) forms the basis of our rate control algorithm design and is used to
derive the quantizer moderator mquant in MPEG-2 for the macroblock to be encoded.
Starting from a fixed Lagrange multiplier 4, we can control the actual rate of the
macroblock to be encoded on line, based on the information of R-D statistics from the
previously encoded macroblock only. It should be noted that, in equation (5.19), the actual
rate produced by encoding the previous macroblock (i.e 7(z-1)) is always known before the
current macroblock is encoded and as such it can be treated as an available constant. In
addition, the recursion between different values of A, except A(r=0) that is a fixed

constant, is of the following form:

AM=A@-D=xc t>0 (5.20)

Where ¢ denotes a constant step size whose sign depends on the feedback mechanism.

From equation (5.19), we can also observe that the Lagrange multiplier could be
regarded as a global moderator for estimation of bit rate as the current macro-block is
encoded.

In contrast to traditional R-D approaches where the quantizer step size for the
whole frame to be encoded is determined after multiple iterations on the Lagrangian
formulation, MPEG-2 determines the quantizer step size on a macroblock basis and based
on a "rate only" model (Section 5.2). Consequently, by using a Lagrangian formulation
which incorporates distortion explicitly in the feedback mechanism on a macroblock basis,
we expect to improve the accuracy of the rate model used by MPEG-2 in R-D terms. In the
context of MPEG-2, this will result in improving the accuracy in estimating the
modulation parameter Q; which indicates the contribution of the buffer fullness in the

estimation of the macroblock quantizer step mquant in equation (5.2) .
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From the discussion in Section 5.2, we can infer that MPEG-2 performs an accurate
quantization step assignment per macroblock when every macroblock rate is equal to the
target bit rate set by the standard. The target rate is the same for all macroblocks inside a
frame and hence can be treated as a constant. Consequently, a uniform information loss
distribution is assumed since the same number of bits is allocated for every macroblock.
Suppose that we are to encode a macroblock at time t. According to the MPEG-2 rate
control scheme, the buffer fullness at that instant will be:

d*j(t)=d+ El(actual_rate(i) —target _rate) (5.21)
Where d denotes the buffelr: 1occupancy from previous frames, actual_rate(i) the rate
produced by macroblock i and target_rate the target rate per macroblock set by the
standard.

From our rate control design highlighted by equations (5.19-5.20), a more optimal

R-D based approach can be designed as follows:

t-1
d* j®) corr =d + (actual _rate(i)+ 5(i)—target _rate) (5.22)
i=1

where (actual_rate(i)+ & (i)) is the right hand side of equation (5.19)

Hence, the quantization step size in equation (5.2) will now be determined by:

d* i (1) .ory ¥31
mquant = ] corr = 0 j (5.23)
r

. . . X .
Where r is the reaction parameter (constant) discussed in Section 5.2 and d j O corr is

now the corrected estimate from equation (5.22). The normalisation of the buffer estimate
by using equation (5.23) has to be performed in order to avoid the problems of overflow

and underflow.
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The feedback criterion is another important part of our scheme. We can reward the
buffer if the previous macroblock produces less bits than it was expected and penalize the

buffer on the contrary.

Finally, the proposed algorithm can be summarized by the following pseudo-codes:

¥ (@-1) < B@-1)
{

decrease A according to  (5.20)

calculate  the estimated bit—rate of

the  current  macroblock according to (5.19)

calculate the corrected  buffer estimate according to (5.22)
calculate  mquant  according to (5.23)

}

else

{

increase A according to  (5.20)

calculate  the  estimated bit—rate of

the current macroblock according to (5.19)

calculate the  corrected buffer  estimate  according to  (5.22)

calculate mquant  according to  (5.23)

}

Where r(t-1) is the actual bit rate produced by the previous macroblock, B(t-1) is the
expected rate of the previous macroblock and the Lagrange multiplier is the control
parameter for the feedback scheme. The above operations apply to all macroblocks inside a
frame, except the first one. For the first macroblock, the estimate for the actual rate r(r=0)
is calculated as in MPEG-2. This design only applies to P and B frames inside a GOP in
our algorithm design. For I-frames, the MPEG-2 scheme is retained.

In an MPEG-2 context, the R-D statistics of the previously encoded macroblock
along with its quantization step size mquant are already known when the current

macroblock is processed. Hence, they do not need to be estimated again. Consequently, we
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would only need to calculate the distortion metric (in the MSE approach) for the current
macroblock before it is encoded, and use this metric to estimate its bit rate in the
Lagrangian formulation. In the case of using the quantizer step size approximation, we do
not need any extra operations since MPEG-2 calculates mquant for the current macroblock
anyway. In this case we can directly use the quantizer step size for the current macroblock
to estimate its bit rate. It should be noted that since we consider the problem of visually
weighted quantization [80,81] as a separate one, it remains to be our primary aim to
improve the performance of the MPEG-2 rate control algorithm in ferms of R-D
performance. To this end, although the quantizer step size per macroblock as calculated by
MPEG-2 is a combined estimate of buffer fullness and visual weighting (see Section 5.2),
we only use the buffer fullness part in the approximation for the quantizer step size.

By examination of the above rate control design and the relationship between the MSE
and quantization, our second proposed rate control algorithm can be formulated.
Specifically, the quantization theory [79] reveals the fact that the Mean Square Error
(MSE) is approximately proportional to the square of the quantization step size for the

macroblock to be encoded, which can be described as follows:

U

1 N 2 Q1)
E *iz,l(xi O—x;(1) T (5.24)

where t refers to the current time indicating the macroblock to be encoded. Hence, the cost

function in equation (5.15) can be rewritten as:

@) *?

2 (O (t
3 (t)y*r (v (5.25)

T () (x(D)=

where Q(r) is the quantization step size for the current macroblock to be encoded, r(f) is

the expected bit rate for the current macroblock when Q(z)is used as the quantization step
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and A()is the Lagrange multiplier. Our objective is to minimize the combined cost

function with respect to the bit rate estimate of the current macroblock. This gives us:

AT A (1) (x(t))) _20 0w, A6)=0
A(r (1)) 6 3w -

We approximate the derivative of the quantizer step size with respect to the estimate of the

bit rate for the current macroblock as follows:

8@@)) gt)—-gt _1)

xr () r @) —r - (5.27)

Substituting equation (5.27) in (5.26) and solving for the estimate of the bit rate for the

current macroblock yields:

Q1) ,20-1DH-0(@®)

r()y=r(t-1) + ,
6 A1)

t>0 (5.28)

The rest of the procedure in determining the quantization step mquant is exactly the same
as in the Mean Square Error case (MSE). The main difference here is that the
computational cost is even lower. This is because the quantizer step sizes of the current and
previous macroblocks are already available and so is the bit rate of the previously encoded
macroblock. This eliminates the reconstruction of the current macroblock and saves the
computing cost on all operations involved, which include inverse quantization, IDCT,
adding the errors in place and calculating the Mean Square Error (MSE).

The proposed algorithms attempt to combine the simplicity of the MPEG-2 rate control
scheme to the R-D optimizations described in Section 5.6.2. Instead of iterating multiple
times for R-D optimization over a number of controlling points in order to estimate the
quantization step size for the current frame/macroblock, we can achieve this online and

with low computational cost based on a combination of the localized modeling principle
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and the Lagrange multiplier theory.

A rate control algorithm design on top of MPEG-2 and based on the features just
described would have the following properties:

e It would improve the estimation of the R-D characteristics as compared to MPEG-2
rate control scheme due to the explicit consideration of distortion in the selection of the
quantizer step size on a macroblock basis.

* Compared to the least computational cost techniques described in Section 5.6.2 for R-D
optimization (predictive control using controlling points), the proposed schemes would
reduce the computational cost even further. Due to the localized modeling, the
proposed algorithms require reconstructing the current macroblock only once (MSE
approach) or not at all (quantizer step size approach), as opposed to multiple
reconstructions needed in the R-D techniques involving a number of controlling
points.

e The encoding delay would also be reduced with the proposed schemes, compared with
the least computationally intensive R-D approaches. The predictive control schemes
would require the R-D optimization process to be completed for the whole frame
before the first macroblock of this frame is actually encoded and sent to the output
channel. Furthermore, for every frame to be encoded, the optimization is still
performed for the whole group of pictures, which potentially imply multiple iterations
in the Lagrangian formulation. In the proposed schemes, the first one is based on the
MSE criterion, and it would be able to improve the R-D performance on the fly and
send the encoded macroblock to the channel with only one macroblock delay. The
second proposed scheme, which is quantizer step based, would require zero delay since

no macroblock reconstruction is necessary.
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5.7.1 Complexity analysis

To highlight our low cost approach in designing the proposed algorithms, this section

contributes a detailed complexity analysis in comparison with representative existing R-D

based rate control algorithms. A fair measure of computational cost for the rate control

problem in MPEG-2, in a rate distortion sense, will have to incorporate two factors [82].

The first factor is the number of comparisons needed for finding the optimal trellis path in

the optimization stage and the second is the number of individual operations needed for

constructing the controlling points on the rate distortion curve. Clearly, for a frame with N

macroblocks and X controiling points on the rate distortion curve, xN comparisons are

needed in the optimization stage for the optimal trellis path. The number of operations

needed for constructing a controlling point (rate, distortion pair) can be analyzed as

follows:

‘s Number of operations needed for the DCT calculation per macroblock ((luminance +
chrominance) 8*8 blocks). We denote these operations by the letter D.

e Number of operations needed for the quantization per macroblock ((luminance +
chrominance) 8*8 blocks). We denote these operations by the letter Q.

e Number of operations needed for entropy coding of the quantised DCT coefficients.
Only at this stage the rate is known for a controlling point. We denote these operations
by the letter E.

e Number of operations needed for inverse quantization per macroblock ((luminance +
chrominance) 8*8 blocks). We denote these operations by the letter L.

e Number of operations for the IDCT calculation per macroblock ((luminance +

chrominance) 8*8 blocks). We denote these operations by the letter 1.
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¢ Number of operations needed for adding the errors between the current macroblock and
its best match on the reference frame in place. We denote these operations by the letter
A.
* Number of operations for the mean square error calculation (MSE) per macroblock.
Only after this step, the distortion is known. We denote these operations with the letter
M.
An optimization algorithm with respect to the quantizer step size that is trellis based and
uses X controlling points would need N*X*(D+Q+E+L+I+A+M) + x" operations,
which makes it extremely difficult for real time video coding. In the case of model based
empirical approaches (i.e different kinds of splines) the number of operations depends on
both the frame type and the spline type. In general, due to the inter-dependency in
quantization between predictor and the predicted (or bi-directionally predicted) frames, the
number of controlling points for I frames is smaller than the number of controlling points
for P frames. In turn, since B frames are predicted from two P frames, the number of
controlling points for P frames is smaller than that of controlling points for B frames. In
addition, the number of operations needed to fit a spline model depends on the type of
spline and includes both the operations (additions + multiplications) for estimating the
rate/distortion but also the operations needed to estimate the spline coefficients. In general
simpler splines need less operations. If we denote the operations needed to fit a spline

model with the letter S, we have:

N*Xp 5(D+O+E+LH+A+MAS)<N*Xp*(D+O+ E+ LA +A+M+S) <N*Xg*(D+Q+EALAI+A+M+S)

(5.29)

where X;,Xp, X g denote the number of controlling points for L,P,B frames respectively.
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The main difference between predictive control schemes and delayed pre-analysis
control schemes in terms of the number of controlling points used in the optimization is
that for the former there is only one set of controlling points per frame type, compared to
one set per individual frame for the latter. So the total number of operations in a GOP
based R-D optimization for a delayed pre-analysis control scheme would be:

WPNEX P DAQHEA LA+ A MASHWR*NEX p DO E+LATHAHMASH W *N*X g DAQHE+ LA +A+MA+S)
(5.30)
where Wy ,Wp,Wp denote the number of IP,B frames inside a group of pictures.

Whereas, the total number of operations in a GOP based R-D optimization for a

predictive control scheme would be smaller, which can be worked out as:

N*X [ ¥(D+Q+E+L+1+A+M+S)+N*X p*(D+Q+E+ L+ +A+M+S)+N*X g¥(D+Q+E+L+1+A+M+5)

(5.3D)

This is because the controlling points for each frame type have to be constructed only once
and would not be updated until the current frame is encoded .

In contrast, the proposed algorithm based on the Mean Square Error (MSE) in
Section 5.7 is not trellis based and does not need controlling points or spline models for
optimization. So, the required amount of operations over a group of pictures is:

N*Wy ¥ D+Q+E+L+1+ A+ M)+ N*Wp*(D+Q+E+L+1+A+M +8)+N*WpH(D+Q+E+L+I+A+M +85) (5.32)
The second algorithm proposed in Section 5.7 has an even smaller computational cost,
since it does not involve macroblock reconstruction. So the number of operations over a
GOP is:

N*W) *(D+Q+ E)}+N*Wp*(D+Q+ Ey+N*Wg*(D+Q+E) (5.33)
In the above complexity analysis, we only considered the operations needed for the
construction of the controlling points with respect to the length of the input source when

this length is measured in macroblock units. We did not consider the number of iterations
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over this set of controlling points in order the optimization constraints to be satisfied. This
is the case in the R-D optimization methods proposed in the literature, but not for our
proposed algorithm design since we only use the Lagrangian formulation as a feedback
mechanism to improve the rate prediction for the macroblock to be encoded. Although fast
methods for reducing the number of iterations exist [61], this number is usually greater
than one. The number of iterations can not be expressed directly as a function of the length
of the source, since it has to do more with the specific optimization method chosen and the
constraints imposed on the problem. It actually indicates the number of comparisons
needed in order the minimum Lagrangian cost to be found. Nonetheless, the number of
iterations may still be important in terms of the absolute number of operations, if the
optimization method is slowly converging [60].

Even with the fact that only the total number of operations for the construction of
controlling points on a GOP basis is counted, it is evident that both the rate control
algorithms proposed are of smaller computational complexity as compared to delayed pre-
analysis control schemes. As compared to the predictive control schemes, the proposed
algorithm design is also of lower complexity. This is because spline based predictive
control schemes would still need a number of controlling points per frame type, which is
usually more than the number of frames of this type inside a group of pictures in an
MPEG-2 context. In this case, without considering again the multiple iterations of the
predictive control schemes, it can be worked out that the total number of operations in
equations (5.33) and (5.32) is less than the operations in equation (5.3D).

Although direct buffer state feedback schemes are usually of lower computational
complexity as compared to traditional R-D approaches, their complexity still depends on
the number of controlling points used in the optimization. The only difference is that such

schemes would have to rely on current or past information as opposed to the ability of
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predicting future information, which is the case in traditional R-D approaches. Any such
optimization scheme that does not utilize localized modeling and excluding the number of
iterations for the optimization constraints to be satisfied would need the number of
operations per group of pictures given in equation (5.31). An example of such work can be
found in Chen and Wong [63].Even direct buffer state feedback schemes that attempt to
minimise the Lagrangian formulation of equation (5.15) on a single macroblock basis
could be computationally expensive because of the techniques used to collect the R-D data.
In relevant work found in Choi and Park [59], curve fitting techniques are used to obtain
the R-D data points. In terms of complexity, these techniques are still computationally
intensive and thus this part of the optimization will still have to be performed offline. This
is because in curve fitting techniques the number of operations needed is dependent on the
relation between rate and distortion in an MPEG-2 context, on the number of control points
used in the interpolation method and on the number of control points that need to be
estimated from the fitting process. Given that most proposed R-D models are either
exponential or logarithmic (Section 5.6.1) , that the interpolation accuracy is increased
with the number of interpolators and that in MPEG-2 we need to consider 32 quantization
choices per macroblock, the computational cost can still be high. Schemes like the
aforementioned are apparently more computationally intensive than our proposed rate
control algorithms which use a combination of localised modelling and of low cost R-D
estimation online.

In the context of TMS5 technique, each macroblock of the current frame will be
reconstructed after the frame is encoded for two reasons. Firstly, the reconstructed frame
may be used as a reference for the next frame to be encoded. Secondly, the PSNR value
needs to be calculated to indicate the image quality in the reconstructed video sequences.

To this end, it is irrelevant in terms of operations if a macroblock is reconstructed
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immediately after it is encoded or if it is reconstructed with the rest of the macroblocks
after the whole frame is encoded. That's why we do not count the operations for
reconstructing the previous macroblock in equation (5.19) in the complexity analysis. In
conclusion, the complexity of the two rate control algorithms we proposed can be regarded

as the same level as that in the current MPEG-2 rate control scheme.
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5.7.2 Experiments

The proposed rate control ‘algorithms were tested versus the MPEG-2 rate control
algorithm for a variety of video sequences including both fast (e.g. calendar sequence) and
slow motion ones (e.g. Miss America). In order to test the performance of both the
proposed schemes under different channel rates, we run the experiments at the low,
medium and high ranges of MPEG-2, based on the TM5 implementation. This roughly
corresponds to channel rates of 1.152, 5 and 10 Megabits per second respectively. The
testing under different channel rates is important since it implies different R-D behavior
[77].We also tested the proposed schemes under small (20*16 Kbits), medium (80*16
Kbits) and large (160*16Kbits) buffer capacities to ensure that the proposed improvements
in R-D estimation would not violate buffer constraints. The initial choice for the Lagrange
multiplier in both the proposed algorithms was set to 1000 with increments or decrements
of a fixed step size of 20. In the proposed rate control algorithms, the target settings for
each frame in a group of pictures is determined by the MPEG-2 algorithm, as opposed to
explicit target settings set by the algorithms proposed in the literature [60].

On the average, improvements from 0.5db to 1db per frame were observed for the
same final number of output bits produced in all the test cases. The PSNR performance of
the online rate control algorithm described in Section 5.7 (MSE based) versus MPEG-2 is
shown in Figures 5.29-5.33 for the same number of target bits. Figures 5.34-5.38 compare
the PSNR performance of the second proposed algorithm in Section 5.7 (Quantizer step
size based) versus MPEG-2 while the target bit rate is maintained the same. The
compression rates for both schemes versus MPEG-2 are shown in Table 5.7.

As expected, both the proposed algorithms trade computational complexity for sub-

optimality in estimating the R-D characteristics of a video sequence, which is a common
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characteristic of all "buffer feedback" based schemes. It is worth noticing though, that the
average PSNR improvements in model based empirical approaches rarely exceed 1dB per
frame [60],yet their complexity in terms of absolute number of operations is high as
analyzed in Section 5.7.1. In addition, any simplification of the spline models (e.g. piece-
wise linear splines instead of piece-wise cubic splines [60])is shown to induce losses of up
to 0.2 db per frame for the same number of bits produced. This factor seriously questions
the gains of model-based empirical approaches in terms of R-D optimization versus
computational complexity, especially in the context of low end-to-end delay video coding.
It can also be seen from the results that for each test video sequence the two rate control
methods perform virtually the same in PSNR terms for the same bit rates. This is expected
since they both rely on a combination of localized modeling for reducing the
computational cost and a Lagrangian formulation for improving the estimation of R-D
characteristics. Finally, both the proposed algorithms will reduce the encoding delay as
compared to the R-D approaches described in Section 5.6.2.

The proposed MSE based rate control algorithm will induce an encoding delay of
one macroblock only as compared to predictive control approaches that require at least one
frame encoding delay. The quantizer step size based rate control algorithm will induce zero
encoding delay.

Traditional rate distortion approaches can be sped up with parallel implementation
or with pipelined compression [58,60], although this may require special hardware or
software. They are still relevant in the context of real time video coding because there are
real time applications which can afford high end-to-end delay [60].Furthermore, when the
delay and computational cost are not an issue, these techniques are shown to perform close
to the optimal in estimating R-D characteristics of an input source [58,60].However,

standards such as MPEG-2 or H.263 are designed for low end-to-end delays and based on

176


















Table 5.7: Comparison of the final number of bytes produced
Test Sequences | MPEG-2 | MSE based R-D | Quantization step size
improvement based R-D improvement

Miss America 294048 293921 293873

Calendar 833855 833800 833800

Susie 1458991 1458444 1458350

Salesman 294302 294076 294082

Trevor 293878 293831 293800

5.8 Conclusions

In this chapter, the problem of low computational cost R-D improvements of the MPEG-2
rate control scheme was considered. It was shown that for low encoding delay video
compression, there exist schemes which improve "on the fly" the R-D performance of the
rate contro! algorithm of the standard. In the first part of the chapter, four improved activity
estimation schemes in R-D terms were proposed. It was shown that local activity
estimation, based on the distance of the activity’ of the currently encoded macroblock as
related to the activity of adjacent macroblocks and to the average activity of the previously
encoded frame, may be beneficial in improving the R-D performance of the standard.
Experiments showed that increases in PSNR values of encoded frames up to 2.5db
(luminance+chrominance components) for the same number of bits as the standard can be
achieved. Subsequently, exponential modulation was used to reduce the unnecessary
fluctuation of the quantizer step size per encoded macroblock. The reduction in this
fluctuation results in a more uniform quality across macroblocks of the encoded frame,
while at the same time more quantization parameters are packed in the lower end of the
quantization spectrum. This improves the PSNR values per frame since the majority of the
macroblocks are assigned lower quantization parameters. The increase in bit production

due to smaller quantizer step sizes is offset by the reduction in the overheads transmitted. It
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was shown that the proposed modulators achieved per frame improvements up to 3.5db in
the luminance and 3.5 and 3db in the two chrominance components respectively for the
same final number of bits as MPEG-2. Two novel statistical estimates were also proposed
in order to reduce the quantization step assignment fluctuations in MPEG-2 rate control. It
was shown that the variability in the activity normalization phase of the quantizer step size
selection, caused by the extra sensitive to changes variance, can be reduced by using the
Sum of Absolute Differences (SAD) and the standard deviation of pixel samples (STD)
instead. Thus, more uniform quality can be achieved across macroblocks of a frame, for
the same normalization function as the standard, since less overheads need to be
transmitted in order to indicate quantizer step size changes. Improvements up to 2.8db per
frame for both the proposed statistical estimates were observed for the same final bit rate
as the standard.

In the second part of the chapter, the "rate only" based rate control scheme of MPEG-2 was
enriched by explicitly including distortion in the estimation of the quantization step
through a low cost Lagrangian formulation. Two locally optimal algorithms in R-D terms
were proposed and their complexity was assessed in terms of absolute number of
operations versus a variety of well known R-D optimization approaches. It was shown that,
whereas well known computationally intensive R-D approaches rarely achieve
improvements of over 1ldb per frame, the proposed schemes achieved 0.5db-1db
improvements per frame for a much lower computational cost and encoding delay for the
same number of bits as the standard.

The proposed low cost activity estimates for improving the R-D performance along with
the locally optimal (in R-D terms) Lagrangian based schemes, could have significant
potential in real time applications or in applications where the PSNR performance is at

premium. Typical examples include surveillance systems, video aided terrain mapping etc.
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CHAPTER 6- THESIS CONCLUSION AND FURTHER RESEARCH

This thesis reported on the design, development and analysis of ten low cost algorithms
and four estimates for image and video compression. The proposed algorithms and
estimates refer to the JPEG-LS standard for still image compression and to the MPEG-2
and MPEG-4 standards for video compression.

In the third chapter, three algorithms were proposed for JPEG-LS. Initially, a multilevel
information loss distribution is developed in order to indirectly optimize the image quality
in visual terms. The HVS principle followed, reflects the different tolerance of the human
visual system across different textures and the prediction scheme of the standard was
modified to reflect this principle. Specifically, the retaining of information as much as
possible in smooth textures was enforced, whereas information loss was increased in rough.
areas where the HVS is less sensitive. In this manner a better balance between visual
quality and compression rates was achieved. The multilevel information loss distribution
was shown to produce higher compression rates and better visual quality than JPEG-LS. It
was also shown to be very competitive even in PSNR performance for the same
compression rates as the standard, provided a suitable triplet of information loss
parameters was chosen. Subsequently, the possibility of adding rate control to the standard
was investigated. Two low cost rate control algorithms were designed based on the
suggested information loss distribution and their performance in both PSNR terms and
visual quality was assessed. It was shown that in contrast to computationally expensive rate
distortion techniques for optimizing the R-D performance, it is possible to optimize the
visual performance via low cost schemes and produce images of better visual quality for
the same compression rates as JPEG-LS. Since every rate control scheme has to enforce
the compression rate close to a defined target, whereas the standard just exploits the natural

compressibility without considering rate control, both of the rate control schemes proposed
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showed an average degradation of 2-3 db in PSNR terms for the same compression rates as
the standard. It was also shown that the two proposed low cost rate control schemes are
capable of controlling the compression rates in the ranges 2:1 and 3:1. This is important in
the context of digital photography where users may decide to compress an image at a
compression rate of their choice or aiternatively to fit an image in the space of a previously
deleted image. The third chapter concluded with potential applications of one of the rate
control algorithms in the context of medical imaging. The domain of medical imaging
imposes stricter requirements as compared to the domain of the entertainment industry in
terms of the information loss distributions, since in applications such as wound/rash
healing we can afford to lose less information on edges. Despite this fact, one of the rate
control schemes proposed, managed to outperform JPEG-LS by retaining smooth texture
better than the standard for the same compression rates even in this application domain. In
the case of medical imaging, the compression rates were also controlled in the ranges 2:1
and 3:1.

The key point in the HVS based, multilevel information loss distribution, was the
characterization of texture according to the JPEG-LS prediction scheme. A refined JPEG-
LS prediction scheme with more than three texture denominations could improve both the
results in terms of the information loss distribution and consequently the HVS based rate
control algorithms. This of course would increase the complexity of the algorithms but it
still is a future direction to be considered, especially in applications where the visual
quality is of outmost importance.

In the fourth chapter, four low cost algorithms were presented for utilizing pixel value
trends in improving compression rates and MSE performance in the MPEG-4 and JPEG-
LS standards. In the MPEG-4 case, the pixel trend considerations for the padding problem

in boundary macroblocks resulted in the proposed Linear Extrapolated Padding technique
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(LEP). When this technique was applied in padding the reference macroblock in the
horizontal direction, it resulted in compression improvements of up to 6.9% as compared
to MPEG-4. No significant compression improvements were found when LEP was also
applied in the vertical direction. For severely distorted boundary macroblocks, the
Extrapolated Average Padding (EAP) technique was also proposed and a hybrid algorithm
that dynamically chooses the most appropriate of the two padding techniques proposed was
designed. The choice of the optimal padding technique depended on a simple measure of
distance mismatch as compared to a fixed threshold. Improvements in compression rates of
up to 9% were observed with the hybrid padding scheme, as compared to the padding
scheme of the MPEG-4 standard.

In this direction, a more elaborate mismatch measure and a dynamic threshold could
enhance the performance of the hybrid scheme. The low computational complexity was a
prime factor in the proposed design and this justifies the simple design choices.

The fourth chapter concludes with two low cost algorithms for adding diagonal edge
detection in JPEG-LS. The standard does not include diagonal edge detection since it is
limited to horizontal and vertical edges only. Although this is the case in most images, in
the presence of diagonal edges, JPEG-LS will perform poorly in MSE terms due to
inadequate prediction. The proposed two algorithms exploit pixel trend variation via local
gradients in order to detect diagonal edges accurately and use a weighted scheme for the
predicted values, based on the pixel correlation inside the predictive template. The two
schemes show improvements in MSE terms of 3 and 2% correspondingly for the same
compression rates as the standard. It is worth noticing that the two algorithms for diagonal
edge detection do not change the compression rates of the standard. This is expected since

no modification in the entropy coding scheme of JPEG-LS was attempted. The more
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accurate prediction resulting from the proposed schemes could be used for improving the
statistical context modeling, which is a key element of JPEG-LS.

A more elaborate diagonal edge detection could be a way forward but it would involve
increasing the computational complexity. As in chapter two, the simple design choices
taken were aimed in low computational cost schemes.

In the fifth chapter, the issue of low cost improvements of the rate distortion performance
in MPEG-2 based video coding was addressed. Four improved estimates were proposed
for improving "on-the-fly" the rate distortion performance of the MPEG-2 rate control
scheme. They all aimed in reducing the unnecessary fluctuations of the quantizer step size
assignment per macroblock, for the rate control scheme of the standard. Ideas like local
activity estimation, exponential modulation and alternative statistical estimates (sum of
absolute differences between sample pixels and mean and normalization based on standard
deviation instead of variance) were explored. It was shown that the activity normalization
phase of MPEG-2 is not optimal in R-D terms and as such, the above estimates can
provide low cost solutions for R-D improvements. The PSNR performance of exponential
modulation showed improvements of up to 3.5db, the local activity estimation of up to
2.5db and the SAD and STDEV of up to 2.8db for the same final number of bits as the
standard for a variety of commonly used video sequences.

A more elaborate activity estimation and normalization process could improve R-D
performance in MPEG-2, but this would result in increasing the computational complexity.
Chapter 5 concluded by presenting two low cost algorithms for online R-D improvements
in MPEG-2 rate control, which are based on the buffer based rate control scheme of the
standard but they also use Lagrangian theory for local optimization. By minimizing locally
the Lagrangian R-D formulation by a simple derivative approximation, we can improve in

a computationally inexpensive manner the “rate only" buffer feedback mechanism of
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MPEG-2 by explicitly considering distortion in the estimation of the quantizer step size per
macroblock. The value of the proposed algorithms stems from the fact that PSNR
improvements of 0.5-1db are achievable for the same number of bits as the standard, with
extremely low computational cost optimizations and encoding delay. This has to be
compared to the 1db improvements for the same number of bits as MPEG-2, of well
known R-D optimization approaches which are computationally very intensive, they incur
high encoding delays and as such they are realistically only applicable offline. A detailed
complexity analysis of the proposed two algorithms versus a variety of well know R-D
approaches is included in the chapter.

Both the proposed schemes used the rate distortion characteristics of the previously
encoded macroblock only in the Lagrangian formulation. R-D optimization approaches
that consider a limited window of macroblocks in the past or future, can be used for
improving even more the rate distortion performance of the MPEG-2 rate control scheme.
Although this direction is possible, it will undoubtedly increase complexity since the
number of operations needed for the collection of the R-D characteristics and the number

of iterations needed for the optimization method to converge will be higher.
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