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Abstract

In this thesis, Computational*RAM (C*RAM) implementations of Vector Quantization for image
and video compression is proposed. Vector Quantization (VQ) is a powerful technique for low bit
rate image and video compression. The coding performance can be further improved by employ-
ing the adaptive techniques at the expense of significant increase in computational complexity.
Recently, a number of VLSI architectures for implementing VQ have been reported in the litera-
ture. These architectures are not programmable and rather complex. We proposed the mapping of
VQ-based image and video compression algorithms on the C*RAM architecture. C*RAM is a
SIMD-memory hybrid where the processing elements are attached to memory columns of a con-
ventional RAM to take advantage of the on-chip high memory bandwidth for parallel computa-

tion.

Implementation of VQ based on the mean absolute error measure using the C*RAM's parallel
structure is first presented. This follows with the details of the proposed Modified Scalable VQ
algorithm. C*RAM implementation of Modified SVQ is a mapping of binary tree onto parallel
structure which results in scalable bit stream. We then propose a novel adaptive codebook replen-
ishment VQ and index-based motion estimation (AVQ+ME) algorithm for video compression.
Finally, the C*RAM implementation of AVQ+ME is presented. Simulation results demonstrate a

good coding performance at a significantly reduced computational complexity.
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CHAPTER 1 | IntrOdUCtion

Visual communications is becoming increasing important with the advent of broadband networks
and compression standards (JPEG, H.261, MPEG). Typical visual communication applications
includes high-definition television (HDTV), image/video databases, multimedia communications,

videoconferencing, etc. [1-2].

In image processing, it is often necessary to represent the image in digital form. This is performed
by first sampling a continuous image in time to obtain the frames. The individual frames are then
sampled into N x N, pixels (picture elements) as shown in Figure 1.1. We note that (dx, dy) and
dt are the sampling intervals in the spatial and temporal dimension, respectively. Each pixel is
quantized into one of 2b gray levels (0,1,2,...,2b-1). The raw data stream entails a large bit rate, for
example, an uncompressed color video sequence sampled at a frame rate of 30 frames per second,
where each frame is of size 288 x 352 pixels in the Common Intermediate Format (CIF)[85],
requires the transmission of 73 Mbits per second (bps). The large channel bandwidth and memory
requirements for the transmission and storage of images necessitate the more efficient image/

video compression techniques.



The goal of image/video compression is to reduce the number of bits required to represent an
image while maintaining an acceptable image fidelity. Efficient compression is achieved by
exploiting the spatial and temporal redundancies in the video sequence. The spatial redundancies
are removed by using intraframe techniques, while the temporal correlations are usually exploited

using interframe techniques.
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. ® & 8w »
« & & = 9 »
- " 2 8 »
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Frame (t-1)
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FIGURE 1.1 Sampling of a video sequence
Several intraframe and interframe image/video coding techniques based on scalar quantization
have been reported in the literature {1]. Examples include: differential pulse code modulation
(DPCM), transform coding, and hybrid coding. According to Shannon’s rate distortion theory
[3,4], a better performance can be achieved by coding vectors instead of scalars, even when the
source is memoryless. Several vector quantization (VQ) techniques image coding [2] applications
have recently been reported in the literature. Nasrabadi er al.[2] have presented a review of the

basic vector quantization techniques and many of their variations for image/video compression.



\

In VQ[5], a set of representative images (training set) is ciecomposed into L-dimensional vectors.
An iterative clustering algorithm such as the LBG algorithm‘{ﬁ] is used to generate a codebook W
= {wy, W, ..., Wy}, where N is the size of the codebook. This r\:odebook is then made available at
both the transmitter and the receiver. The two basic steps in VQ arz encoding and decoding. In the
encoding process, the image to be coded is decomposed into L-dimensicnal vectors. For each
input vector Vi={vji, Vi2, .- ViL}» the codebook W is searched using the nearest neighbour rule to
find the closest codeword w;. Compression is achieved by transmitting the label (index) j corre-
sponding to codeword wj. Reconstruction of images can be implemented by simple table lookup

techniques where the label j is used as an address to a table containing the codeword Wi

In conventional VQ techniques, the computational complexity is O(KLN) where K is the number
of input vectors in a frame of dimensional L, and N is the number of codewords in the codebook.
This high computational complexity of VQ is an impediment to real-time implementation. Tree-
structure VQ [53-57] reduces the complexity of VQ to O(KLlogN) by rearranging the codewords
in a tree fashion. If the input vectors are searched in parallel, the complexity can be reduced by a
factor of K. On the other hand, if the codewords are searched in parallel, the complexity can be
reduced by a factor of N. Example implementations which exploits the parallel in the dimensions
of codeword includes Content Addressable Memory (CAM)’s and Single-Instruction Multiple-
Data (SIMD) machines, etc. The recent advances in VLSI technology with decreasing circuit

sizes and increasing clock rates make real-time implementations of VQ-based algorithms feasible.

In this thesis, VQ-based image/video compression algorithms are implemented on the parallel
structure of a Computational*RAM (C*RAM) [100,101]. C*RAM is a conventional RAM with
SIMD processing elements added to the memory array. The main advantages of this computing
structure are the fast on-chip computation and minimal power dissipation in processor-memory
data transport. Implementation of VQ for image compression using C*RAM’s parallel structure is
proposed. In addition, implementation of spatial scalability based on VQ using the C*RAM struc-

ture has also been detailed. This includes a binary to parallel mapping algorithm which enables



binary-split codewords to be arranged on the C*RAM’s parallel structure. This follows with the
V(Q implementation for video compression. A new adaptive codebook replenishment VQ tech-
nique combined with index-based motion estimation (AVQ+ME) algorithm is then proposed. The
AVQ+ME algorithm results in significant reductions in computational complexity and a suffi-

cient coding performance.

1.1 Thesis Outlines:

The rest of the thesis is organized as follows:

Chapter 2 presents a review of image/video compression. The first section discusses the different
data compression techniques in terms of lossless and lossy coding. The evaluation criteria are also
presented. The distortion is specified either by an objective measure such as the peak signal-to-
noise ratio (PSNR), or by a subjective measure such as the mean opinion score (MOS). The sec-
ond and third sections include a review on the image and video compression techniques , respec-
tively, with special emphasis on VQ techniques. The fourth section describes the image and video
compression standards. Finally, VLSI implementations of VQ are reviewed in the fifth section,

followed by a summary in section six.

Chapter 3 presents an overview of the Computational*RAM. The chapter includes sections on

architecture, processing element model, and other C*RAM design variations.

Chapter 4 introduces the C*RAM implementation of VQ for image compression. In this chapter,
a algorithm based on an Mean Absolute Error (MAE) measure for implementing VQ on the

C*RAM’s parallel structure is presented.

Chapter 5 presents the C*RAM implementation of the proposed Modified Scalable VQ. The pro-
posed technique is then implemented on the C*RAM structure. This chapter also includes the

binary-tree to parallel mapping algorithm to facilitate C*RAM implementation.



Chapter 6 introduces the C*RAM implementation of VQ for video compression. In this chapter,
an adaptive codebook replenishment VQ using index-based motion estimation (AVQ+ME) algo-
rithm is proposed. This algorithm exploits the spatial as well as temporal redundancies in order to
reduce the bit rate. In addition, the proposed AVQ+ME technique has been implemented on the

parallel structure of the C*RAM.
Chapter 7 concludes the thesis with future work and recommendations.

The thesis also provides supplements on:
« Appendix A: Computer Arithmetics for C*RAM; and
« Appendix B: The Design of the Data Transposer;

« Appendix C: Bit Rate Analysis.

1.2 Thesis Contributions
» Sections 4.2-4.3: The C*RAM implementation of VQ-MAE.

« Sections 5.3-5.5: The Modified SVQ algorithm and C*RAM implementation.
» Sections 6.2- 6.3: The AVQ+ME algorithm and C*RAM implementation.
« Section A.2-A.3: C¥*RAM macros and algorithms.

» Section B.3-B.6: The design of the Data Transposer.



CHAPTER 2 Review of Image
and Video
Compression

In this chapter, the image and video compression techniques are reviewed. The different data
compression techniques classified as lossless and lossy coding are discussed first. A review of the
image and video compression techniques with special emphasis on vector quantization-based
techniques are then presented. This follows with the details of the image and video compression
standards. Finally, VLSI implementations of VQ-based algorithms are reviewed, followed by the

summary.

2.1 Data Compression Techniques

The large memory capacity and channel bandwidth requirements for storage and transmission of
visual data necessitates the use of efficient image/video compression techniques. The goal of
image/video data compression is to reduce the number of bits required to represent an image/

video signal while maintaining an acceptable fidelity [1].

Image and video compression is essentially a redundancy reduction process. Efficient compres-

sion is achieved by exploiting the spatial, temporal, structure and psychovisual redundancies.



The neighbouring pixels in an image/video frame are usually highly correlated. For example.
there is a strong dependancy between the pixel values in a local region and hence a pixel value
can be inferred from the neighbouring pixel values. This correlation is called the spatial redun-
dancy, and is typically removed by employing intraframe coding techniques such as predictive

coding, transform coding, etc.

Temporal redundancy refers to the correlation between the successive frames in an image/video
sequence. The differences between successive frames are due to object motion and camera
motion. Temporal redundancy is usually removed by employing interframe coding techniques

such as motion estimation/compensation, frame replenishment, etc.

Structure redundancy refers to the fact that an image is the projection of 3-dimensional objects
onto a 2-dimensional plane [7]. Therefore, if the image is encoded based on the structure of the
enclosed elements, a high compression ratio could be achieved. Such example is the scene con-

taining the pingpong ball moving in a plain background.

Most image/video frames contain psychovisual redundancy. That is, some information may be
removed without sacrificing the subjective image quality. Therefore, if the image/video signal is
encoded based on the properties of the Auman visual system (HVS), a higher compression ratio

may be achieved [8,9]. Some of the properties of the human visual system that may be exploited

are:

+ Greater sensitivity to small signal changes in dark areas.

» Lower sensitivity to random noise compared to systematic noise.
« Lower sensitivity to faster moving objects.

+ Lesser perception of distortion at higher spatial frequencies.

Image and video compression techniques can be generally classified into: “distortionless” or

“lossless” and “minimum distortion” or “lossy” schemes.



Lossless coding

Lossless coding minimizes the average number of bits per pixel without any loss in image quality.
That is, the decoder reconstructs the exact input image from the encoded image. Information the-
ory states that the source can be exactly encoded with H bits/pixels, where H is the source
entropy. For a source with 2b possible independent symbols with probabilities p;, i=1, 2, ..., 25, the

entropy is given by:

b

2
H=- Zpilogzpi @0

i=1
This results in a variable length code (VLC) where shorter codewords are assigned to more prob-
able pixel values and longer codewords are assigned to less probable pixel values. Huffman [10]
and Arithmetic coding [11] are the most popular approaches for lossless coding. Arithmetic cod-
ing achieves higher compression ratios than Huffman coding, but it is more difficult to imple-
ment. Another technique for lossless coding is run length coding [12] in which a reduction in the
bit rate is achieved by sequentially transmitting or storing the pixel values (run) followed by the
number of its repetitions (length). Significant compression is possible if the input image is charac-

terized by long runs.

Lossy coding
The purpose of lossy coding or minimum distortion is to minimize the bit rate for a given average
distortion or equivalently, to minimize the average distortion for a given bit rate. For an image

source X, the average distortion D is defined as:

D=E{dXX)} @2
where d(X, X ) is a distortion measure between the source X and its reproduction X. Clearly, the
design of such an encoding scheme depends on the statistics of the source X and the characteris-

tics of the distortion function d. Rate distortion theory [3] provides the theoretical lower bound on



the bit rate of any quantizer. For the source X with probability function p,(X). the rate distortion

function is defined as:

R(D) = min{I(X, )} 2.3)
where the minimum is taken over all the encoding schemes which result in average distortion D

less than some value f), and 1(X, X) 1s the average mutual information between X and X and is

defined as:

~ Pisx (x/x)
168 = 22y ®p,, (G/x) log— e @4
x X

P{:t.(x)

where Pioy (x/x is the conditional probability for X given X.

This definition of the rate distortion function indicates that for a given average distortion D, the
minimum transmission rate is R(D). Shannon’s coding theorem states that it is possible to design

a coding system which achieves the average distortion D at a transmission rate arbitrarily close to

R(D).

Evaluation Methods

The image quality of different coding schemes can be evaluated using subjective and objective
measures. Subjective measures refer to the judgement of human viewer using quality rating or
impairment rating. In subjective quality rating, the reconstructed image can be judged according
to scales such as: Excellent, Good, Fair, Poor, and Bad. On the other hand, impairment rating
scale includes: Imperceptible, Perceptible but Annoying, Slightly Annoying, Annoying, and Very
Annoying. The average of the ratings for a given picture is the mean opinion score (MOS) and is

used as a measure of the quality of the reconstructed image.

Objective measures are sometimes referred to as distortion measures. The most commonly used

distortion measures are the followings:



+ Mean Square Error (MSE): For an image of dimensions X and Y, MSE is defined as:

XY

X Y
~ 2
MSE=L Y Y (x,-%,) 25)
k=11=1

where x, and x , denote the original image pixel and encoded image pixel, respectively.

» Mean Absolute Error (MAE):

(2.6)
k=11=1
+ Normalized Mean Square Error (NMSE)
X v X v
n 2
NMSE = | 2, 3, (=502 /| 20 2xs, @
k=1/=1 =1/=1
+ Signal to Noise Ratio (SNR):
SNR = 10 log (2.8)

NMSE
» Peak Signal to Noise Ratio (PSNR): The coding performance is commonly evaluated using the
PSNR, which is defined as:

, 2
PSNR = 10 - log (Peak —signal —value) 2.9)

MSE

2.2 Image Compression Techniques

Recall that from section 2.1, in image compression, the spatial redundancies are typically
removed by employing intraframe coding techniques. These techniques include predictive coding,
transform coding, vector quantization, and hybrid techniques. In this section, the various

intraframe image coding techniques are reviewed, with an emphasis on vector quantization.
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2.2.1 Predictive Coding

Predictive coding exploits the mutual redundancy between neighbouring pixels. Rather than
encoding the pixel intensity, its value is first predicted from the previous encoded pixels. The pre-
dicted pixel value is then subtracted from the actual pixel value and the difference (prediction
error) is quantized and coded for transmission. The quantized prediction error is used at the

receiver to reconstruct the image.

Differential Pulse Code Modulation

Differential Pulse Code Modulation (DPCM) is the most commonly used predictive coding tech-
nique. A block diagram of the DPCM system is shown in Figure 2.1. The transmitter consists of
two major components, the quantizer and the predictor. The predictor estimates the value of the
pixel to be encoded using the values of the previously transmitted pixels. The difference e,
known as the predictor error, between the actual pixel value xy and the predicted value y 4 1S quan-

tized, coded and transmitted.

X ek . &
—— Quantizer - -
g o
I i | |
Yk . Vi
Predictor
h E
Transmitter E
(&
- \
Vi |
Predictor |
Receiver - h % i
-

FIGURE 2.1 Block diagram of a DPCM coding system
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The predictor can be linear or nonlinear. A nonlinear predictor which involves a nonlinear combi-
nation of the previously encoded pixels is difficult to implement; and hence in most DPCM sys-
tems, a linear predictor is used. A linear prediction of Xy can be determined using the following

equation:
Vi = Zai;}k—i (2.10)
i

where h; are the predictor coefficients. The optimal predictor in terms of MSE is obtained by
selecting the coefficients h; so that the variance of the predictor error is minimized. The optimal

coefficients can be determined by solving the following set of equations:

RG) =h, _RG~1) @11

, opt

where R(j) is the correlation function.

Adaptive DPCM

The coding performance of a DPCM system can be improved by employing adaptive techniques
which tracks the local statistics of the input image. Adaptivity can be achieved by either fixing the
characteristics of the quantizer and varying the predictor parameters, or by varying the character-
istics of the quantizer and fixing the parameters of the predictor. For example, the weighting coef-
ficients in equation 2.10 can be periodically modified, or the quantizer levels can be changed

according to the input image statistics [13].

2.2.2 Transform Coding

Unlike the conventional types of coding where the compression is achieved in the spatial domain,
tranform coding compresses data in the transform domain. For still images, the input image is first
divided into non-overlapping blocks Xm 1, m2 of M x M, pixels. In order to decorrelate the image
data, a two-dimensional transform is then applied to Xml, mo 2 shown in Figure 2.2, The trans-
formation maps Xm’m2 into a two dimensional array Q, , of transform coefficients with the

same dimension. This operation is mathematically given by:

12



Ml-1M2-1

“u v o Z 2 ml m2 u,v,ml, m2 (2.12)

ml=0m2 =10

where A

u v, ml m2 is the transform kernel. The resulting coefficients Q,, ,, u=1, 2, ... M1, v=1,2,

.» M2 are then quantized, coded and transmitted.

i
Input vector Quy

—————»|  Transforn — i Quantizer |—=  Encoder -—-—l>
Xmim2 1‘
|
1 i
i Transmitter o
| | =
i g i
N
| =
]
i i
Reconstructed vector ! Inverse Qu,v Decod i
A - e —— ecoder  |gf——
Xmlm2 Transform E
Receiver

FIGURE 2.2 Block diagram of a transform coding system

At the receiver, an inverse transform operation is applied to the quantized coefficients @u , o

reconstruct the image:

Ml1-1M2-1
ml m2 = Z Z Qu vy, v,m] m2 (2.13)
where A’_1 is the inverse transform kernel.

u,v,ml, m2

An optimum transform should result in statisticaily independent coefficients [14]. Karhunen
Loeve transform is an optimum transform in terms of both MSE and subjective quality. However,
it requires a large number of operations to compute; and is hence usually replaced by suboptimal

transforms [13], such as Fourier transform, cosine transform, or Hadamard transform. It has been

13



shown that the performance of the cosine transform [15] is close to the optimal Karhunen Loeve

transform.

Adaptive Transform Coding

In adaptive transform coding [13, 16], one or more of the coder parameters are changed in a way
such that the coder better matches the local image statistics. For example, each block is classified
into one of several categories according to some activity index. Adaptivity is achieved by allocat-
ing a large number of bits to blocks with high activity index and fewer bits to blocks with lower

activity index.

2.2.3 Hybrid Predictive / Transform Coding

Predictive
- Coder

Input

image .

Forward
Transform

Predictive
Coder

Transmitter

Predictive
Coder

Reconstructed

image

Inverse
Transform

Predictive
Decoder

Predictive
Decoder

Receiver

Predictive
Decoder

Channel

FIGURE 2.3 Block diagram of a hybrid transform / predictive coding system

Hybrid predictive/transform coding [1] is a combination of predictive and transform coding. As

shown in Figure 2.3, the basic configuration is a transform operation followed by a predictive

14



coder for each transform coefficient. Typically, one or two-dimensional transform is applied on

subimages, the coefficients are then coded using the previous coefficients as a prediction estimate.

2.2.4 Vector Quantization

Principle of Vector Quantization

Vector Quantization (VQ) is an efficient technique for low-bit rate image coding. An N-level vec-
tor quantizer is a mapping from a L-dimensional vector set {V} into a finite codebook W = {w,

W2, ..., WN}-

oV—->w (2.14)
In other words, it assigns to an input vector v a representative vector (codeword) w. The vector
quantizer Q is completely described by the codebook W = {w, ws, ..., Wy}, together with the dis-

joint partition R = {R, Ry, ... , Ry}, where

RI. = {v:Q(v)=wz.} (2.15)
and w and v are L-dimensional vectors. The partition should ideally minimize the quantization

error. The block diagram of VQ is showned in Figure 2.4.

The steps involved in VQ as applied to image and video compression are vector formatton, code-

book generation, and quantization.

Vector Formation

The first step in VQ is to decompose the input image into vectors. The image is partitioned into
two-dimensional blocks of equal or variable sizes. The features or values are extracted from the
blocks and then arranged into vectors. Various vector formation schemes have been proposed in
the literature. For example, the vectors can be formed from the color components of a pixel [17];
the original pixel values of the block [18]; the transform coefficients of a block of pixels [19-21];
the prediction error of a block [22,23]; the pixel values of a block normalized by the average [24];

and the intensity normalized by the mean and standard deviation [25].
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FIGURE 2.4 Principle of Vector Quantization
Codebook Generation
The key step in VQ is the design of a good codebook. An optimal codebook, using the MSE crite-
rion, must simultaneously satisfy two necessary conditions for optimality [26].

« The input vector source V is partitioned into N closed sets or Voronoi regions {R!.| (1<i<N)},

determined by the nearest distance rule:

R. = {v, v—wi|s]v—wm,for i#m} (2.16)
+ The corresponding codewords are defined by:
w,=E{y (veR)} (2.17)

where i = 1, 2, ... N and v is the vector in the training set.

In other words, the codewords of the optimal codebook are the mean values of the corresponding
Voronoi regions under the MSE measurement criterion. The K-mean [27] or the closely related
generalized Lloyd clustering algorithm proposed by Linde, Buzo, and Gray [6] (LBG) are typi-
cally used to generate the codebook. Both these clustering algorithms are iterative processes, min-

imizing a performance index calculated from the distances between the sample vectors and their

16



cluster centers. These algorithms have the advantages of not requiring any knowledge of the
underlying statistics of the input source and additional minimizing a criterion related to the quan-
tization error. However, these clustering algorithms can only assure a local optimum, which

depends upon the initial codebook or cluster seeds.

A number of approaches have been developed to obtain the initial codebook. In the first [28]. the
centroid of the training set is calculated and split into two codewords. The LBG algorithm is
applied to yield a codebook of two codewords. Each codeword is then split into two codewords to
yield a codebook of four codewords. This process is repeated until the required number of code-

words are generated. This approach is referred to as binary splitting.

The second approach starts with initial seeds for the required number of codewords, these seeds

being generated by preprocessing the training sequence. Example of this approach is mode-seek-

ing seeding in which the seeds lie at the modes of the histogram {29].

The third apprach referred to as Simulated Annealing {30,31] belongs to a family of optimization
techniques called stochastic relaxation (SR). This is a technique in which a randomly generated
perturbation to the codebook at each iteration is accepted or rejected probabilistically, where the
probability depends on the change in value of the cost function resulting from such a pertubation.

Although this technique generates codebooks of better performance, the computation time is dras-

tically increased.

Recently, techniques based on neural networks {32,33], and the Pairwise Nearest Neighbour
(PNN) [34] have been reported as alternatives for codebook design. In the neural network
approach, the weights (which represent the codewords) between the neurons are adaptively
adjusted after the presentation of each vector. The main advantage of neural network is that it con-

verges to an asymtotic value faster than the LBG algorithm [33].

In the PNN approach [34], each of the K training vectors is considered as a separate cluster. We

start with the K clusters and merge together the two clusters which result in the miniraum increase
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in average distortion. This merging process yields K-1 clusters. The merging process continues
until only N clusters remain. PNN is faster than the LBG algorithm, however, the LBG algorithm

results in a codebook that satisfies the two conditions for optimality.

Finally, the Maximum Descent (MD) approach [35] is another technique for VQ codebook gener-
ation. It produces codebooks with significant improvement on both the computation time and the
coding performance compared to the LBG algorithm. The MD algorithm starts by placing all the
training vectors in a global cluster. The cluster is then partitioned into two new clusters by using
an optimal partitioning hyperplane. The two newly formed clusters are further partitioned into
three new clusters following the maximum distortion reduction criterion. The process is repeated
until the desired number of codevectors is obtained. To form N codevectors, N-+1 partitioning
operations are required. The MD algorithm is generally faster and produces a better image quality

compared to the LBG algorithm.

Vector Quantization using Universal Codebook
VQ techniques can be broadly classified, with respect to training and codebook generation, as
universal and adaptive. In this section, image coding using universal VQ is reviewed, and adap-

tive VQ is discussed in the next section.

Universal VQ employs a fixed codebook generated using a large set of training vectors selected
from different types of images. To ensure a good image quality, the codebook must be large,
which in turn increases both the bit rate and coding complexity. Moreover, if the input images
have different statistics, good coding performance may not be achieved for a variety of applica-
tions. The codebook size can be reduced using techniques which exploit the local image statistics.
Universal VQ includes: classified VQ, subband VQ, predictive VQ, finite state VQ, mean/resid-
ual VQ, multi-stage VQ, address VQ, tree-structured VQ, and hierarchical VQ.

Classified VQ (CVQ): In CVQ [36,37), the tratning vectors are classified into a finite set of

classes based upon some perceptually important features, such as, the edge content and a separate
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codebook is generated for each class. In the quantization process, a classifier determines the class
of the input vector, which is then encoded using the appropriate codebook. The CVQ technique
has been extended to include different codebooks within a class and different coding methods for
each class. For example, a CVQ in the discrete wavelet transform domain (DWT-CVQ){20] or
discrete cosine transform domain (DCT-CVQ) have been reported [38,39] where the input blocks
are first transformed using DWT (or DCT) and assigned to a class. The DWT (or DCT) blocks
belonging to a class are then partitioned into several vectors. The subvectors are quantized sepa-

rately using an appropriate codebook.

Subband VQ: Subband VQ has normally been used in speech coding. In this technique, the speech
samples are separated to different frequency bands using filter banks, and each band is vector
quantized separately. Quackenbush [40] has used an equal-bandwidth subband analysis/systhesis
filterbank to simplify the VQ problem by coding the decimated and filtered signal, rather than the
signal itself. Since an N-band subband filterbank takes a block of M input samples and produces
N relatively uncorrelated blocks of M/N datum each, VQ can be used to encode the data from
each filter independently. Westerink ef a/.[41] used the subband coder to filter the image into 16
subbands, and used a 16-D vector quantizer where each vector contained the same pixel location

from all 16 subbands.

Predictive VO (PVQ): Memoryless VQ can efficiently exploit the intra-vector correlation, but
cannot utilize the inter-vector redundancy. PVQ schemes belong to a class of VQ with memory
and exploit the inter-vector correlation. The PVQ coding system employs a predictor followed by
vector quantizer [22,23]. The input vector is predicted from the previous transmitted vectors. The
error vector is formed by subtracting the predicted vector from the current input vector which is

then vector quantized.

Finite state V. Another VQ approach with memory which reduces the bit rate is the finite state
VQ [24,42]. A Finite state VQ encoder consists of a state transition function f and a set of finite

states. A small subcodebook is associated with each state. The function f uses the previous
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encoded vectors to determine the current state of the encoder. The input vector is quantized using
the subcodebook corresponding to the current state. For example, Kim [42] has proposed a Finite
state VQ technique where the state transition function f is based upon the gray level transition

across the boundaries of the neighbouring blocks.

Mean/Residual VQ (M/RVQ): In this coding system [43,44], the sample mean is first scalar quan-
tized and then subtracted from the vector so that quantization error can be incorporated into the
error vector. This technique is derived from the Mean/Shape (M/S) VQ, where the sample mean is
scalar quantized and the resulting error vector, obtained by subtracting the sample mean from the
input vector, is vector quantized [43]. The M/RVQ system reduces the blocking distortion that is
caused by coarse quantization of the sample mean in the M/SVQ system. The block diagram of

M/RVQ is shown in Figure 2.5.

Input vector + i
- vQ 0

Sample .
Mean I

Q B

FIGURE 2.5 Block diagram of Mean / Residual VQ

Multi-stage VQ [45-49]: This coding technique is an distinctive extension of Mean/ Residual VQ.
The multi-stage VQ has stage-by-stage design procedure. The codebook of each stage is opti-
mized for that particular stage distortion and does not consider the distortion of the subsequent

stage.

The input vector V; is first vector quantized using the N-level quantizer and the error vector is

formed. The error vector is then quantized using the N»-level quantizer. The process is repeated
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by finding the error vector from the second stage and feeding it to the third stage and so on. The
final quantizer version of Vj is the sum of all reproduction vectors. The computational and storage

costs are O(KL ZN;) and O(L ZN{.), respectively.

Several variations of multi-stage VQ have been reported in the literature. For example, Wang ef
al.[46] have proposed a multi-stage VQ technique applied to the transform coefficients with opti-
mal bit allocation strategy. Koessentini et al.[47] have presented a variable rate multi-stage VQ
technique. Chan et al.[48] have proposed a joint design algorithm of the stage codebook to opti-
mize the performance of multi-stage VQ. Rizvi et al.[49] have presented a codebook design pro-
cedure based on a multi-layer competitive neural network where each layer of the network

represents one stage of multi-stage VQ.

Label 1 Label 2 Label n
Nj-level Nj-level Ny-ltevel
codebook codebook codebook
L% vQ [ VQ'! vQ = vQ'! vQ [ Vo
+ e +
P + [~1 .

FIGURE 2.6 Block diagram of Multi-stage VQ

Address V(. The address codebook consists of a set of address-codevectors [50]. Each address -
codevector constitutes the addresses (labels) corresponding to four codewords in the LBG code-
book. In the encoding process, the four neighbouring blocks are coded using the LBG codebook
to form the address-codevector. The address codebooks at both the transmitter and the receiver are
re-organized, using the block transition probability matrices, in order to maintain the most proba-
ble address-codevectors in the active address-codebook. The active address-codebook is then

searched for a matched address-codevector. If a match is obtained, the index corresponding
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matched address-codevector is transmitted. Otherwise, four labels are transmitted independently

to the receiver.

An extension of address VQ is the multilayer address VQ [51], where the input image is encoded
at the first layer using LBG codebook. The resulting labels from the first layer are merged
together in the second layer to form a new address-codevector. This process of merging 1s
repeated recursively in a hierarchically bottom-up fashion. At each layer the address-codebook
consists of the most probable address combinations. Each address-codevector is encoded starting

from the top layer, using the corresponding address-codetook similar to address VQ.

# | XXX

# | XXXX

4 [ XXXX LBG codebook

s (XXX | ¥

| #EH#HE A

§ | #AEH Active address
...... codebook

| H#H##H | J

S| ##H##

| #EAR Inactive address
...... codebook

S| #EH#

FIGURE 2.7 Block diagram of Address codebook VQ

Tree-structured VQ (TSVQ): The computations necessary for finding the matched codeword can
be reduced by structuring the codebook as a binary tree [53]. The tree is constructed with a code-
word at each node, such that the first layer of the tree divides the L-dimensional space into two
regions, the second layer divides the L-dimensional space into four regions, and so on. Only the
codewords at the leaves are used for encoding. In quantizing each vector, a decision is made

between one of the two branches at each layer, and the matched codeword is found at the last
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level. In comparison with the full search VQ, the computational complexity is reduced to O(KL-

logN) at the expense of almost doubling the storage cost.

The K-dimensional (K-d) tree is a generalization of the binary tree and it provides a data structure
which allows for multi-dimensional search. Recently, Equitz [54] and Ramasubramanian ef a/.

[55] have proposed fast search algorithms for VQ encoding using K-d tree structure.

The performance of TSVQ will in general have some degradations compared to full search VQ.
To improve the coding performance of TSVQ, Riskin et a/.[56] have presented an unbalanced

TSVQ where the tree is designed one node at a time rather than a layer at a time.

Hierarchical V(Q: In this coding technique, a quad-tree algorithm [58] is first used to partion the
image into blocks of size 2x2, 4x4, 8x8, and 16x16. This information about partitioning the image
is represented by a quad-tree and is counted as the side information to be transmitted. In the cod-
ing process, the small blocks, 2x2 and 4x4, are coded by using full search VQ. The larger blocks
representing constant patterns are coded by applying VQ in the transform domain. Many of the
high frequency coefficients can be discarded and thus the effective dimension of the blocks is

reduced for computational purposes.

Vector Quantization using Adaptive Codebook

The universal codebook has two shortcomings which may degrade performance. First, in order to
ensure a good fit for all images, a large codebook is needed and this increases the bit rate. Sec-
ondly, images outside the training set may not aiways be well represented. Therefore, codebook
adaptation to the local image statistics may require in order to improve image quality. For exam-
ple, a new codebook can be generated using the vectors of the input image as a training set, The
new codebook is transmitted, followed by the labels corresponding to the vectors of the image.
Goldberg et al.[60] have presented an adaptive VQ scheme for coding monochrome and color
images. In this scheme, the image is partitioned into non-overlapping subimages, and for each

subimage a separate 16 -64 level codebook is created. These codebooks better match the local
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image statistics, however, the improvement in coding performance is achieved at the expense of
the overhead incurred for transmitting the new codewords. Zeger et al. [61] have proposed a tech-
nique where a new codebook is designed for each input image. The new codebook is vector quan-
tized using a large universal codebook; hence, reducing the overhead for transmitting the new
codebook. An alternative scheme, which reduces the overhead, is to update or replenish part of
the codebook. For example, Gersho et al. [62] have proposed a technique where the distortion of
each input vector is monitored, and if it is larger than a predetermined threshold, the codeword
with the “largest time since use” is replaced by the input vector. Yeh [63] introduced a technique
where the codewords that cause excess quantization error are replaced. Note that in the above
techniques, the major drawback is that the improvement in image quality is achieved at the

expense of increasing the computational complexity.

Panchanathan ef al. [64] have presented a reduced codebook design algorithm for adaptive VQ.
Here, a large universal codebook of size N is employed to encode the input vectors. A reduced
codebook of size N consisting of only the used codewords in the universal codebook is then
formed. Since N << N, this technique results in lower bit rate for label coding. In another varia-
tion of this scheme, the input vectors are used as a training set and one iteration of LBG algo-
rithm, using the reduced codebook as the initial codebook, is performed. The changes to the
codewords are then transmitted. Panchanathan et al.[65] have also presented a dynamic VQ
scheme where the codebook is generated on the fly from the input vectors to be coded. In this
scheme, a small primary codebook is used to store the most frequently used codewords, and a
larger secondary codebook is used to store the less frequently used codewords. Both the transmit-

ter and the receiver keep track of identical codebooks without any overhead.

Bit Rate Calculation

Let X, Y be the dimensions of the image, K the number of vectors in the image, N the number of

codewords in the codebook, and L the number of pixels in each codeword (or the length of the
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codeword vector). In the universial VQ, only the labels are transmitted, hence. the bit rate in bits

per pixel (bpp) is:

log N
L

BR = (2.17)

In the case of image adaptive VQ [60-65], the codebook and the labels are transmitted. The total
bit rate now includes the number of transmitted codewords N, with each vector having B bits.
Therefore:

logzN Nc x B

BR = + 2.18)
L K ¢

2.3 Video Compression Techniques

We recall from section 2.1 that compression of the video sequence is achieved by removing the
spatial and temporal correlations using intraframe and interframe coding techniques, respectively.

In this section, a review of video compression techniques is presented.

2.3.1 Motion Estimation / Compensation

Motion estimation/compensation is a widely used technique to exploit the temporal correlation in
a video sequence. Motion estimation techniques attempt to obtain the motion information for the
various objects in the scene. In principle, if the motion information of the object is known, then
high compression could be achieved by coding the first frame together with the motion informa-
tion. There are two classes of motion estimation/compensation algorithms: pel-recursive [66] and
block matching (BMA’s) [67]. Pel-recursive algorithms evaluate the displacement of each pixel
individually. These algorithms do not require the transmission of motion information but recur-
sively use the luminance change to find the motion information. On the other hand, block match-
ing algorithms assume that all pixels within a block have the same motion. The motion vectors for

a group of pixels are calculated and transmitted to the receiver.
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A popﬁ}ar method for block matching is the full search block matching aigorithm (FBMA).
FBMA searches all possible displaced locations within a search area (SA) to find the best match.
Several matching criteria have been proposed to find the best match block [68]. These include: the
MSE, the mean absolute difference (MAD), etc. The MAD criterion is preferred because of its

lower computational complexity. MAD is given by:

n=1n-1
1
MAD . (1) = nxnz Z‘Xi,j_yi+k,j+!‘ pskl<p (2.20)
i=0j=0

where X; ; is the reference block data at coordinates (i) and Yi4x, j+ is the candidate block data at

coordinates (i+k, j+1).

search area (SA)
motion vector

I previous frame

current frame

FIGURE 2.8 Block matching process
Figure 2.8 illustrates the block matching process between adjacent frames. The current frame (F)
is divided into non-overlapping reference blocks of size n x n. Each reference block in (F), is
compared with the candidate blocks within a SA in the previous frame (F-1) in order to obtain the
best match. The size of SA is (n+2p)2, where p is the maximum displacement, and is centered
around the candidate block with identical coordinates as the reference block. The offset between

the reference block and the best match block specifies the motion (displacement) vector.
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For each of the (2p+1)2 locations to be searched, the calculation of MAD requires 3n® operations
(that is subtraction, absolute operation, and addition). Hence for K input blocks, the computa-
tional complexity of FBMA is 0(3Kn2(2p+1)2). For example, a 512 x 512 image with a block
size of 4 x 4 and a maximum displacement of 4 pixels requires approximately 63 million opera-
tions. The corresponding values for a displacement of 6 and 8 pixels are 132 and 225 million
operations, respectively. In order to reduce the computational complexity, a number of fast search
algorithms such as 2-dimensional logarithmic search, three-step hierarchical search [67.69] have
been proprosed. These algorithms reduce the number of computations by limiting the number of
candidate blocks. However, for hardware realization, the FBMA offers the advantage of low con-
trol overhead since it has regular data flow and fixed number of operation setps. We note that
motion estimation techniques are typically combined with image compression techniques to

remove spatial correlations.

2.3.2 Predictive Coding with Motion Compensation

Motion compensated predictive coders are a class of adaptive predictive coding systems that take
into account the motion of the objects in the scene in order to reduce the prediction error. For
example, if an object in 2 moving scene has a spatial translation of (Ai, Aj), then one expects that
a pixel x;F (belonging to the moving object) is maximally correlated with the pixel

a

X Aij+ A, F 1 rather than the pixel X -1 A motion compensated adaptive coding scheme
is shown in Figure 2.9. The motion vector (Ai, Aj) of each pixel x;;  is first estimated using a
matching procedure, as described in section 2.3.1, which determines the displacement of each
pixel such that the difference between the current pixel and the predicted pixel is minimized. The

prediction error X i F T A A P and the displacement vector are then coded separately

and transmitted to the receiver.
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2.3.3 Conditional Replenishment

Conditional replenishment technique [70] is based on dividing each frame into stationary and
non-stationary parts. Only the changed parts are coded. If x;;F is the pixel at location (i,j) in the
current frame (F), then the predicted value x;; p is the reconstructed value .‘;?I. S F-1 at the same

spatial location in the previous frame (F-1). The prediction error in this case is calculated using:

A

€ i F =X F ¥ F-1 (220)
If the magnitude of e; ; r is greater than a prespecified threshold, then it is quantized, coded, and

transmitted along with the location (i,j) of X; JF

A number of algorithms based on the basic conditional replenishment technique have been
reported in the literature. For example, instead of coding the address of each changed pixel sepa-
rately, the addresses and the quantized errors are coded in clusters along a line. Another variation
is to change the temporal resolution in stationary parts and the spatial resolution in the moving

parts in order to obtain further reductions in bit rate without affecting the subjective quality.
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2.3.4 Interframe Transform Coding

Interframe transform coding exploits the temporal correlations between succesive frames as well
as the spatial correlations within the individual frames. A sequence of frames is partitioned into
three dimensional blocks X yp ¢ of M1 x M2 x T pixels. Each block then undergoes a three

dimensional transform according to the following general formula:

MI—1M2=1T-1
=2 X uX

uv,w ml,m2, !Au,v wyml,m2, ¢
ml=0m2=0¢=0

.21)

to generate the transform coefficients Q y \, Where Ay y .m1,m2, is the transform kernel and M1,
M2, and T denoted the row, column, and temporal indices, respectively. The transform coeffi-
cients are then quantized, coded and transmitted to the receiver. To reconstruct the encoded image

sequence, the receiver applies an inverse three dimensional transform on the quantized coeffi-

cients Qu,v w'
M2 T
Kot m2,1 = Z 2 ZQHW Ay v woml, m2, ¢ (2.22)
u=0v=0r=0
where 4~ -1 is the inverse three dimensional transform kernel.

w,v,w,ml,m2, t

In image/video sequences the statistics along the temporal dimension may vary significantly,
therefore, adaptive techniques can substantially improve the coding performance [13]. For exam-
ple, the effective number of bits assigned to each coefficient can be made proportional to the coef-

ficient variance [71].

2.3.5 Hybrid Interframe Transform / Predictive Image Coding

Interframe hybrid coding combines transform and interframe predictive coding. Typically, each
frame is partitioned into two dimensional blocks, a transform is executed on the resulting block,

the coefficients are then predicted from the quantized coefficients along the temporal direction.
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2.3.6 Interframe YVQ

Several image/video sequence coding algorithms based on VQ have been reported in the litera-
ture. The first class of algorithms uses a tixed VQ codebook. For example, Murakami er al.[25]
have presented a vector quantizer for video signals where a fixed codebook is generated using a
long training sequence of normalized (by mean and standard deviation) vectors. The mean and
standard deviation values are transmitted as side information along with the label. Guo et al.[72]
have proposed a technique in which the difference between the input frame and the predicted
frame is vector quantized. The difference frame is divided into 16-dimensional vectors. For each
vector, the directional conditional vector probability matrices are used to select a sub-codebook
from a larger codebook. The input vector is then encoded using the sub-codebook or larger code-
book based on which codeword results in a lower distortion. Corte-real ef al. [73] have proposed
an image sequence vector quantization scheme where difference frame is divided into blocks of
different shapes and sizes. Several vector quantizers are then used to encode the resulting blocks.
Nasrabadi ef al. [74] have proposed an interframe hierarchical address - vector quantizer (IHA-
VQ) using quad-tree decomposition, where each frame is partitioned into 7x7 blocks. Block
matching [67] is used to estimate the motion of each block. To indicate the status (motion/no
motion) of the blocks, a bit map followed by the motion vectors of the moving blocks are trans-
mitted. The difference between the current frame and the motion estimated frame is then seg-
mented hierarchically into 32x32, 16x16, 8x8, 4x4, and 2x2 blocks. The 32x32, 16x16, and 8x8
blocks are replenishéd from the previous frame whereas a set of codebooks is used to encode the
smaller blocks. Recently, Li et al.[75] have reported a fast quad-tree motion segmentation algo-
rithm for VQ coding of video sequence coding. The frame is partioned into blocks of different
size according to its activity. Small blocks containing high motion activities are intraframe vector
quantized, whereas large blocks representing smooth areas are first decimated and then interframe
vector quantized. There are two problems with this class of algorithms. First, a limited size code-
book is not sufficient to represent the different types of image sequences. Therefore, a large code-

book is required which increases the bit rate and entails practical difficulties in codebook
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generation and encoding process. Secondly, the mismatch between the codebook and image

sequences outside the training set may degrade the coding performance.

The second class of algorithms is based on the codebook updating technique during the encoding
process so that the local statistics of the frame can be tracked. For example, Goldberg e/ al.[76,77]
have presented several interframe coding techniques where changes in successive frames are
tracked by incorporating /abel replenishment (LR) and codebook replenishment (CR). Here, the
vectors of the first frame are used to generate the initial codebook. The frame is vector quantized,
and the corresponding labels are stored in the label memory. The vectors in the subsequent frames
are vector quantized, and the labels are compared with the corresponding labels in the label mem-
ory of the previous frame. If they differ, the label memory is replenished. We note that, in the LR
technique, the label in the current frame is only compared to the corresponding label in the previ-
ous frame, without considering the neighbouring labels. Therefore, it does not fully exploit the

temporal redundancy of the sequence.

In order to adapt the codebook to the local frame statistics, codebook replenishment is used where
the mean of the new clusters is determined using the vectors in the current frame (MS-VQ). The
new means are then compared with the corresponding codewords. If the difference is larger than a
pre-specified threshold, the codeword is replaced by the corresponding new mean. Another
approach to replenish the codebook is to design a new codebook for each frame using the vectors
of the current frame as a training set and the codewords of the previous codebook as the initial
seeds. The resulting centroids are then compared to the codewords in the initial codebook. If the
difference is greater than a threshold, the codeword is replenished. Moreover, the nearly empty
clusters are replaced by the more abundant ones. We use the notation SCR-VQ to refer to this
technique. Monet ef al.[78] have proposed the application of codebook replenishment technique
for classified pruned tree structured VQ. This technique uses the average distortion resulting from
the assignment of a set of input vectors to a particular codeword as a measure to determine

whether to delete, split or modify the codeword. Yeh [17] has presented an adaptive VQ technique
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for color image sequence coding. In this technique, a mean/residual binary tree VQ is employed
where the quantization error is used to determine whether to replenish the codeword or not. Brac-
cini ef al. {57] have proposed a TSVQ technique where codebook is organized in a tree-structure
and capable of modifying its topology and contents in order to adaptively track the input statistics.
The resulting tree structure is unbalanced depending on the input vector distribution. Idris er al.
[59] have presented a frame adaptive VQ which uses two modes of operations: interframe and
intraframe. In the interframe mode, the input vector is compared with the corresponding vector at
the same spatial location in the previous frame, or with a SA for motion estimation. If no match is
found, the controller switches to intraframe mode. In the intraframe mode, two codebooks are
used: primary codebook (PC) and secondary codebook (SC) which dynamically replenish using
the LRU criteria. This implementation requires the synchronization at both the transmitter and
receiver to update the two codebooks. Generally, frame adaptive techniques result in further

increase in computational complexity.

Recently, Le et al.[80] have proposed a combined adaptive VQ and index-based motion estima-
tion technique (AVQ+ME) for intraframe and interframe coding, respectively. In the AVQ
method, the codewords of the current frame are used as seeds to generate the codewords for the
next frame. In the ME method, the labe! of the current frame is compared to a search area (SA) of
the corresponding labels in the previous frame and the resulting motion vector is transmitted.
Huffman coded flags are required to differentiate among the different components. The AVQ+ME
technique has been implemented on SIMD architecture. Details of the technique and the corre-

sponding implementation is presented in chapter 6.

2.4 Image / Video Compression Standards

Recently, the International Standards Organization (ISO) has proposed standards for still image
and video compression known as the JPEG (Joint Photographic Experts Group) [81-82,86] and
the MPEG (Moving Picture Experts Group) [83-84,86]. In addition, the Consultative Committee
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on International Telephony and Telegraphy (CCITT) has recommended a standard for videotele-

phony called the H.261 [85-86] at p x 64Kbits/s.

2.4.1 JPEG Standard for Image Compression

JPEG is jointly developed by ISO and ITU-TS and became standard in 1992. The JPEG standard

can compress still images by a factor of 10 to 50 without visibly affecting image quality. The

JPEG standards supports one of the following four modes:

+ Baseline sequential mode: provides the basic feature of (DCT-based) compression for full
quality and full size image reconstruction;

+ Lossless mode: is targeted towards applications, such as medical imaging, which require perfect
image reconstruction;

« Progressive mode: Image encoded in multiple scans, from coarse to finer, progressively

improved by transmission over a low bandwidth transmission channel. As a result, this mode is

used for implementing SNR scalability;

+ Hierarchical mode: In this mode, the image is encoded at multiple resolutions, so that lower-
resolution images can be obtained without having to decompress the entire compressed data. As

a result, this mode is used for implementing spatial scalability.

The baseline sequential mode is chosen for review. In the baseline sequential mode, samples are
encoded using 8 bits with values ranging from 0 to 255. The compression is performed in 3 steps:
DCT computation, quantization, and variable length coding (Figure 2.10). The original image is
first partitioned into non-overlapping blocks of 8x8 pixels. The pixel values are shifted into the
range from -128 to 127 with zero as center. The DCT of the block is then computed and quantized
using a quantization table suggested by JPEG. The DCT computation results in 64 coefficients.
The first zig-zag scanned coefficients is the DC coefficient, the rest are AC coefficients. The DC
coefficient is DPCM coded and the AC coefficients are coded using a combination of Huffman

and run-length coding. The decoding scheme is just the inverse of the encoding scheme and thus

is not shown here.
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JPEG applications do not have to include both an encoder and a decoder. The encoded data stream
has a fixed interchange format that includes the encoded image data as well as the chosen param-
eters and the tables of the coding process. If the compression and decompression process agree on
a common set of coding tables to be used, then they need not be included in the data stream. This
convention is similar to Universal VQ where the codebook is the same at both the transmitter and

receiver and therefore is excluded in the data stream.

8 x 8 blocks

ﬁ Entropy

I DCT |—® Quantizer ——pm coder

Compressed
bit stream

Original
image

Quantization VLC
table table

FIGURE 2.10 JPEG baseline sequential mode
2.4.2 H.261 standard for Video Compression

CCITT H.261 [85] was designed for conferencing systems and video telephony using the existing
ISDN network. Due to the real-time requirement, the maximum delay of both compression and
decompression must not exceed 150ms. The standard encodes video at a constant bit rate (CBR)
of p x 64Kbps, where p=1, 2, ..., 30 by using DCT and motion compensation techniques. The
coder output rate is kept constant for transmission over a CBR channel. This is accomplished by

using quantization step control based on output buffer fullness.

Unlike JPEG, H.261 defines a very precise image format. The image refresh frequency at the
input must be 29.97 frames/s. During encoding it is possible to generate a compressed image

sequence with a lower frame rate of 10 or 15 still images per second. Only non-interlace images



are allowed at the input of the coder. The image is encoded as luminance signal (Y) and chromi-
nance difference signals Cy, C; according to CCIR 601 subsampling scheme (2:1:1). In H.261
data units of the size 8 x 8 pixels are used for the presentation of the Y as well as the Cy, and C;
components. A macro block is the result of combining four blocks of the Y matrix each with one

block of the Cy, and the C, component.

Two resolution formats each with an aspect ratio 4:3 are specified, the so-called Common Inter-
mediate Format (CIF) defines a luminance component of 288 lines, each with 352 pixels. The
chrominance components have a resolution with a rate of 144 lines and 176 pixels per line to fuli-
fil the 2:1:1 requirement. Quater CIF (QCIF)} has exactly half the CIF resolution, i.e., 176 x 144
pixels for the luminance and 88 x 72 pixels for the other components. All H.261 implementations

must be able to encode and decode QCIF; CIF is optional.

The H.261 standard uses two different ways of coding: intraframe and interframe. In the case of
intraframe coding, no advantage is taken from the redundancy between frames. This coding tech-
nique corresponds to the I frame coding of MPEG. For interframe coding, information from pre-

vious or subsequent frames is used; this corresponds to the P frame encoding of MPEG.

Similar to JPEG, for intraframe coding, each block of 8 x 8 pixels is transformed into 64 coeffi-
cients by a DCT. The quantization of the DC coefficients differs from the quantization of the AC
coefficients. The next step is to apply entropy coding to the AC and DC parameters, resulting in a
variable length encoded word. Interframe coding is based on a prediction for each macro block of
an image. This is determined by a *comparison” of macro blocks from previous frames with the
current frame. The motion vector is defined by the relative position of the previous macro block
with respect to the current macro block. Note that according to H.261, the coder need not be able
to detemine a motion vector. Therefore, a simple H.261 implementation considers only the differ-
ences between macro blocks located at the same position of consecutive images. In such cases,

the motion vector is always a zero vector.
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Subsequently the motion vector and the DPCM coded macro block are processed. The DPCM
coded macro biock is transformed by a DCT if and only if its value exceeds a certain threshoid. If
the difference is less than this threshold, the corresponding macro block is not encoded any fur-
ther; only the relevant motion vector are entropy coded with a variable length coding that is loss-

less. All of the transformed coefficients are quantized linearly and variable length coded.

For H.261 the quantization is a linear funtion and the step size is dependent on the amount of data
in the transform buffer. This mechanism enforces a constant data rate at the output of the coder.
Therefore, the quality of the encoded video data depends on the contents of individual images as

well as on the motion within the respective video scene.

2.4.3 MPEG Standards for Video Compression

Many applications have been proposed based on the assumption that an acceptable quality of
video can be obtained data bandwidth of about 1.5Mbits/second (including audio). In the MPEG
video compression standard, a block-based motion estimation/compensation is employed to
remove the interframe correlation and DCT for the reduction of the intraframe correlation. Block

diagrams of the MPEG encoder and decoder are shown in Figures 2.11 and 2.12, respectively.

Input

frames F +
rame
— memory —»@—P DCT [ Q T> VLC

1 Q!
* To channel
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+
L gt Motion »-| VLC
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FIGURE 2.11 Block diagram of MPEG encoder
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FIGURE 2.12 Block diagram of MPEG decoder

Here, a group of pictures (GOP) approach is used instead of frame by frame coding. A GOP is
typically a combination of one or two intra-picture (1), predicted picture (P), and the rest of bidi-
rectional pictures (B) as shown in Figure 2.13. The I frames (picture) provide random access
points and are also used as a reference for P frames. The I frames are coded using DCT on 8x8
blocks. The DC coefficient is differentially encoded using variable length codes (VLC). The AC
coefficients are zig-zag scanned and ordered into {RUNLENGTH, AMPLITUDE} pairs. A vari-

able length coder is used to encode each pair.

B2 uses I1 and P4
B3 uses I1 and P4
P4 uses I1

B5 uses P4 and P7
B6 uses P4 and P7
P7 uses P4

B8 uses P7 and 110
B9 uses P7 and 110

I BBPBBPB B I
2 345 67 8 9 10

FIGURE 2.13 An example of GOP used in MPEG
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The P and B frames are decomposed into 16x16 blocks and the motion vector for each block is
calculated. The motion compensated difference frame is partitioned into 8x8 blocks which then
undergo a 2-dimensional DCT. The DC and AC coefficients are quantized, ordered along the zig-
zag scan line into {RUNLENGTH, AMPLITUDE} pairs and coded using a VLC. The motion

vectors are also variable length coded and transmitted.

The features of the still image and video compression standards are summarized in Table 2.1
TABLE 2.1 Summary of the image/video compression standards

Intraframe Interframe Compression
Standard Applications coding coding Ratio
JPEG stiil images DCT n/a 1:10 to 1:50
H.261 videophone / teleconference DCT/1 frame | P frame 1:10to0 1:25
MPEG video / games DCT /1 frame | GOP(L,P,B) 1:100

2.5 VLSI Architectures for Image / Video Compression

2.5.1 Why Architectures ?

Image processing algorithms can be classified according to the complexity into low, medium, and
high level algorithms [87-88]. Low level algorithms usually scan their numeric input data regu-
larly. Processing is periodically defined over an image segment. Segments may overlap, or may
be arranged in non-overlapping order, as this is the case with most transform algorithms. Usually,
the segments have the shape of a square or a vector of pixels, the smallest segment is a single
pixel. An example for a low level algorithm including decisions is the binary thresholding of gray
level image, setting all pixels below a specific gray threshold as “black” and all pixels above as
“white”. Input and output data are square images, segmented in pixels and a simple, data depen-

dent decision is carried out.

Medium level algorithms also scan their input data regularly. They frequently process the output
data of a preceeding low level algorithm. Size and complexity of these data spaces strongly

depend on the algorithm, its implementation, and its parameters. A typical medium level algo-
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rithm is the image histogram operation. The input data are scanned pixel by pixel, output data are
a list of gray level counts. The counter array is accessed irregularly depending on the gray level of
each processed pixel. For an image histogram, the size of the array depends on the number of pos-
sible gray levels and is usually significantly smaller than the amount of input data. For other algo-
rithms, such as the Hough transform, intermediate data space may exceed the amount of input

data significantly.

High level algorithms process symbolic data structures, such as lists, arrays or trees for control
and analysis purposes. The size of structures is usuaily small, but decision processes performed

on it are rather complex.

It can be calculated that if the uncompressed color video sequence is sampled at a frame rate of 30
frames per second, where each frame is of size 288 x 352 pixels in the Common Intermediate For-
mat (CIF). If each pixel is represented using 24 bits, the data rate is 73 Mbits/second. In order to
handle the high computational overload, different types of computer architectures have been
applied to image/video processing applications. However, no single architecture can solve all pos-
sible problems. For instance, array processors are well suited for low level algorithms, however,
they are not efficient for high level algorithms because of their limited control. Multiprocessor
systems are best fit for high level algorithms, but they require expensive support for input/output,
programing, and interprocessor communications. In general, it has been realized that programma-

ble architectures are best suited for image processing applications.

2.5.2 Review of Architectures for VQ-based Algorithms

In classifying the architectures for VQ-based algorithms, we adopt the Flynn’s convention {89]
according to the instruction and data streams. Basically, by employing P processors which can be
operated concurrently, a speed up factor as high as P can be achieved. There are four main types:
» SISD (Single-Instruction stream, Single-Data stream) structure: This is a von Neumann com-

puter, in which a single instruction and datum are fetched from memory, processed, and the
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result written back. In other words, this is the uniprocessor model where one processor executes

all the tasks sequentially under the control of a single control unit;

- SIMD (Single-Instruction stream, Multiple-Data stream) structure: In this structure, there are

multiple processing elements under the supervision of the same control unit. All PE’s receive the

same instruction broadcast from the control unit but operate on different data sets from their

own data streams, examples include vector processors, array processors.

« MISD (Multiple-Instruction stream, Single-Data stream) structure: This category consists of

machines in which a set of processors operates on a single stream of data. A pipeline processor

is a good example of this type of system; and

« MIMD (Multiple-Instruction stream, Muitiple-Data stream) structure: MIMD is characterized

by multiple PE’s executing different instructions on their data streams.

SISD SIMD

[ 4\

Full search CAM C*RAM Pipeline

VLSI Implementations

/é\

MISD MIMD
(Processor Arrays)

Systolic
Processors Arrays

Wavefront
Arrays

FIGURE 2.14 VLSI Implementations of VQ techniques

Based on this convention, the VLSI architectures for implementing VQ-algorithms can be classi-

fied as shown in Figure 2.13.

Full search method: The first approach is to use a fast processor with a high clock rate to execute

the elemental operation. This yield a speed up of:

S
P

= Tgsp’T,
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where Tgygp and T, are the time to compute the elemental operation using an SISD machine and a

fast processor, respectively.

Tao et al.[90] have presented the VQ implementation using a fast processor. In this implementa-
tion, there is no task optimization and the encoding process is done sequentially. This architecture
uses high speed memories (CMOS), low power Schottky logic (LSTTL) and a table look-up for
the squaring operation. The elemental operation is executed in 500ns. However, the speed up

achieved is not large enough for image processing applications.

Content-Addressable Memory: Panchanathan et al.[91] have proposed a content-addressable
memory (CAM) for adaptive image coding. The codebook is stored in the CAM array and the
search process is carried out in parallel from the perspective of the codewords, hence exploiting

parallelism in the directions of N and L. The speed up factor is given by:

T
S = SISD

P T

e

x Nx L (2.24)

Abut et al.[93] have reported on a fuzzy associative memory (FAM) which provides an increase
in speed up by exploiting parallelism in the direction of L and processing multiple input vectors in

parallel.

Computationa' RAM: C*RAM is a SIMD-memory hybrid struture where a PE is attached to
each memory column for bit-serial and word-paraliel computation. Le ef al.[79-80] have pro-
posed a C*RAM implementation of adaptive/non-adaptive VQ algorithms in which the code-
words are stored in C*RAM and the search is carried out parallel in the direction of N. Due to the

bit serial computation of the C*RAM, the speed up is:

N (2.25)
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Pipeline Processor: Here, each segment of the pipeline executes a portion of the elemental oper-

ation. This results in a speed up factor of:

P (2.27)

where P is the number of segments in the pipeline.

Davidson et al.[95] have reported on the design of a high speed codebook search processor (CSP)
organized in a semi-custom VLSI pattern matching chip (PMC). The elemental operation is exe-
cuted in the PMC using a 4-segment pipeline. The PMC computes the elemental operation in
250ns. Although this architecture results in sufficient speed up for real time speech coding, it is
not suitable for image coding applications as the throughput rate for an image is three times

greater than that of speech.

Pipeline processors are also used for the implementation of TSVQ as proposed by Braccini ef al.
[57]. In this approach, the codewords (and dummy ones) are arranged in the binary structure. The
first two levels of the tree are stored in the local memory of the first pipeline processor. Each addi-
tional level is stored in the local memory of subsequent pipeline processors. The n-level tree will
therefore occupies n-1 pipeline processors. During the encoding process, each pipeline processor
performs the assigned number of operations routing the incoming input vector from the root to the
terminal leave of the tree. We note that only the terminal leave of the tree has the index of the

codeword. The speedup factor then becomes:

T M

S sisp 108,
= X
p T N

e

(2.28)

where N is the number of codewords, and M is the number of nodes and leaves in the tree.

Systolic Arrays: Another approach to speed up the execution of the elemental operation is to use

systolic arrays. Davidson et al.[96] have presented several systolic architectures for speech and
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image coding which provide a tradeoff between speed and VLSI chip area. These include: sub-
linear array, linear array, superlinear array, and two-dimensional array architectures. The number

of cycles required for a full search ranges from O(NL) cycles to O(1) cycles.

A higher speed up is possible by exploiting paralielism in the directions of the codebook size N

and the vector dimension L. This yields a speed up of:

T
S = SISD
D

xNxL (2.28)

e
Panchanathan er al.[92] have proposed a systolic array for adaptive VQ where the encoding pro-
cess and the codebook generation are overlapped in the same array. The basic PE operates in two
modes: forward and reverse. In the forward mode, the PE executes the elemental operation, while
in the reverse mode, the PE computes the new centroids. The speed up achieved is not only suffi-

cient for image encoding, but also for sub-optimal codebook generation in real time.

Systolic arrays are also used to implement tree-structured VQ. Yan et a/.[97] have presented a bit
level systolic array for tree structure VQ. The architecture consists of an inner product processor
to execute the elemental operation and addressable memories to determine the label of the
matched codeword. The bit level systolic array can be expanded to more general tree operations.
Abut et al.[93] have also proposed a systolic array for speech coding using tree-structured VQ.

Here, the elemental operation is executed in 100ns.

Wavefront Arrays: Sun ef al.[98] have reported a VLSI wavefront array for full search VQ. The
wavefront array is configured in a rectangular array of (L+2)xN basic processing cells with regu-
lar and local interconnections. Here L is the dimension of the vector, and N is the size of the code-
book. The codebook is stored in the upper part of the array. The vectors enter the array in parallel
by pipelining the successive components with one unit time delay. The distortion computation

rate is 100ns and the latency is N+L+1 time units.
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2.6 Summary

In this chapter, the lossless and lossy compression techniques were reviewed along with image
evaluation methods. The different image compression techniques including predictive, transform,
and hybrid codings were also reviewed. Special emphasis was placed on VQ-based techniques.
This followed with a review of various interframe coding techniques The details of the image and
video compression standards were then presented. Finally, the VLSI architectures for implement-

ing VQ-based image and video compression algorithms were presented.



CHAPTER 3 Overview of

Computational
RAM

3.1 Introduction

Computational RAM (C*RAM) [100,101] is a SIMD-memory hybrid architecture where each
column of memory has an associated processing element (PE). C*RAM was primarily designed
with the goal of augmenting conventional RAM’s (used in computer main memory and video
frame buffers) with computation capability. The first memory-SIMD hybrid project was experi-
mented by Snelgrove ef al., with a machine called VASTOR [102]. Efforts to integrate VASTOR
were hampered by the crudeness of tools/technology available in the academic environment. A 64
PEs, 8Kb SRAM-based C*RAM using 1.2 um CMOS technology was prototyped by Elliott et «l.
in 1989, using a simplified PE {101], while a DRAM-based chip with 2048 PEs and 4Mb of mem-
ory is intended for the full version C*RAM.

The objective of C*RAM is to enhance the memory subsystem of a computer with low-cost local
computing power, while conserving its conventional storage function (Figure 3.1). The main

advantages of this computing structure are:
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. The utilization of the wide bandwidth inherent in high-density memories, currently wasted or
sparely used;

» The significant reduction in the power dissipated in processor-memory data transport by keep-
ing applicable computation inside memory; and

» The incremental change of the well-established conventional computer memory.

There are two major functions in a C*RAM: memory and computation. When functioning as
memory, C*RAM is read or written as part of the host processor address space. When functioning
as a computing engine, all PE’s execute operations (on its own local memory) in parallel,

sequenced by a controller.

Memory _ _ _ Memory
RAM 7, CPRAM. & C*RAM
. Controlter.
Processor RAM Processor -C'*RAM
RAM RAM
Input/Qutput i RAM Input/Output RAM
RAM — RaM
a) Convetional computer b) C*RAM enhanced computer

FIGURE 3.1 Conventional Computer Memory and the C*RAM Concepts
The processing elements are organized in a SIMD linear array, This memory localized computing
structure has a data parallel nature and maps well to applications in the area of image and video
processing, recently gaining more attention in the workstation and personal computer market. A
large number of applications can benefit from the fine grain parallelism of C*RAM: scientific

(numerical) computation, database search, data compression, neural and genetic algorithms.
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3.2 C*RAM Architecture

Recently, C*RAM has been fabricated in a 0.8 um BiCMOS chip having an SRAM core[103].
This chip is referred to as Cs64plk [104]. For C¥RAM, the main point of interest in memory is
the number of PE’s on chip, a limit attained if the PE layout width (pitch) can be made as fine as
the sense amplifier pitch. The maximurmn number of sense amplifiers in the mentioned SRAM is
64. This means that a memory block can supply at most 64 PE’s. In order to support a larger num-
ber of PE’s, the memory module would have to be redesigned which imposes an unecessary
amount of work and increases the overall risk. There are thus 64 processing elements (PE)
attached to the 64Kbit memory columns which may effectively be considered as 64 independent

computing units having its own PE and 1Kbits of local memory (Figure 3.2).
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FIGURE 3.2 C*RAM architecture

In conventional memory, each memory cell is addressed by the row and column decoders. How-
ever, in this architecture, the entire row is addressed at the same time. Each PE is addressed by the
address stored in its local memory. Communication in a C*RAM is done via the PE of each com-

puting unit. Currently, only left communication and right communication are possible.

The setup time, hold time, and clock period are typically 5ns, Ons, and 20ns, respectively. Differ-

ent C*RAM cycles are required to operate upon the data. Such cycles are memory-read, memory-
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write, read-operate, read-operate-write, operate-write ranging from 20ns to 45ns [104]. The aver-

age value of 35ns is chosen for all simulations in chapters 4, 5, and 6.

3.3 Processing Element Model

A PE (Figure 3.3) has two 1-bit registers, X and Y, and a 1-bit ALU which functions as a multi-
plexer. Inputs to the bit-arithmetic ALU can be contents of registers X, Y and a memory bit M. An
8-bit global instruction from the C*RAM controller chooses between the different functions of the
ALU. After each computation, the results are written back into the memory or the registers. Each
X, Y register has a left or right connection enabling data shifting and neighborhood communica-

tion between PE’s.

sense-amp &
decode

Write
Enable
register
<J shift left
et X [
sgift right
-« Y [
31

ALU
8/{
global instruction )
bus tie X wired-OR

broadcast bus

FIGURE 3.3 Processing Element model

In addition to the X,Y registers and the ALU, the Write Enable (WE) register permits conditional
operations. WE register functions as a mask, blocking undesired memory columns in various
operations. In other words, the WE register is set only when there is a Write to the corresponding

memory column, or reset otherwise. We note that different masks may be stored in the scratch

48



memory for different PE operations. This enables all the PE’s in the C¥RAM to participate in the

global operations without modifying the masked memory contents.

A bidirectional bus-tie circuit performs the wired-OR logic of all PE’s local results. This global
wired-OR is fed back to all the PE’s. The same line may also be used by the C*RAM controller to

broadcast a 1-bit constant value to all the PE’s.

3.4 Variations in C*RAM designs

In this section, the C*RAM design variations are discussed. The first version of C¥RAM [101]
was designed with 64 PE’s with 8Kbit of memory. Cojocaru et al.[104] then proposed a 64PE
C*RAM (Cs64plk) which was designed and implemented using the 0.8um BiCMOS with each
PE having 1Kbit of local memory. The special features of this versions are: the design of area-
efficient PE and the compactness design criterion for PE circuitry safe-guard against potential
technology hazards. The first two versions of C*RAM were designed based on the baseline PE
introduced in section 3.3. The third version of C*RAM integrated the programmable segment
bus-tie (PSB) to enhance the functionality of baseline PE in the previous C*RAM versions. This
chip still has 64 PE’s but a smaller local memory of 512bits (Cs64p512). Finally, the bit-parallel
oriented PE array was introduced. This chip has 512 PE’s and 480 bits of local memory
(C512mp512). In addition to programmable segment bus-tie, the new PE has programmable word
boundaries and a hard-wired ripple-carry chain, resulting in flexible word length bit-parallel oper-

ation. In order to facilitate comparison, the notation X1, X2, X3, and X4 are used for the four

C*RAM versions, respectively.

Technology: X1 was laidout using 1.2um CMOS, the subsequent ones however, were designed on
the 0.8um BiCMOS technology. The shrink in circuit size surely increases the circuit speed by as

much as 30%.

DRAM vs. SRAM: Due to the difference in the basic memory cell, DRAM offers more storage

capacity than SRAM, but is four to six time slower. Because DRAM prices are four to six times
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lower than the same size SRAM, the main memory in the workstation and personal computers is
built with DRAM. In view of DRAM higher density and lower cost, DRAM is assumed to be the
choice for building C*RAM. Large capacity SRAM’s could be used for more specialized or high

end machines. We note that all four C*RAM versions used SRAM.

Single-port vs. dual port: This version of C*RAM uses a single-port SRAM which results in 2
smaller memory core compared to its dual-port counterpart. However, dual-port SRAM maps
well with the dual nature of C*RAM: computation and storage. In case of image and video appli-
cations, the two ports can simultaneously be used for frame encoding (on one port) and label

transmission (on the other).

Programmable segment bus-tie: This feature enables the bus-tie to be segmented to sections in
stead of over the entire 64 computing units thus saving a few cycles. The same function could be

performed without this hardware by having masks in the memory.

Bit-serial vs. bit-parallel: Bit-parallel approach uses the word-parallel load in the conventional
memory system. This structure loads the word directly without the need of a data transposer as

required in the bit-serial structure.

Single-bit PE vs Multiple-bit PE: The latest version of C*RAM reflects the new functionality of
the extended PE compared to the baseline PE. From a implementation point of view, the baseline
PE conforms to an already fairly classical view of the massively parallel single-bit processor
SIMD machine. This type of machine exhibits a weakness in floating point intensive applications,
because of the bit-serial nature of multi-bit arithmetic. Floating point multiplies are especially
time consuming in bit-serial machines, For example, in the case of integer multiply, multiple
redundant memory cycles are needed to retrieve the multiplicand and to store the partial product

after every partial addition. Thete is, therefore, a need to go beyond the single-bit PE.
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Programmable word boundaries: With the new feature of programmable word boundaries, flexi-
ble word length bit-parallel operation can be performed. This is an interesting feature for a pilot

project so that the needs for implementing an application could be easily fine tuned.

Hard-wired ripple-carry chain: In X1, X2, and X3, the full-add operation requires 2N cycles for
adding N-bit numbers. In fact, if both numbers are in the memory, one extra cycle is needed to
load one of the registers with the bit value (of one operand) in the memory. This results in a total
of 2 + 3N cycles (please see Appendix A for details). The hard-wired ripple-carry chain in X4 has
reduced the total full-add operation to N + 1 cycles. This is equivalent to approximately 66%

reduction in arithmetic computing time.

3.5 Conclusion

In this chapter, an overview of C*RAM was discussed, including C*RAM general architecture,

baseline PE (used in the first two versions of C¥*RAM), and other C*RAM design variations.
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CHAPTER 4 C*RAM
Implementation of
VQ for Image
Compression

4.1 Introduction

We recall from section 2.2 that, in VQ, there are two processes: quantization and decoding. In the
quantization process, an input vector is compared with a set of codewords (sometimes referred to
as templates). The label (index) of the best match codeword, assigned to this input vector, is sent
to the receiver. At the receiver, the image is reconstructed by simple table lookup techniques

where the label is used as an adress to a table containing the codeword.

The abovementioned quantization process can be performed using pattern-matching technique or
distortion computation technique. The pattern-matching technique involves the matching process
between the input vector with a set of codewords using a preset threshold. If a codeword falls
within this threshold, a match is found and the label of the corresponding codeword is sent to the
receiver. Otherwise, the threshold is increased and the matching process repeats. In cases of mul-
tiple matches, any codeword can be chosen as the best match. It can be seen that if the threshold

step size is too large, a large number of codewords match a given input vector resulting in the deg-
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radation in image quality. If the threshold step size is too small, it would take more iterations to
find the best match codeword. On the other hand, the distortion computation technique always
results in a constant execution time. In this technique, the distortion between the input vector and
a codewor4 is, however, calculated. The codeword which results in a minimum distortion is cho-

sen as the best match. The label of the best match codeword 1s then sent to the receiver.

In this section, a distortion computation technique, called VQ-MAE, is implemented on the SIMD
architecture of the C*RAM. Recall from chapter 3 that C*RAM is a SIMD-memory hybrid
where a processing element (PE) is attached to each memory columns of the conventionai RAM.
Typically, a C*RAM with. 64 memory columns and 64 PE’s would have the power of 64 comput-

ing units. These computing units execute in parallel under the supervision of the same controller.

The distortion, in VQ, is usually determined by employing the MSE measure. However, this mea-
sure cannot be readily implemented in the C*RAM architecture and hence, is replaced by the
mean absolute error (MAE) measure. The MAE measure results in little degradation in perfor-
mance compared to the conventional MSE measure. Unless otherwise stated, the absolute value
of the pixel difference between the pixel of the input vector and the corresponding pixel of a code-

word is referred to as pixel difference (PD) throughout the thesis. The VQ-MAE technique is
sumimarized as follow:
Image is first subdivided into blocks of p x p pixels to form L-dimension vectors. From the
training set formed by the input vectors of the standard images, the codebook is gener-
ated using the LGB algorithm. The codewords are pre-loaded into the C*RAM's. For each
input vector, the PD of each pixel is calculated. This results in L PD's for each codeword.

The sum of the PD's is search for the minimum and the labe! of the corresponding code-
word is sent to the receiver.

4.2 Codeword arrangement in C*RAM

For simplicity purpose, a 1-D codeword and a 1-D input vector are considered. In a computing
unit, some memory locations (SM) are reserved for PE address, masks, counter, etc. A 1-D code-

word (CW) takes 8 localtions (assuming 20=756 is the number of gray levels required). Since, the
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1-D input vector is, bit by bit, broadcasted and subtracted from the 1-D codeword, it does not use
up any location. The 2’complement operation is then applied on the negative results of the sub-
traction and the PD is then stored in the next 8 memory locations. Finally, the sum of the distor-

tion (CD) is stored in the 8 subsequent memory Jocations. The arrangement of all components are

shown in Figure 4.1

SM

SM: scratch memory cw

CW: code word PD
PD: pixel distortion

CD

CD: codeword distortion

PE

FIGURE 4.1 Arrangement in a computing unit
For 16-D codeword and 16-D input vector, the CW section (Figure 4.2) is extended to 16 x 8
memory locations of the same computing unit and so as the PD section. The CD is now 12-bit

long. For 256 16-D codewords and 16-D input vectors, 256 computing units are needed. The

overall arrangement is shown in Figure 4.2.

1 2 ... 64 128 256

SM|SM | | SM
cw,lcw,t tewy,
PD,|PD, | |PDgs
CDy|CD, | | CDyy

PE| PE PE
[ | I
C*RAM1 C*RAM2 C*RAM4
C*RAM module
SM: scratch memory CW;: code word i
PD;: pixel distortion i CD;: codeword distortiot i

FIGURE 4.2 Codewords arrangement in C*RAM using VQ-MAE
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4.3 Implementation

The quantization process of VQ-MAE can be executed in two stages: PD computation and MAE

search as shown in the flowchart of Figure 4.3,

Input vector

¥

Pixel Distortion Computation

Y

Mean Absolute Error Search

In the PD computation stage, the PD’s of every codeword and the input vector are calculated in

FIGURE 4.3 Flow chart for VQ-MAE

parallel. With a codebook of N codewords each of size L, the pixel distortion PDJ. (x5, for a

given input vector x = (X, %,,...,%;) ,and a codeword V= OipYom ¥y is given by:

PDJ. (x,yj) = |xj—y’.j| Jj=1oN j=1ltoL (4.1)

The PD computing stage is implemented on the C*RAM as follow: In order to implement the
absolute operation, 1’s are appended next to the MSB of each codeword pixel, and 0’s are
appended next to the MSB each input vector pixel (Figure 4.4). The pixels of the input vector are
then subtracted from those of the padded codeword and the appended bit is changed accordingly.
If the appended bit of the result PDJ. (x, ¥ is a 0, then result PDJ. (x,; is negative, and is
therefore 2’s complemented. The corrected PD’s (without the appended bit) are then added. The

sum is called codeword distortion (CD) and is given by:
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L
cp, = ), PD (x,y)  i=ltoN 42)
Jj=1
where CD); is the 12-bit sum of all 16 pixel distortions of a particular codeword i. An alternative

implementation is to use 1’s complement (method B) instead of 2’s complement (method A) in

the PD computation.
MSB [gp Ppadded codeword
[ 1 [ o1010101] 1 [ 10101001 | ... | 1] oootie01)
pixel 0 pixel I pixel 15
MSB LSB input vector
[0 10101001 | 0 | 01100100} ... { o | 10101001 |
pixel 0 pixel 1 pixel 15
MSB Lsp intermediate pixel distortion
o] 10101100 | 1 [ or000101] ... | o | 01110000 |
pixel pixel 1 pixel 15

MSB LSB corrected pixel distortion

X1 o1010100 | X[ o1000101] ... | X 10010000 |
pixcl 0 pixel | pixel 15

FIGURE 4.4 Pixel Distortion Computation

4.4 Simulation Results

Implementation of VQ-MAE has been executed at the functional level of the C*RAM simulator.
Simulations have been carried out using Lena image of size 512 x 512 pixels with the 4 universal
codebooks of size 512, 256, 128, and 64 generated from 10 standard images using LBG algo-
rithm. The results of simulations which used 1’s complement in the PD computation stage are
shown in brackets. The image quality in PSNR and the execution time (in cycles) are tabulated as

follows:
TABLE 4.1 PSNR comparison (dB) of VQ-MAE

Codebook size FSYQ VQ-MAE
512 29.70 29.46 (29.44)
256 29.05 28.83 (28.81)
128 28.23 27.98 (27.96)
64 2745 27.21 (27.20)
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TABLE 4.2 Execution Time comparison(n jcycles) of VQ-MAE

Codebook PD Quantization | Indexing Total
size Computation {Q) (1)) {cycles)
512 656 (432)x K 629x K 9xK 1294 (1070} x K
256 656 (432)x K 629x K 8xK 1293 (1069 x K
128 656 (432)x K 629x K 7xK 1292 (1068) x K
64 656 (432) x K 629x K 6xK 1291 (1067)x K

where K is number of input vectors in an image.

Table 4.1 shows that the image qualities of VQ-MAE are very close to those obtained by the full
search VQ. The loss of less than 0.2dB can be attributed to the fact that MAE measure is used for
quantization instead of MSE. The reconstructed images of FSVQ using codebooks of sizes 512,
256, 128, and 64 are shown in Figures 4.7, 4.9, 4.11, 4.13, respectively. The reconstructed images
of method B using codebooks of sizes 512, 256, 128, and 64 are shown in Figures 4.8, 4.10, 4.12,
and 4.14, respectively.

In Table 4.2, the complete encoding cycles in terms of PD computation, quantization, and index-
ing for each simulations are shown. PD computation column shows the number of cycles required
to broadcast the input vector to C*RAM and to calculate the PD’s between the input vector and all
codewords. Quantization column indicates the number of cycles required to find the best match
codeword. And indexing column shows the number of cycles required to send the index of the
best match codeword off-chip. We note that the indexing time is small and proportional to the
number of bits used for labels of the codebook, hence it can be neglected. The numerical values in

the total column shows the average number of cycles required to encode each input vector.

In order to calculate the execution time of an image, the numerical value in the total column is
multiplied by the cycle time to obtain the average executing time for each input vector, This aver-
age is then multiplied by the number of input vectors in the image to obtain the image coding

time. For example, for an image of size 512 x 512 with a codebook of size 512, it takes
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(512*512)/(16) * (1070) * 35 ns = 614ms to encode if method B is used. For smaller size images,
such as 288 x 360, it only takes (288*360)/(16) * (1070) * 35 ns =243ms to encode.

Also shown in Tabies 4.1 and 4.2, method B outperforms method A by more than 200 C*RAM

cycles without significantly degrading the image quality.

4.5 Summary

In this chapter, C*RAM implementation of VQ-based algorithms using MAE measure has been
presented. VQ-MAE shows a good coding performance at less than 1100 cycles per input vector
which corresponds to a speedup of 20%. VQ-MAE using 1’s complement demonstrates a strong
coding performance over it’s 2’s complement implementation with little image degradation. It is,
therefore, used in subsequent implementations. Moreover, real-time image compression is feasi-

ble if a number of C*RAM modules are used.
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FIGURE 4.8 VQ-MAE using universal CB, 1’s com
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FIGURE 4.12 VQ-MAE using universal CB,
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FIGURE 4.14 VO-MAE using universal CB, 1’s comp. (N=64; PSNR=27.20dB; BR=0.375hpp)
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CHAPTER 5 C*RAM
Implementation of
Scalable VQ for
Image Compression

5.1 Introduction

In general, each image and video compression application has specific functional requirements
and quality contraints. For example, an image browsing application generatly requires the capa-
bility of displaying images of different sizes and qualities. Similarly, simultaneous transmission of
NTSC and HDTV also requires the capability of displaying video signals in multiple spatial reso-
lutions. Although the two applications require similar features, their quality requirements can be
different. The transmission application requires high subjective quality at all spatial resolutions,
while the browsing application may require 2 high quality only at the full spatial resolution. In
addition, some of the features of an application may be optional and may depend on the availabil-
ity of resources such as, CPU processing power, transmission bandwidth and display resolution.
These resources normally vary from one system to another, and in some cages may impose con-

straints even on the basic features required by the applications. Therefore, the encoding and
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decoding algorithms should be flexible enough to provide a satisfactory performance, by effi-
ciently using the available resources. This extra flexibility is referred to as scalability. In other
words, scalability is a property of the image/video data representation that allows applications to

provide certain features [103]. The types of scalabilities are now briefly reviewed.

Temporal scalability refers to a hierarchial representation of video such that each level of the hier-
archy has a different frame rate. Temporal scalability is only applicable to video and thus is not

discussed in detail in this thesis.

SNR (quality) scalability is a generic feature referring to the representation of images in different
qualities, or Signal-to-Noise ratio (SNR), at a fixed size. SNR scalability makes possible an
approximate reconstruction of the image using only a small portion of the compressed bit stream
for quick image recognition. In addition, SNR scalability is also useful in transmitting images
over low bandwidth channels, such as ISDN. SNR scalability, also referred to as progressive

image transmission (PIT), can be achieved in two different ways [86]:

« Spectral selection: The low frequency (of the transformed) coefficients are processed first, then

come the additional higher frequency coefficients.

» Successive approximation: The MSBs are processed first, then the less significant ones.

Spatial scalability, however, refers to the feature of image representation in different sizes or spa-
tial resolutions. This features provides the capability of reconstructing images in lower spatial res-
olution using a small portion of the compressed bit stream. Like SNR scalability, spatial
scalability is also very useful in image browsing applications. Altenatively, spatial scalability can
be used to simultaneously display an image at different spatial resolutions as in videophone appli-
cations. In this chapter, a review of SVQ is first presented. Then, the Modified Scalable VQ
(MSVQ) technique is proposed. This follows with a Binary tree to Parallel structure mapping

algorithm. Finally, the C*RAM implementation of the Modified SVQ is dewailed.
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5.2 Review of Scalable Vector Quantization [112]

VQ has been known to provide a good coding performance at low bit rates. Residual VQ
[107,108] and MSVQ [47] achieve SNR scalability by iterative vector quantization of the residual
error images. M/RVQ requires multiple codebooks, one for each residual error image. Since there
is little correlation between the residual error images, there is no correlation between their labels.
In other words, the label bitstream is not scalable. Uniike M/RVQ and MSVQ, tree-structured VQ
(TSVQ) provides scalable labels for achieving SNR scalability. TSVQ also uses multiple code-
books of different sizes which are organized in a binary tree structure. TSVQ may result in a sub-
optimal compression performance for the full quality image. This is due to the generation of code-
books in a tree-structured fashion, where each child codeword (at level i+1) is trained using only
those image vectors which were represented by its parent codeword (at level i). We note that nei-

ther M/RVQ nor TSVQ can be used for providing spatial scalability.

A VQ-based technique for achieving spatial scalability should not only ensure partial decodability
of VQ labels for reconstructing the images at smaller sizes, but should also provide a good quality
image at the full spatial resolution (512 x 512 pixels). The technique should be able to provide
good to excellent image quality for low resolution images of sizes 256 x 256, 128 x 128. Scalable
Vector Quantization (SVQ) proposed by Panchanathan et af.[106] requires separate codebooks,
one for each spatial resolution. For example, in Figure 5.1, the image is first reconstructed at a
resolution of 128 x 128 pixels (I3) by decoding only the first 6 MSBs of the VQ labels which
serve as an index for a table lookup operation in a small size codebook, Us. The spatial resolution
of image I can be further enhanced by using the next MSB of the labels for a table lookup opera-
tion in codebook U, to reconstruct the image at a size of 256 x 256 pixels (I). The full size image
(I;) of resolution 512 x 512 pixels is obtained by using all the 8 bits of each label as an address to
codebook U,. Note that codewords in codebooks Us, U,, and U are codewords of dimensions 1,

4, and 16, respectively.
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FIGURE 5.1 Scalable Vector Quantization technique

In SVQ, there are 2 types of codebooks: full resolution codebook (FCB - U,) and reduced resolu-
tion codebook (RCB- Uy, i =2, 3, etc). To start with, a universal codebook U, of size Ny (N, is
usually a power of 2) is generated from a large number of test images {T;}, having a resolution of
M, x M, pixels, using the LBG algorithm with binary splitting technique. We note that Ny =256
and M; =512 in Figure 5.1. The universal codebook generation ensures a reconstructed image of
good quality at the highest resolution. In order to generate U, the test images are partitioned into

non-overlapping blocks of size By x By pixels which are then reorganized as vectors of dimension
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Blz. The LBG algorithm with binary splitting technique is then applied to generate the codebook

of size 256.

We note that the binary splitting technique for codebook generation results in reasonably similar
neighbor codewords (i.e codewords with adjacent labels). In other words, these vectors are likely
to be represented by the same parent codeword in the previous stage codebook. Once the code-
book U is generated , each image vector in I; is vector-quantized by searching the codebook to
locate the best-match codeword and the corresponding label is transmitted. Although the entire
label bit stream is now available at the decoder, it is not possible to reconstruct the image of
smaller sizes until the corresponding RCBs (corresponding to the codebooks of the reduced spa-
tial resolutions) are generated. We note that good quality RCBs can be obtained for the reduced
resolution images, if the codebook Uy is generated using the binary splitting technique. The RCBs
are generated by merging the codewords for full size image through a simple process as described

below:

The codebook Us is generated by first downsampling the test images {T;} by a factor of 2 in each
direction to obtain the lower resolution images {T,}. A similar procedure can be used to generate
U, or Uy, etc. In [106] wavelet filters was chosen to downsample the images. The downsampled
irrages are partioned into blocks of size B, x B,, each of which is reorganized as a B22 vector
such that:

» B, <By;

» B, and B are power of 2; and

* {T,} and {T;} contains the same number ot blocks.

Note that the reduced size image I, has to be reconstructed using the MSB’s of each label in the

bitstream, therefore it is required that {T,} images consists of the same number of blocks as {T} }.
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Let the size of codebook U, be denoted by N; such that Ny < N; and N, is a power of 2. The
codebook U, with the codewords of size B22 is generated by merging the codewords in U,

through the merging process as described below:

» First, all the B, - dimensional blocks represented by codewords A and B in the original images

{T;} are marked.

« Second, all the corresponding B,%- dimensional blocks in the downsampled images {T,} are

marked.

« The codeword P is computed by calculating the mean of all vectors marked in the downsampled

test images.

The merging process is illustrated in Figure 5.2 below:

512 x 512 pixels image
256 x 256 pixels image A A
- |
step 2 c
. B
D T
LN W U
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p \ \ B Jj
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~D
step 3
Codebook U, for Codebook U for
256 x 256 pixels image 512 x 512 pixels image

FIGURE 5.2 Codebook Generation of Reduced Size Images Using SVQ
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The advantage of this technique is that the iterative LBG algorithm is not required to generate the
codewords of the reduced size codebook. However, the image downsampling and vector marking

processes require a great deal of computational effort and memory for storage.

5.3 The Medified SVQ

In this section, we propose a modification to SVQ technique in [106] which greatly simplifies
codebook generation procedure for reduced size images and hence significantly improving the

coding efficiency.

The codebook generation procedure for the Jower resolution images can be summarized as fol-
lows. Contrary to the splitting algorithm, the codebooks U, and U; are generated by merging the
codewords in U;. The codewords in U, js generated by mean-averaging every 2 consecutive
codewords of U, and more importantly, reducing the codeword dimension by a factor of 4. Simi-
larly, codewords in Uj can be generated by mean-averaging every 4 consecutive codewords in U,
and also reducing the codeword dimension by a factor of 16. Compared to SVQ, this RCB gener-
ation technique possesses the following advantages: reduced effort for downsample the images

{T,} and elimination of vector marking process.

|+ iwpie

1
i > 5
128 1-D codewords of Us for I3
255 4-D codewords of U, for I
256

16-D codewords of U, for I;

FIGURE 5.3 Codebook Generation of Reduced Size Images Using Modified SVQ
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Since the codewords in U; are formed by mean-averaging 2 consecutive codewords in U; y, this
relationship can be considered as binary merging process as shown in Figure 5.3. Hence, the label
of any codeword in RCBs can be directly derived from the label of codewords in FCB. In the fol-
lowing section, a binary-tree to parallel structure mapping algorithm is introduced. This algorithm

enables the Modified SVQ to be easily implemented on the C¥RAM as described in section 3.5.

5.4 Binary-Tree to Parallel Structure Mapping Algorithm

The binary-tree to parallel mapping algorithm is described as follows: Let Ag, Bg., Cp.3. and Dy.
7 be the codewords of the RCB’s of size 1, 2, 4, and &, respectively. Let Eg_;5 be the codewords of
the FCB. We note that the dimensions of the codewords are of little importance since they do not
affect the column address by which the codewords are identified. The binary merging process rep-

resenting the relationship of these codewords is illustrated in Figure 5.3.

It can be seen that the codewords Ey_; 5 are stored in the first level, horizontally across 16 columns
of a parallel structure. On the other hand, 8 codewords Dy._7, 4 codewords Cg_3, 2 codewords By,

and 1 codeword A are stored in the second level as shown in Figure 5.3.

E0 E1 E2 E3 E4 E5 E6 E7 EB E9E10 E11 E12E13 E14 E15  16-word codebook

NI v N4 v o

D2 D D7 8-word codebook

VNS N

C¢3 4-word codebook

Co '/01 02\ /
2-word codebook

1-word codebook

po|Co| D1|B0O| D2| C1| D3| A0|D4|c2| D5 | B1] D6 | C3| D7
Eo| E1 1 E2| E3| E4 | E5| E6| E7| EB| E®| E10|E11|E12)E13| E14| E15

FIGURE 5.4 Binary Tree to Parallel Mapping for Codeword Arrangement
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This arrangement can be derived using the following polynomial:

N-1
A (5.1)
i=0
By rearranging it, we obtain:
N-1
AR WS 5.2)
i=0
and expanding the right side:
P L Ny L A A (5.3)

With the assumption that all codewords are of equal dimension, it can be seen from equation (5.3)
that the number of locations required to store a codebook of size 2N is equal to the total number of

locations required to store codebooks of size 2N'1, 2N'2,...,4, 2, 1, with an empty location.

pjc|D(B|D|¢c|D|A|D|C|D|B|DjC|P
E|\E|E|E|E|E|E|E|{E|E|E|E|E|E| E|E
Lol 1]l EB@1@B@ lo]fi]lo] 1 vse
0 |o] 1 0 1111 0 1 a 11
oo of0f1 1 13110 0 Ool ¥ 1 1 1
¢ g 000 O0OOJO1T 1 1 1 1 1T 11
X X X X X X X X X X X X X X X X
X X X X X X X X X X X X X X X X

label of E: keep all bits

label of D: drop 1 LSB at Tx and append “0” at Rx

label of C: drop 2 LSB’s at Tx and append “01” at Rx

labet of B: drop 3 L.SB's at Tx and append “011” at Rx

label of A: drop 4 LSB’s at Tx and append “0111” at Rx

FIGURE 5.5 Index Assignment for Different Reduced-Size Codebooks

The locations of the columns can be addressed as shown in Figure 5.5. It can be seen that there is

a unique bit-pattern to each type of codewords. For instance, the LSB of codeword D’s are always
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“0”, the 2 LSBs of codeword C’s are always “01”, the 3 LSBs of codeword B’s are always 011",
and the 4 LSB of codeword A’s are always “0111”. Not only does this arrangement help identify
the type of codewords, but it also helps reduce the bit rate. For low resolution image transmission,
the bit-patterns can be dropped at the transmitter and be re-appended at the receiver. For full reso-

lution image transmission, all label bits are used.

5.5 C*RAM Implementation of Modified SVQ

In this section, we introduce the details of the implementation of Modified SVQ. A universal
codebook is generated from 10 standard images using the LBG algorithm with binary splitting
technique. The Modified SVQ technique starts with the decomposition of the input image into a

set of input vectors. The two basic steps are quantization and decoding (Figure 5.6).

C*RAM
(FCB)
Full res. Input vectors Labels
Image -  QUANTIZATION |—————— Channel
Labels Full / Lower
Channel - DECODING resolution
Image
e Reconstruction
C*RAM
(FCB, RCB’s)

FIGURE 5.6 Scalabie Image Quantization and Decoding Scheme

In the quantization process, for each input vector, the FCB is searched to obtain the closest code-
word. Compression is achieved by transmitting the label of the codeword. Reconstruction of
images can be implemented by simple table lookup techniques where the label is used as an

address to a table containing the codewords, The full size image can be reconstructed by using all
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the label bits with a table lookup operation in FCB. Similarly, the low resolution images are
reconstructed by using some of the label bits (from the same VQ operation) with a table lookup

operation in RCB.

C*RAM implementation of Modified SVQ has been performed at the functional level. Image is
subdivided into blocks of 4 x 4 pixels to form 16-D vectors. The FCB is pre-loaded into the
C*RAM where all 16 pixels of each codeword are arranged in one computing unit. Similarly, the
RCBs are pre-loaded in the second level of the respective computing units as described in section
5.4. A FCB of 256 codewords will, therefore, occupy 256 units which corresponds to a module of

4 C*RAM chips. The RCBs which are of size 128 and 64 will occupy 192 computing units.

The input vectors are broadcast to all the 256 computing units. The encoding process is then exe-

cuted in parallel over all the codewords of FCB.

1 2 ... & 128 256
SM | SM SM
cw | cw cw

CW,|CW, | |CW,,
FD, | PD, PDgy
CD, CD, CDg,

PE| PE PE

C*RAMI1 C*RAM2 C*RAM4

C*RAM module

SM: scratch memery  ew: code words of RCB's  CW;: code word i of FCB
PD;: pixel distortion i CD;: codeword distortion i

FIGURE 5.7 Codeword Arrangement in C*RAM for Modified SVQ

Similar to the VQ-MAE implementation, the first two stages of the Modified SVQ process are:

PD computation and CD computation. We recall from section 4.2 that the CD computation stage,
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the label of the codeword which has smallest codeword distortion will be chosen as the best
match. This label can be fully or partially sent to the receiver depending on the resolution require-
ment. If the full size image is required, all the label bits are sent. If the low resolution image is
required, some of the MSB’s of the labels are sent. At the receiver, appropriate bit-pattern is con-

catenated (please refer to section 5.4) to this label to select the appropriate codewords in the

appropriate RCB.

5.6 Simulation Results

Simulations have been carried out using standard images Lena and Baboon, Figures 4.5 and 4.6,

respectively, (which are in the training set), each of size 512 x 512 pixels with a universal code-

book of size 256 codewords.

In Table 5.1, the loss in PSNR for a 512 x 512 pixels image between Modified SVQ and SVQ is

partially due to the fact that the MAE selection criteria chosen for Modified SVQ is used instead
of MSE in SVQ.

TABLE 5.1 PSNR comparison (dB) with FCB of 256

l Mod.SYQ SVQ Mod.SV(Q SVQ

Image size Lena Lena Baboon Baboon
128 x 128 23.56 24.35 19.79 19.41
256 x 256 27.10 27.87 21.27 21.51
512x512 28.83 29.05 22.87 23.10

We note that the subjective quality evaluation is imperceptible. The reconstructed Lena images of
sizes 128 x 128, 256 x 256, and 512 x 512 pixels using Modified SVQ are shown in Figure 5.8,
5.9, and 5.10, respectively. The reconstructed Baboon images of sizes 128 x 128, 256 x 256, and
512 x 512 pixels using Modified SVQ are shown in Figure 5.11, 5.12, and 5.13, respectively.

Unlike JPEG hierarchical encoding where considerably large storage capacity is required for low

resolution image retrieval, the Modified SVQ only requires another set of RCB codebooks, whose
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total size is always one or more codewords less than that of the FCB. Since these codewords can
be directly derived from the FCB, computational complexity can be considered negligible. The
low resolution images as well as the full resolution image can be reconstructed from the same bit
stream with no additional execution time. In addition, the Modified SVQ does not require image
downsampling and vector marking processes which significantly simplifies the RCB generation

compared to SVQ. This simplification makes possible real-time scalable video coding using VQ.

5.7 Summary

In this chapter, we have detailed the Modified SVQ technique which has been implemented on the
C*RAM structure. The proposed technique significantly reduces the complexity of RCB genera-
tion with minimal degradation in image quality and makes possible real time implementation of

scalable using VQ.
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FIGURE 5.10 Lena image of s
BR=0.500bpp)
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BR=0.500bpp)
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CHAPTER § C*RAM
Implementation of
Adaptive VQ for
Video Compression

6.1 Introduction

Video sequences are highly non-stationary and generally exhibit variations from frame to frame;
hence using a fixed codebook to encode the difference frame cannot guarantee a good coding per-
formance. Recall from section 2.2 that two approaches are usually used to improve the coding
performance of VQ. The first is to use a large fixed codebook, while the other is to use a smaller
codebook but replenish the codebook so that it matches the local statistics of the frame to be
encoded. However, both approaches result in further increases in computational complexity and
bit rate. In this chapter, an adaptive codebook replenishment VQ using index-based ME
(AVQ+ME)[80] algorithm is proposed. This algorithm exploits the spatial as well as temporal
redundancies in order to reduce the bit rate (Figure 6.1). In addition, the proposed AVQ+ME tech-

nique has been implemented on the parallel structure of C*RAM.
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Image Sequence Coding Scheme
using C*RAM

/ \

Phase I (intraframe coding) Phase I1 (interframe coding) }

Spatial Redundancy Reduction Temporal Redundancy Reduction

FIGURE 6.1 Image Sequence Coding Scheme

In the following section, the AVQ+ME algorithm is introduced. The C*RAM implementation of
AVQ+ME algorithm is presented in section 6.3. The analysis of coding performance and execu-

tion time is given in section 6.4. Finally, the summary is presented in section 6.5.

6.2 The AVQ+ME Algorithm

In this section, the index-based motion estimation (ME) concept is first introduced followed by
the adaptive VQ technique. We recall from section 2.3.6, that the label replenishment (LR) tech-
nique does not fully exploit the temporal redundancy in the labels of successive frames in the
sequence. We propose a novel technique which achieves further compression by using ME on the
labels. In this technique, a search area (SA) is designated to each label. Typically, the size of SA is
3x3 or 4x4 labels. The displacements in the 3x3 and 4x4 SA’s can be represented using 3- and 4-
bit motion vectors, respectively. A 4x4 SA has been chosen in this implementation. We note that,
the label of the current frame M is compared not only to the corresponding labels in the previous

frame MJ™!, but also to the 4x4 SA of M¥! (Figure 6.2).

We recall from chapter 4 that the distortion between a pixel of the input vector and the corre-
sponding pixel of the best match codeword is called pixel difference (PD). First, if the PD’s of the
best match codeword are less than or equal to a threshold A, then there are three scenarios
depending on the relative position of the label:

- block exact-match: the label of the input vector matches exactly with the label at the same

location in the label map ML, for instance in Figure 6.2, 5MJ matches SMI*!. (The exact match
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concept can be loosely defined as match within a small tolerance if the codewords are ordered
and closely spaced).

- block neighbor match: the label of the input vector matches exactly with one of the neighbor-
ing labels in the SA in M1, The resulting label will have a non-zero motion vector. For exam-
ple, 5M matches any of {MI1} in SA except SMIL

+ block mismatch: the label of the input vector does not match any labels in the SA in ML In
other words, a new label is required. For example, 5M does not match any of the labe! within

the SA in MIL.

In cases where any PD of the best match codeword is greater than a threshold A, the block mean
is updated:
+ block mean updating: Here, the label of the best match codeword is stored in the label mem-

ory, and the input vector will be used to update the temporary mean of the codeword.

OMj- ! 1 MJ-] 2 MJ-I_ ! 3MJ-_I« n-m--_-;_j_;'__‘;::“_‘?.‘:.:':-‘:l--«3

T

aM! | shait | M| MLt e

gvi! [ onie! [ Tome] g v previous frame: Mi™!

. . ; i w ?currentfame: M
12vi] 1ami-{am Y esmi F

FIGURE 6.2 Motion estimation in a 4x4 label search area.
After the individual blocks have been compared, the 4 x 4 macro blocks of the label memory are
then searched for identical motion vectors:
. macro-block mateh: If all blocks in the same macro block have the same motion vector (either
all exact-match blocks or all neighbor match blocks), a macro block match is found, and the

motion vector of any block can be used as the motion vector of the macro block.
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Before introducing the AVQ+ME algorithm, it is worth illustrating the 2-D model of the subre-
gions of the Voronoi disjoint partitions and the related concepts. Figure 6.3 shows a Voronoi par-
titions for generating a codebook of size 3. Let A be the small and constant pixel threshold. The
pixel threshold A defines a hypersphere of radius A around each cluster center w‘:. ~! This hyper-
sphere is referred to as R:.j . The region outside of R;.j , 1s referred to as OI: The indices ) and j-1

denotes the current frame and previous frame, respectively.

The codebook updating procedure is described as follows: If the input vectors belong to the subre-
gion R:.j , they can be fully represented by the existing codeword Wf. ! In cases where the input
vectors belong to the subregion O’l:, they can be reconstructed by using the temporary mean value
of the input vectors z’;, where Zl: = F{ v/ . Ve O{.} , prior to codebook replenishment. The code-

words are Jater updated by the weighted sum of the mean value zi and the existing codeword

w
I

We now ;:-sent AVQ+ME algorithm: The first frame is used to generate the initial codebook
which is then transmitted to the receiver. For subsequent frames, in particular the jth frame, the

following steps are executed:

Quantization: Each input vector is quantized using the MAE criterion (due to its pixel nature),

The minimum distortion of the best match codeword is given by the following equation:
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L
D, = ), PD (xy)  i= 1N 6.1)
p=1
where i and p represents the codeword and pixel position, respectively. The resulting label i is

then compared to the SA in M1 using index-based ME.

Updating Temporary Mean Values: The input vector of the current frame, v which is in the subre-

N ‘ : i1
gion O, is used to update the temporary mean 2, of the representative vectors WL :

Z=E(/,Ve0) 62)
Frame Reconstruction: In cases where there is a macro-block match, block exact match, block
neighbor match, or block mismatch, the codebook of the previous frame #w "' can be used for

reconstruction. In cases where the blocks require updated means, the temporary mean Z are used

for reconstruction.
Codehook Replenishment: The codeword {W;c“ I } is replaced by {wf;c}:

W, = (1—ak)wi-1+akzi k= 1toN (6.3)

wi: (1-ak)-E{v"\ (vjeRi_l)}+ak‘E{¥j| (VeOi)} (6.4)

where, E {Vi ‘ (vj € Ri— 1) is the nearest codeword k in the (j-l)th frame, and
E {vi I (Vi € O’!;) } is the temporary mean z’!;of all input vectors in the subregion Of,c The term a,
is the Q-bit scalar quantized weight factor of z’k For example, if there are 70 input vectors in the
subregion R‘1 and 30 input vectors in the sub-region 0’; (Figure 6.3), then the weight factor of
0.3 is typically a 4-bit scalar quantized value. The resulting weight factor can be sent to the
receiver along with the address for codeword 1, and the codeword updating flag. At the receiver,

this 4-bit quantized value is converted back to the weight factor to update the codeword.

We note that in order to further reduce the bit rate, each initial codeword or temporary mean is

Hadamard transformed prior to transmission. Therefore, only a fixed number of zig-zag scanned
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non-zero coefficients are retained and transmitted to the receiver. The implementation of Had-
amard transformation on the image is described in Appendix A. The bit rate of AVQ+ME is due to
the following two factors. The first factor BR is similar to the bit rate of MS-VQ technique. the
second factor BR; is a result of:

« The additional motion vectors and flags for macro block and neighber block matches:

+ The temporary mean, its flag, its label, and its quantized weight factor.

BR, O+ ME = BR, +BR, (6.5)
BR] = BRcodebook + BRmismarc:h + BRexact —match ™t BRupdared— block (6.6)
NB, I(log,N+F) EF C(log2N+ F)

BRy = o+ :?V + N6+ % 6.7)
o f f f

BRZ = BRmacroblock ~match ™t BRneighbour ~match ™t BRtempo - mear (6.8)

BM, +F) MM +F) R(log N+F +B +Q)

BR?_ - . b = b + m m’ | 2 r c 69)

b* Ny Ny Ny

where N = the number of codewords;
B, = the average number of bits per codeword;
Np = the number of pixels in the input source;

I, F; = the number of mismatch blocks that required new labels, and the number of bits for its
flag, respectively:

E, F,, = the number of exact match blocks and the number of bits for its flag, respectively;

C, F, = the number of blocks that requires updated codewords, and the number of bits for its
flag, respectively;

Ny = the number of pixels per frame;

R, F,, Q = the number of temporary means transmitted, the number of bits for its flag, and the
number of bit to quantized the weight factor, respectively. Note that R<C. In cases where
the codeword is replaced by the incoming input vector, R=C. C can then be eliminated.

B, F,, My, = the number of macro blocks detected (with zero or non-zero motion vector), the
number of bits for its flag, and the number of bits for its motion vector, respectively;

Ny, = the size of the search area (4x4);



M, F,,, M= the number of blocks detected with non-zero motion vector, the number of bits for
its flag, and the number of bits for its motion vector, respectively;

It can be seen that: I[+E+C+16B+M = (X*Y) /L =N¢/ L.
We note that, the number of blocks that require the updated codewords (C) is always less than the
number of temporary means (R). If all the blocks, classified as C, are replaced by the incoming
input vectors, it has three drawbacks: First, the codewords are replaced more often than required.
Secondly, the input vector might not be the true representative of the blocks located in its cluster.
And finally, the codebook structure which is very crucial for index-based motion estimation is not
preserved. Analysis (in appendix C) has shown that the bit rate increases only when R is less than

88% of C.

In the following section, the implementation of AVQ+ME algorithm using the parallel architec-

ture of C*RAM is presented.

6.3 C*RAM Implementation of the AVQ+ME Algorithm

The C*RAM implementation of AVQ+ME algorithm is organized into two stages: AVQ where
the spatial redundancy is exploited, and index-based ME where the temporal redundancy is

exploited. The implementation process is illustrated in Figure 6.4.

Flags

-

Input Vectors ) C*RAM modulel Labe]s. C*RAM module2 Labels -
Adaptive VQ & Index-based ME | Mgtion vectors

Hadamard -

Hadamard coefficients

Transformation

Weigh factors / Flags )

FIGURE 6.4 C*RAM Implementation of AVQ+ME
6.3.1 Adaptive Vector Quantization (AVQ) stage

In the AVQ stage, the codewords are pre-loaded into the C*RAM where all 16 pixels of each

codeword are arranged in one computing unit. A codebook of 256 codewords will therefore
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occupy 256 units which correspond to a module of 4 C*RAM chips. This set of 4 C*RAM chips
is hereafter referred to as C*RAM modulel. The encoding process is thus executed in parallel

over the entire codebook. The input vectors are broadcast to all units of the C*RAM module one

at a time (Figure 6.5).

1 2... 64 128 256
5M| SM SM

CW||CW,| |CWg

PD,| PD,| |PDg
CD, |CDy | |CDgy

PE! PE PE

C*RAM!I C*RAMZ2 C*RAM4

C*RAM module 1
SM: scratch memeory CW;: code word i
PD;: pixel distortion i O;: partial sum of Of vectors,

CD;: codeword distortion i

FIGURE 6.5 Codeword arrangement in C*RAM for AV(QQ stage

Let j, j-1 be the indices for current frame and previous frame, respectively. In each memory col-
umn of a computing unit, the memory cells are reserved for the following:

1. Scratch memory (SM): for PE address, temporary results, counters, masks for different PE
operations, and the pre-computed matrix elements for Hadamard transform;

2. Codeword i(CWi): comprising 16, 8-bit pixels;

3. Partial sum of vectors lying in the subregion O’I

4. Pixel distortion i (PD;): comprising 16, 8-bit distortions between the pixels of CWi and the
corresponding pixels of IV; and

5. Codeword distortion i (CD;): comprising 12-bit sum of all 16 PD’s of a particular codeword i.
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The codewords, input vector, etc. are arranged similar to VQ-MAE (section 4.2), except that there
are partial sums of vector lying in the subregions Oi and the pre-computed matrix elements for
Hadamard transform. The AVQ stage is executed in two steps: frame encoding and codebook

replenishment.

Frame Encoding: The PD’s of every codeword and the input vectors are calculated in paralie].
With a codebook of N codewords each of dimension L, the pixel distortion PD’J for a given input

vector v/ in the jth frame, and a codeword wi. “lis given by:

PD;J (x,yp) = |xp—yl.p| i = ltoN p = ltol (6.10)

After the PD’s have been calculated, all L pixel distortions PD”:p are added to form the codeword
distortion CD{. , and the index of the codeword which has smallest codeword distortion is chosen

as the best match. The distortion of each codeword is given by:

L
col= ), PDL(x,yI.) i = 1toN 6.11)
p=1
Codebook_Replenishment: At the end of each frame, all input vectors in the Oi subregion are
accumulated to form the temporary mean zi Codewords in computing units with no Oi vectors
will remain unchanged, otherwise, they will be replaced by the weighted sum of zJ; and the exist-
ing codeword. In addition, z’! is Hadamard transformed and the first 10 zig-zag scanned Had-

amard coefficients along with the weight factor are sent to the receiver. The updated codebook

will be used for encoding the next frame

6.3.2 Index-based Motion Estimation (ME) stage

In the ME stage, a search for best match label with either zero or non-zero motion vector is exe-
cuted. A 360 x 288 frame will generate 90 x 72 8-bit labels and hence requires 90 x 576 memory
cells. C*RAM module? is thus used as the label memory. In general, the uncompared labels of

frame MI"! are always stored in the label memory. The labels of the current frame M overwrites
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the labels in Mi™! after they have been compared. The implementation of ME using C*RAM is

illustrated in Figure 6.6. A few implementation concepts are used to facilitate the presentation.

« Mask! is used to mask out the label being compared.

« Mask? is used to define the horizontal span of SA being used on the 8-bit label memory, while
the vertival span of SA is indicated by the controller via row addresses.

+ The dirty bit Ki is used to indicate whether there is a block mismatch or a block which requires

an updated mean in the corresponding column of SA. If Ki is 0, then the macro block search can

be skipped.
Maski 0 1 1 I 1 S ! ! !
Mask2 1 1 1 1 0 e 0 0 0
Dirty bit Kl K2 K3 K4 .o Km
MV! MV2 MV3 MVv4 MVm
4-bit MVm+l | MVm+2 | MVmt+3 | MVm+4 MV2m
motion vector MV2m+1| MV2m+2 | MV2m+3 | MV2m+4 MV3m
MV3m+1| MV3m+2| MV3m+3| MV3m+4 MVdm
Label being L1 L1 L'l L' L'l L'l | L'l
compared 0 0 0 0 0 0 ) 0
0 L1 L2 L3 L4 T Lm 0 0
8-bit 0 Lm+l Lm+2 Lm+3 Lm+4 cas L2m ] 0
labet \_ 0 | Lam+1 | L2m#2 | Lome3/] L2med cee | L3m 0 0
0 Lim+l { L3m+2 | L3m+3 | Lim+4 Ldm o 0
Search area \ | [
PE PE PE PE PE PE PE PE |
C*RAM Module2
Mask1: masks out the label which has already been compared. L’i: label being compared (current frame).
Mask?2: indicates the horizontal span of SA. Li: label carresponding to input vector 1Vi (prev. frame)
Ki: dirty bits MVi: motion vector corresponding to tabel Li

FIGURE 6.6 Label arrangement in C*RAM for ME stage
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. The 4-bit motion vector section stores the motion vector of the label being compared in M in
a predetermined order. (Note that, for each label, there exists at least one motion vector in the
SA).

+ The label being compared is broadcast to all columns of C*RAM module2, and only those spec-
ified by Mask? is involved in the search process. This label is saved for the ME of next frame;

and

» The 8-bit label section stores the labels of MI"! The ME stage is performed as follow:

1. Block search procedure: Let m, n, and L’1 be the numbers of labels in the 2 (horizontal and ver-
tical) dimensions of a frame, and the first label of the current frame corresponding to the input
vector [V 1, respectively.

+ Step 1: L1 is first broadcast to all columns of C*RAM module2. Then, only the columns which
has the 1’s in Mask?2 are involved in the search. As shown in Figure 6.6, the SA, for L1,
includes the following {{0, 0, 0, 0} {0, L1, L2, .3} {0, Lm+1, Lm+2, Lm+3} and {0, L2m+1,
L2m+2, L2m+3}}. After the search, the resulting motion vector is stored in MV1. The value of
K1 is preset at 1 and only reset if any of {MV1, MVm+1, MV2m+1, MV3m+1} indicates a
block mismatch or a block which requires an updated mean. The first position in Mask1 is reset.

« Step 2: Mask2 is shifted once to the right defining the new SA. L°2 is then broadcast to all col-
umns except the first one (being masked by Mask1). The new SA, for L'2, inciudes {{0, 0, 0, 0}
{L1,L2, L3, L4} {Lm+1, Lm+2, Lm+3, Lm+4}, and {L2m+1, L2m+2, L2m+3, L2m+4}}. The
resulting motion vector is stored in MV2, and the dirty bit K2 is updated accordingly. The sec-
ond value of Mask] is then reset. This step is repeated until the label L’m has been compared.

« Step 3: For label L’m+1: L’m+1 is broadcast to and stay at the position right below L’1. The
resulting motion vector is stored in MVm+1, and the dirty bit is, however, stored in K1. This

procedure is repeated until L’4m has been compared.

2. Macro-hlock search procedure: Once the L’4m has been compared, the macro-block search

begins by first looking for the 4 consecutive 1’s in Ki. If it is the case, then corresponding motion
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vector is search for unique value. The macro block search is repeated until all 4m motion vectors

are processed. And the block search, the macro block search are repeated until the end of frame.

We note that as the ME stage proceeds, the label memory stored in C*RAM module? is shifting
up and to the left. Currently. 2 C*RAM chips are used for simulation involving 24 frames of Miss
America sequence. We also note that in this ME stage, the need for the storage of 2 label memory

frames has been avoided.

We recall from section 6.2 that output of the ME stage can be classified into one of the following
scenarios: block exact-match (with zero motion vector), block neighbor-match (with non-zero
motion vector), block mismatch (new label required), block mean updating, and macro block
match. In a block exact match, only flag e is sent, whereas in a block neighbor match, flag m and
the corresponding motion vector are transmitted. When a new label is required (as in block mis-
match), flag i and the corresponding label are sent. When a block requires an updated codeword,
flag ¢ and the label of the updated codeword are sent. A macro-block match will results in the
transmission of flag b and the corresponding motion vector to the receiver. At the end of each
frame, flag r, the retained Hadamard coefficients of the temporary mean, its corresponding weight
factor, and its label are transmitted to the receiver to reconstruct the frame and update codebook.
Since, the probability of the flags can be predicted, a Huffman table is used to assign bit patterns

to different flags. A typical assignment is summarized in the table below:

TABLE 6.1 Bit assignment for flags

flag pattern
e 0
m 10
1 110
c 1110
r 11110
b 11111
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6.4 Performance Analysis

6.4.1 Bit rate performance

In the first expetiment, the rate-distortion of AVQ+ME is compared with SCR-VQ[76]. Simula-
tions have been performed with the first 24 frames of Miss America sequence using codebooks of
sizes 512, 256, 128, and 64 codewords, and the pixel threshold A of values 16, 20, 24, and 24,
respectively. The SCR-VQ (section 2.3.5) is modelled using thresholds of 256, 320, 384, and 384
(expressed in the MSE sense) corresponding to the 4 codebook sizes. The rate-distortion curves of
the two techniques are shown in Figure 6.7. We note that the highest point of each graph corre-
sponds to the average of bit rate and PSNR over the first 24 frames of Miss America sequence
using codebook of size 512. Figure 6.7 shows that the rate-distortion curve of the AVQ+ME tech-
nique is better than SCR-VQ. For example, at a PSNR of 36.83dB, the bit rate of AVQ+ME is
0.37bpp compared to 0.61 of SCR-VQ. This is equivalent to a reduction in bit rate as high as 34%.
This confirms that the AVQ+ME successfully exploits the temporal redundancy in the video

sequence.
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FIGURE 6.7 Rate - Distortion Curves of AVQ+ME vs. SCR-VQ
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In the second experiment , the coding performance of AVQ+ME is compared with the MPEG-1
coder (Figure 6.8). The AVQ+ME has been simulated, on the first 24 frames of Miss America
sequence with a codebook of 256 codewords at pixel threshold equal to 20. The resulting bit rate
is 0.37bpp compared to 0.40bbp for the MPEG-1 coder. Moreover, the resulting PSNR of
AVQ+ME is, on an average, 0.95dB better than the MPEG-1 coder. Once again, it can be seen
that AVQ+ME outperforms the MPEG-1 coder and maintains a relatively constant quality. The
original frames 0, 12, and 23 of Miss America sequence are shown in Figure 6.11. The corre-

sponding reconstructed frames using AVQ+ME are shown in Figure 6.12.
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FIGURE 6.8 AVQ+ME and MPEG comparison.

In the third experiment, AVQ+ME is compared with IHA-VQ recently reported in the literature
[74]. Simulations have been performed on the Miss America sequence from frame 13 to frame 97
with a step size of 3. The codebook is chosen of size 512. The simulation results are shown in Fig-
ures 6.9 and 6.10. The PSNR of AVQ+ME is marginally lower than that of IHA-VQ (Figure 6.9),

but it maintains a relatively constant quality throughout the sequence. It can be seen in Figure
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6.10 that both coders require an average bit rate of 0.60bbp. The AVQ+ME, however maintains at

a constant bit rate compared to the increasing bit rate by IHA-VQ.
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6.4.2 Execution time

Simulations have been performed with the first 24 frames of Miss America sequence using code-
books of sizes 512, 256, 128, and 64 codewords, and the pixel threshold A of values 16, 20, 24,
and 24, respectively. The complete break-down of the execution time of the two stages in

AVQ+ME are tabulated in the following tables:

TABLE 6.2 Frame execution time of AVQ stage (Miss America sequence)

CB
Updating Total
Codebook PD Quantization | Normalized Indexing Time
size Computation Q) to K (O {cycles)
512 432x K 629 x K 28 xK 9xK 1168 x K
256 432 x K 629 x K 84xK 8xK 1153x K
128 432 x K 629x K 75x K TxK 1143 x K
64 432 x K 629x K 82xK 6xK 1149 x K

TABLE 6.3 Frame execution time of ME stage (Miss America sequence).

Motion Macro Blk Other
Vector Matching C*RAM Total
Codebook | Determina | Normalized control Time
size tion to K operations (cycles)
512 112x K 5xK 10xK 127xK
256 100 xK 5xK 10xK 114 x K
128 3 xK 5xK NxK 101 xK
64 76 xK 5xK 10xK 88 x K

In Table 6.2, all the columns, except column codebook (CB) updating, are similar to VQ-MAE.
The codebook updating column shows the average number of cycles to update a codeword in that
particular simulation. The large numerical value in the total time column shows the average num-
ber of cycles required to encode each input vector including updating the codeword in that simu-

lation.

In Table 6.3, the motion vecter determination requires the largest number of cycles compared to
other columns. The numerical value in the total time column indicates the average number of

cycles to process a label.



The execution time of the two stages in AVQ+ME, when using codebook of size 256, is calcu-
lated as follow: In the AVQ stage, it takes 262 ms to encode a 360 x 288 pixels frame. In the ME
stage, it takes 26 ms to compare the labels of the frame. Hence, if AVQ and ME stages are orga-
nized in a pipeline fashion, the total encoding time for a 360 x 288 frame, using a codebook of
size 256 codewords, is 262 ms . Therefore, real time implementation is possible with 8 C*RAM

modulel’s arranged in parallel.

6.5 Summary

In this chaper, an adaptive VQ technique for video compression has been proposed. This tech-
nique provides a competitive coding performance compared to the other techniques reported in
the literature. Most importantly, the AVQ+ME coder is best suited for constant quality and con-
stant bit rate applications. The proposed coder has been implemented using the C¥RAM structure.

Real-time implementation is possible using 8 C*RAM modules.
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23

FIGURE 6.11 Original frames 0, 12, and 23 of Miss America sequence, size 360 x 288 pixels.
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FIGURE 6.12 Frames 0, 12, and 23 reconstructed using AVQ+ME with average bit rate = 0.6bbp
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CHAPTER 7 Summary and
Future Work

7.1 Summary

In this thesis, the VQ-based image and video compression algorithms have been mapped on the
C*RAM architecture. Some new algorithms have also been proposed. First, VQ-based algorithm
using MAE as selection criteria (VQ-MAE) is implemented on the C*RAM. The VQ-MAE tech-
nique eliminates the need to have the squaring operation thus computational complexity is greatly
reduced. Moreover, if the 1°s complement is used in the absolute difference operation, image deg-
radation is considerably imperceptible while the execution time is noticeably reduced. VQ-MAE

using 1’s complement is, therefore, chosen for intraframe coding.

Secondly, the Modified SVQ algorithm is proposed and implemented on the C*RAM. The algo-
rithm enables the FCB and RCB’s to be arranged on the C¥RAM’s parallel structure. The main
advantage of Modified SVQ is that different image resolutions can be reconstructed from the

same bit stream used for the full resolution image.

Finally, the AVQ+ME algorithm is proposed and implemented. AVQ+ME achieves relatively

constant quality and constant bit rate over the time. We also note that AVQ+ME can be a strong
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competitor to H.261 in terms of real-time and bandwidth requirements. For instance, if 15 QCIF

frames are encoded per second, the execution time and the required bandwidth are:
+ 15 frames * 1584 blocks/frame * 1267 cycles/block * 35ns/cycle ~ 1.0s.
« for luminance: 15 frames/sec * (176* 144)pixels/frame * 0.6 bits/pixel = 3.5 x 64Kbits/sec

- for chrominance: 2* 15 frames/sec * (88*72)pixels/frame * 0.6 bits/pixel = 1.8 x 64Kbits/sec

The bandwidth required, therefore, 6 x 64Kbits/sec which is within H.261’s specification.

7.2 Future Work

C*RAM has undergone a number of changes and needs more changes to keep up with the increas-

ing image/video compression demand.

On the architecture side, the future C¥RAM should be able to:
« Accept data directly from the host without fransposing;
« Increment/decrement in each memory column without slowing down the global operation; and

+ Have two ports: while input vector is arriving at one port, the label of the previously encoded

input vector is leaving the other port.

On the algorithm side:
+ A SVQ algorithm for video compression using C*RAM is one of the future projects;
« If SVQ is not considered, the MD codebook should be used to increase frame quality; and

» The AVQ+ME should have a mechanism to detect scene change and to generate a new code-

book accordingly in order to adapt well to the statistics of the sequence.

In conclusion, C*RAM can be used to encode image with spatial scalable feature in real-time.
Moreover, the C*RAM implementation of VQ for video sequence also demonstrates a competi-
tive real-time coding performances over other techniques: relatively constant quality and constant

bit rate throughout the video sequence.
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APPENDIX A C O mp Uter
Arithmetics for
C*RAM

In this appendix, the computer arithmetics used in C*RAM (Cs64plK) are discussed. The-
C*RAM basic functions, register functions, user-defined functions are reviewed [109]. Then the
macros for C*RAM are presented, such as FULL_ADDER/SUBTRACTOR, EXACT_MATCH,
INEXACT MATCH, ONE_COM, etc. The main section of the appendix is the different algo-
rithms for implementing VQ-based algorithms using C*RAM structure, including Hadamard

image transformation.

A.1 C*RAM Functions
A number of notations and assumptions have been used throughout the appendix.
+ The notation A’ implies the complement of A.

» The for, while, and if-statements are C*RAM controller statements which act upon all the PE’s
in parallel.
« In memory READ and WRITE operations, the column address is specified only when specific

computing unit is of interest, otherwise they are omitted and understood as all PE’s are partici-

pating in the current operation.
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A.1.1 Basic functions
The following is the table of basic C*RAM functions with 3 operands X, Y, and M. These func-
tions are assumed for 3 operands operation. The truth table for 2-operand operations can easily be

derived.
TABLE A1 Basic functions

Y| X| M| AND | NAND | OR NOR | XOR | XNOR
0|00 0 1 0 I 0 1
0|0]1 0 1 1 0 1 0
0[10 0 1 1 0 1 0
01111 0 1 1 0 0 1
1(0(0 0 1 1 0 1 0
1101 0 1 1 0 0 1
1{1]0 0 1 1 0 0 1
1|1}1 1 0 1 0 1 0

A.1.2 Register functions

Beside the basic functions, 2 number of register functions are defined for C*RAM:

. LD_REG(X,Y,WE;M[row]): loads the registers X’s, Y’s, or WE’s with the value in the memory
location specified by the row address in M; This function is used to load the mask (stored in

memory) to the registers.

« LD_MEM(M[row];X,Y): loads the memory location specified by row address in M with the
content of the registers X’s, or Y’s; This function is used to store the temporary results to the

memory.

+ SET_REG(X,Y,WE): sets the values of (all) X's, Y’s, or WE’s to 1.

« RST_REG(X,Y,WE): resets the values of (all}) X’s, Y’s, or WE’s to 0.

« INV_REG(X,Y,WE): negates the values of (all) X’s, Y’s, or WE’s.

» SHIFT_RT(Y): the result in the result line from the PE’s right adjacent neighbour is written into

Y register.
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» SHIFT LF(X): the result in the result line from the PE’s left adjacent neighbour is written into X
Tegister.

» ONES(M[row]): broadcasts a 1 to memory location specified by row address in M.

» ZERO(M[row]): broadcasts a 0 to memory location specified by row address in M.

« WIRE_OR(X,Y.M[row]): wire-OR the results in registers X, Y, or memory location specified

by row address in M; This function is commonly used to check the status of a search (if result=1:

a match occurs; if result=0: a mismatch occurs).

A.1.3 User-defined funciions

Sometimes, user-defined functions are required as in the addition and subtraction operation. Here

the previous carry (of addition) and the previous borrow (of subtraction) can be stored in register

X. Assuming M+Y and M-Y.
TABLE A.2 User defined functions

M| Y| X| CARRY | BORROW
01070 0 0
0101 0 1
0|10 0 1
03141 1 1
1(0]0 0 0
110]1 1 0
1110 1 0
11171 1 1

A.2 C*RAM Macros

In this section, pseudo-coded macros have been used for C*RAM implementation are discussed.
Most of the macros have included the numbers of memory cycles required. Unless otherwise
stated, N is the number of bits representing the number of levels in a monochrome image. Since
there are 256 gray levels, N is 8. The bit position starts from MSB bit 7 (horizontally left-most or

vertically highest) to LSB bit 0 (horizontally right-most or vertically lowest).
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1. Exact match: This macro takes 1 + 3*N cycles for comparing two N-bit numbers A and B,
which is in the memory. Note that there is no memory WRITE so that WE is not involved. X and
Y registers are for final and temporary results, respectively. If one of the argument is broadcasted

on-line then it only takes 1 + 2*N cycles since the load register Y is not required.

EXACT_MATCH(A,B) {vector A={a;} is compared with vector B={bj} in the memory}
SET_REG(X) {assuming all candidates match}
fori=0to N-1(by 1)
LD_REG(Y, a)
Y = XNOR(Y,by)
X = AND(X,Y)
endfor

2. Greater_than: This macro adopts the algorithm proposed by Chu [110] for CAM. Both the
search argument B and vector A are in the memory. Let s, p be the number of zero’s in the search
argument and the average number of cycles for completing the exact_match, respectively. Then it
takes s*(2+p) + N eycles to conduct the search. We note that the search argument has to be in

memory for the exact_match process, it cannot be down-loaded on-line from the controller.

GREATER_THAN(A,B) {vector A={a;} is compared with the search argument B={bj} in the memory}
fori=N-1to 0 {by -1)
if (WIRE-OR(b;)==0)
ONES({b;)
EXACT_MATCH(A, o,Bi o). (p cycles)
ZERO(b;)
endif

endfor
3. Less than: Similar to greater_than search, this macro was also adopted from Chu’s algorithm
for CAM. Both A and B are in memory. It takes s*(2+p) + N cycles to complete the search.
LESS_THAN(A,B) {vector A={a;} is compared with the search argument B={b;} in the memory}
for i=N-1 to € (by -1)
if (WIRE-OR(b}==1)

ZERO(b;)
EXACT_MATCH(A, 0.B; o); (p cycles)
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ONES(b;)
endif

endfor
4, Less_than CRAM: This macro is written solely for C*RAM word-parallel bit-serial computa-
tion, it takes 1+N cycles to complete. The search argument P is read bit by bit on-line from the
controller. This method is better than less_than (CAM) search because the search argument can be

provided by the controller and no memory access for the search argument is required. The result is

stored back to the Mask.

LESS_THAN_CRAM(P,B) {the search argument P={p} is compared with vector B={bj} in the memory}
SET_REG({X)
LD_REG(WE,Mask)
for i=N-1 to O (by -1)

if (p==0)
if(WE=1)
Mask = b;
WE, X= AND(X,Mask)
else
WE, X= ANDX,b;)
endif

endfor

5. One-hit subtractor: This macro adds a value of 21 to the number. It is never used. It takes 3 +
2*(N-1-i) cycles

SUB_ONE(i,B) {subfraction of 2! from vector B in the memory}
WE,Y = Mag
b; = XOR(Y,b)
SET_REG(X)
forn=itoN-2
WE, X = AND(X b,
ba+1 = XOR(Y,bpsq)
end for

104



6. One-bit adder: This macro adds a value of 2! to the number. It takes 3 + 3*(N-i) cycles

ADD_ONE(i,B) {addition of 2' to vector B={b} in the memory}
Y = Miask
LD_REG(X,b;)
SET_REG(WE)
forn=ito N-1 (by 1)
b, = XOR(X,Y)
Y WE = AND({X,Y)
LD_REG(X, bisq)
endfor

7. Maximum search [99]: This macro searches for the maximum value among the PE’s. It takes

1+ (2+if)*N cycles. The result is stored in X.

MAX(B) {N: the length of vector B={b;} to be maximum-searched}
SET_REG(X)
for i=N-11to 0 (by -1}
Y = AND(X,b;)
if (WIRE_OR(Y) == 1)
X=Y
endif

endfor

8. Minimum search [99}: This macro searches for the minimum value among the PE’s. It takes 1+

(2+if)*N cycles. The result is stored in X.

MIN(B) {N: the length of vector B={b;} to be minimum-searched}
SET_REG(X)
fori= N-1to 0 (by -1}
Y = AND(X,b)")
if (WIRE_OR(Y)=1)
X=Y
endif

endfor
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9. Two’s complement: 2 + 2*(N-1) cycles

TWO_COM(B) {vector B in the memory is two's complemented}
ZERO(WE X} /* at previous stage */
Y = by’ /* by’ is the mask */
bg = XOR(X,bg) /* not needed */
fori=0to N-2
WE X = OR(X,b;)
biaq = XOR(Y,bis1)

end for

10. One’s complement: This macro generates the one’s complement of the argument. It takes N +
2 cycles. The vector B is only one’s complemented if and only if the bit By is a 1 which implies

that B is negative.

ONE_COM(B) {vector B in the memory is one's compiemented}
ONES(WE)
Y = by' /by’ is the mask®/
fori= 0to N-1 (hy 1)
bi = XOR(b;,Y}

endfor

11. Full adder: This macro adds the input vector to the codeword and store the sum in the memory.

It takes 1 + 3*N cycles

FULL_ADD(Mcw,Y) {N = number of bits of Ms; X=carry; Y=input vector; Mcw=codeword; Ms = sum}
LD_REG(X, Mprevious carry O 0)
fori=0to N-1
Y =iy
Ms; = XOR(X,Y,Mcw))
X = CARRY(Mcw;, Y . X)

endfor

12. Full_subtractor: This macro subtracts the input vector from the codeword and store the differ-

ence in the memory. It takes 1 + 3*N cyeles

FULL_SUB(Mcw,Y) {N = number of bits of Md; X=borrow; Y=input vector, Mcw=cw; Md = difference}
LD_REG(X, Mgrevious borrow OF 0)
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fori= 0 to N-1
Y =iy,
Md; = XOR(X,Y Mcw;)
X = CARRY(Mcw;,Y X) /*or X = BORROW(Mcw,,Y,X) */

endfor

A.3 C*RAM Aigorithms

In this section, pseudo-coded algorithms have been used for C*RAM implementation are dis-

cussed.

A. Load_codewords and extra hits into C*RAM: We note here that since data written from the
Data Transposer (DT) to the C*RAM are in blocks of 8 words, they must be read in 32 times
(strips) to completely fill the 256 computting units. Therefore, it takes 32*16*8 = 4096 cycles to
load all the 256 codewords into C*RAM:

for strip = 0..31
for pixel = 0..15
for bit=0..7
M[base0 + bit + 9*pixel, 8*strip] = DT(a,b)
endfor
endfor
endfor

The extra bits are used to determine whether the pixel difference is negative. 1 is appended next to
the MSB of the codewords and 0 next to the MSB of the input vectors. It takes 2*16 = 32 cycles to

load.
for pixel = 0..15
M[base0 + 8 + &*pixel, 8*strip] = 1 /*for codewords */

M[base1 + 8 + 9*pixel, 8*strip] = 0 /*for input vectors */
endfor
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B. Image histogram:

1} 256 graylevels are prestored in 256 coding units.

2) Each bit of the pixels is sequentially loaded into C*RAM. The cycles can be saved by broadcasting
and matching at the same time.

3) The bit of the pixels are exact-matched with the corresponding one in the coding unit.
1+2*8 = 17 cycles/pixel

4) When a coding unit detects a match, it increases it owns counters by 1. The counter should ideally
have 18-bit precision.

1+3*18 = 55 cycles/pixel
Total cycles = 512 * 512 * (17 + 55) = 18,874,368 cycles
Total time = 18,874,368" 35ns = 661ms.

C. Adjacent codeword averaging: A and B are the codevectors from the right and left of the cur-

rent PE, respectively. This algorithm is written but never used.

LD_REG( WE,Mag)
ZERO(Mcarry)
Fori=0 to N-1 (by 1) {add the two adjacent numbers}
LD_REG(Y,3)
SHIFT_RT(Y)
LD_REG(X,b;)
SHIFT_LF(X)
Ms = XOR(X,Y,Mcarry)
Mearry = CARRY (Mcapry. Y X)
endfor
Fori=1to N (by 1) {Divide by 2, repeat for N-1 bits. [2*(N-1)]}
LD_REG(X,Ms;)
LD_MEM(Ms;.1,X)
endfor
Total cycies = 2 + 6*N + 2*N = 66 cycles
Total time = 66 * 35ns = 2.31 um
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D. Image_Transformation: In this section, the mapping of image transformation on the SIMD
architecture is proposed. As a C*RAM application, the Hadamard transform has been imple-

mented. An image transformation can be expressed as:

V = AUB (A1)
v, v u, a, a b, b
LetV=|!2 U={12,a=|172,andB= 1 72| we then have
vy, Uy Uy a, a, b3 b4
Vi Vol _ |1 %[ | 21 B2 (A2)
ViV, ay a,llu;y b3 b4

By expanding the left hand size, we obtain:

. _ uab,+ uya by +usa,b +u,a,by uay by vuya by + U a,b, +u,a,0, A3)
VvV, ula3bl + u2a3b3 +ugab, + u4a4b3 u1a3b2 +u,amb, + u3a4b2 + u4r::4b4

This transformation is mapped onto the SIMD architecture as follows: First, the products ajb; are
precomputed and stored in the respective computing units. Secondly, since the order of the trans-

from coefficients is known in advance, they can also be ordered in the zig-zag manner. The oper-

ation can be shown in Figure A.1 below:

Lol albl a1b2 a3b1 a3b2
=1 _2;bs arby asbs asby
- azb a1 a2b2 a4b1 a4b2
- ’P asbs arby agbs agby
L 14 3] Uy 4
Uy Uy Uy Us
— U U3 u3 u3
—_— Ug Uq Uy
— V] V2 V3 V4

FIGURE A.l1 Image Traesformation implemented on a SIMD architecture
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As an example, Hadamard transform is implemented on the C¥RAM as follows:

The input vectors are broadcast into C*RAM, pixel by pixel.
An input vector of 4 x 4 pixels forms a 1-D array of 16 pixels.

The Hadamard coefficients are preloaded in the C*RAM with O representing an ADDITION and, 1 rep-
resenting a SUBTRACTION.

The bits of the pixels can be broadcasted and added (or subtracted) at the same time.
The result is right-shifted once (divide by 2) and stored in the coefficients i, where i=0..15.
The memory map for executing Hadamard transform can be shown in the following figure:

TABLE A3
Zig-Zag order 1 2 4 7 3 5 8 11 6 9 12 | 14 | 10 | 13 | 15 | 16
Coefficients 50 sl s2 83 54 s5 s6 s7 | s8 s9 t sl0 | s1l | sl2 | si3 | sl4 | sl5
1st op. 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
2nd op. 0 1 0 1 0 1 0 | 0 | 0 1 0 1 0 1
3rd op. 0 0 ) 1 0 0 1 1 0 0 1 1 0 0 1 1
4th ap. 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1 0
5th op. 0 0 0 0 1 1 1 1 0 0 0 0 1 1 | |
oth. op. 0 1 0 1 1 0 1 0 0 1 0 ] 1 0 1 0
7th op. 0 0 1 1 1 1 0 0 0 0 1 1 | | 0 0
8th op. 0 I 1 0 1 0 0 1 0 1 1 0 I 0 0 1
9th op. 0 0 0 0 0 0 0 0 | 1 1 1 1 1 1 }
10th op. 0 1 0 1 0 1 0 1 I 0 1 0 1 0 ] 0
Fith op. 0 0 1 1 0 0 1 1 1 1 0 0 1 1 0 0
12th op. 0 1 1 0 0 1 1 0 1 0 0 1 } 0 0 1
13th op. 0 0 0 0 1 1 1 1 1 1 1 I 0 0 0 0
14th op. 0 1 0 i 1 0 1 0 1 0 1 0 0 ] 0 1
15th op. 0 0 1 1 ] 1 0 0 1 1 0 0 0 0 1 |
16th op. 0 1 1 0 1 0 0 1 1 0 0 | 0 ] 1 0
pixel no. 0 p0 | p0 | pO | pO | pO | pO | pO | pO | pO | pO § pO | pO | p0 | pO | pO | pO
pixel no.1 pl pl | pl pl pl 1 pt | pl | pl | p! pl | p! pl pl pl pl pl
pixel no.2 p2 | p2 | p2 | p2 | p2 | p2 | p2 | p2 | P2 | P2 | P2 | P2 [ P2 | p2 | p2 | P2
pixel no. 15 pl5 | pl5 | p15 | 15p | p15 | p15 | piS | pl5 | pl5 | pl5 } pl5 | pI5 | pl5 | pl5 | pI5 | plS
“PE-|'PE ¥ PE |PE' |PE {PE |PE.|PE |PE |PE |PE |PE |PE |PE | PE | PE
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We note that the coefficients can also be zig-zag ordered in advance. The matrix multiplication of

Hadamard transform can be executed as follows:

{N = number of bits of Ms; X=carry; Y=input vector; Ms = sum}
for pixei = 0..15
ZERO(X)
for i = 0 to N-1 /*i is the bit position */
Y =iy =0ifi>=N"*/
Ms; = XOR(X,Y,Ms;)
Ms; = XOR(M[operation i},Ms;) /* this will negate Ms; if M[operation i] = 1 */
X = CARRY(Ms; Y, X)
endfor
endfor

If the sum has 12-bit long, it takes 16*(1+4*12) = 784 cycles for loading and calculating; and

about 2*12 ~ 24 cycles for unioading more than 8§ transform coefficients.
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E. Image compression technique: Mean Absolute Error (VQ-MAE)

1) Broadcast and subtract the corresponding pixels of the codeword from the input vector, and the
result is stored in M[base2)]. Then, check if (bg of the pixel difference=0), if so 1's complement that
pixel. It takes 16*(1+9*2+8) = 432 cycles.

for pixel = 0..15
WE=1
forbit=0.8

Y = bit of the pixel of the input vector from controller
FULL_SUB2{M[base0+9*pixel],Y, M[base2+9*pixel]) /* 2 cycles */
if (bit=8) WE= {carryout} /"this is performed once in paralle! with FULL_SUB2 */
endfor
for bit=10..7
ONE_COM(M[base2+9*pixel])
endfor

endfor

2) Add all 8-bit pixel differences (without the bit bg). The result is stored in M{base3]. After that apply
the mininum search to the sum. The total time is 16*(1+3*12) + 1+3*12 = 629 cycles.

for pixel =0..15
FULL_ADD(M[base2+9*pixel], M[base3])
endfor

MIN(M[base3], X, 10) /* result is stored in X register */

3) Quiput index: 8 cycles
OUT_INDEX(X)

Performance measures:

Total number of cycles = 432 + 629 + 8 = 1069 cycles

Total time for block enceding: 1089 cycles ~ 37.4 usec (average cycle time = 35ns)
Memory usage (each column): (16+128+16+128+12)/1024 ~ 29.3%.
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F. Video compression technique: AVQ+ME

step 1: Frame Encoding (similar to VQ-MAE)

1) Broadcast and subtract the corresponding pixels of the codeword from the input vector, and the
result is stored in M[base2}. Then, check if (bg of the pixel difference=0), if so 1's complement that
pixel, It takes 16*(1+9*2+8) = 432 cycles.

for pixel = 0..15
WE=1
for bit=0..8

Y = bit of the pixel of the input vector from controfier
FULL_SUB2(M[base0+9*pixel], Y, M[base2+9"pixel]) /* 2 cycles */
if (bit=8) WE= (carryout)' /*this is performed once in parallel with FULL_SUB2 */
endfor
for bit=0..7
ONE_COM(M[base2+9*pixel])
endfor

endfor

2) Add all 8-bit pixel differences (without the bit by). The result is stered in M[base3]. After that apply
the mininum search to the sum. The total time is 16*(1+3*12) + 14312 = 629 cycles.

for pixel = 0..15
FULL_ADD{M[base2+9"pixel], M{base3])
endfor

MIN(M[base3], X, 10) /* result is stored in X register */

3) Output index: 8 cycles
OUT_INDEX(X)

Performance measures:
Total number of cycles required for encoding 1 input vector = 432 + 629 + 8 = 1069 cycles
Total time for block encoding: 1068 cycles ~ 37.4 usec (average cycle time = 35ns)

Total frame execution time for step 1: 1069cycles * 35ns * 6480 = 242ms
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step 2: codebook replenishment

Let B4 be the numbers of bits of the partial sum of each O;’s region,
B, the number of bits for the counter for O;'s region,

Bs the number of bits for the counter for R;'s region,

C the number of input vectors required the updated codewords, and
R the number of codewords being updated, respectively.

For a 360 x 288 pixels image, there are 80 x 72 = 6480 blocks; By is at most log,(255*6480) = 21 bit
long, B,, B are at most log;(6480) = 13 bit long.

In the simulation with Miss America sequence, B, is chosen to be 12, B, and B are chosen to be 7,
And C and R are typically 150 and 90, respectively.

For each input vector, the following operations are required:
If the input vector belongs to R';, increment counter(R");
1*(1+3N), where N = Bs. (22 cycles)
Else (If the input vector belongs to O;), increment counter(O;), and Update partial sum;
1*(1+3N) + 16*(1+38), where N = B,=7, S=B4=12 ( 22+16"37 = 614 cycles)

At the end of each frame:

Divide partial sum O; by counter for O; (in parallel). Division is executed using comparison and

subtraction.
for pixel = 0..15
for bit=0..8
compare{SUM[11-bit,8-bit], COUNTERJ[3,0]}
if SUM[11-bit,8-bit] >= COUNTER]3,0]
WE, QUOTIENI8-bit] = 1
else
WE,QUOTIEN[8-bit] = 0
subtract{SUM[11-bit,8-bit], COUNTER[3,0}}
endfor
endfor

16*[(B1-Bo)*By + (B1-B2)*(1+3N)], where N=B,=7 {16*[5*7+5*22] = 2320 cycles)

Hadamard transform the temporary means and shift out 10 zig-zag scan coefficients: R * 808 cycles.
{see hadamard transform)
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Update the codeword i in parallel (provided that counter(O;)!= 0) by:
a) adding counter(Q;) to counter(R'),
(1+3N), where N = B3+1; (25 cycles)
b) and quantizing O; to one of the 16 level of the sum {O;+ R'})
If (counter{O) >= sum(O+R')/2 ) then Q[0}=1, counter{Q)-=sum(O+R")/2; else Q[C]=0;
(By-1) + (1+3N) + 1, where N=Bg, (7+ 22 =29 cycles)
If (counter(O) >= sum(O+R'/4 ) then Q[1]=1, counter(Q)-=sum(O+R')/2; else Q[1}=0;
(8,-2) + (1+3N) + 1, where N=Bj, (6 + 22 =28 cycles)
If {counter(O) >= sum{O+R")/8 ) then Q[2]=1, counter{O)-=sum(O+R’)/2; else Q[2]=0;
(B2-3) + (1+3N) + 1, where N=Bg; (5 + 22 = 27 cycles)
If {counter(Q) >= sum{O+R')/16 ) then Q[3}=1, counter{Q)-=sum{Q+R")/2; else Q[3]=0;
(Bp-4) + (1+3N) + 1, where N=Bj; (4 + 22 = 26 cycles)

The total number of cycles = (6480-150)*22 + 150*(614) + 2320 + 90*808 + 135 = 306535 cycles
or 47*6480 cycles.
Total time for step 2; 306535 cycles *35 ns = 10.7ms

step3: index-based motion estimation

load 8-hit labels to the memory:
6480*8 = 51,840cycles
motion vector determination:
§480*4*(1+3N) = 648,000 cycles, where N is the number of label bits for exact match.
macro-block matching:
(72/4)*(360/4)*(4*4) = 31,680 cycles
at the end of each row, the last 2 columns are nulled (in paraliel):
72rows * 8bits = 876cycles
at the end of each frame, the last 2 rows are nulled:
2*8 = 16cycles
Total cycles = 737112 cycies or 114*6480
Total time for step 3: 737112 cycles * 35ns =25.8 ms
Total number of cycles for each input vector during steps 1, 2, and 3 = 1069+47+114= 1230 cycles.
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APPENDIX B Design of the Data
Transposer

B.1 Introduction

There have been literatures concerning the designs of the data transposer, The data transposer is
often used in 2-D Fourier Transform, matrix transposing, and bit-to-word transformation. In this
project, the 8 x 8 data transposer (DT) is used to transpose bits stored in the Computational-RAM
(C*RAM) into words to be processed by the host computer (HOST). This implementation can be
used for other memory structures where the words stored in the memory and those stored in the
host computer are orthogonal. This project is served as a pilot project for building a 32 x 32 com-

pact corner-turning cache.

B.2 Overview of the C*RAM

C*RAM is a fast and efficient memory design which integrates the processing elements (PE) into
gach memory column to achieve on-chip computation. The C*RAM architecture (Figure B.1) was

derived from the largest single-port SRAM module designed by Silburt e ¢/.[103].
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The memory core is a 256x256 array of 6-transistor CMOS cells. Theoretically, each cell 1S
addressed by a 8-bit row decoder and a 8-bit column decoder. The compact design signifies the
10-bit row decoder and 6-bit column decoder, instead. Data in each column are, however,
accessed in a bit-serial manner and 8 consecutive columns are accessed at a time, only 3-bit
(BLK<0:2>) column decoder are needed. In the most recent C*RAM, a bidirectional data bus was

implemented.

e
=
=
S
g CA<O:9>I
=
Q
&
0 1 2 3 62 63
[ I | ] ] | [ i
COLUMN DECODER BLK<(0:2> >
DATA<0:7>

FIGURE B.1 C*RAM architecture
B.3 Data Transposer (DT)
B.3.1 Principle of Operation

As mentioned before, the data transposer, suggested by its name, is used to transpose information
in memory hierarchies where physical storage locations of the contents are orthogonal. In this par-
ticular application, the words stored in the C*RAM and those stored in the HOST computer are
orthogonal. Words in the C*RAM are addressed in blocks of 8 words. The word size can be 8, 16,

or 32 bits long. As a pilot project, words are assumed of size 8. Each 8x8 block of memory cells is
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unwrapped as shown in figure 2. Eight clock cycles are required to transpose each block. First. a
block is addressed by its row and column addresses. Within each block. elements are arranged
from the LSB (top) to MSB (bottom). In the first cycle, the set {A7, B7, ... . H7} are read and got
written to the corresponding positions in the DT. In the next cycle, the set {A6, B6, ... . H6} are
read and transposed, and so on... In the eighth cycle, the set {A0. BO, ..., HO} are finally trans-

posed. Additional blocks may be then transposed until the DT is filled.

AO0!BO| cxpam (HO
Al|B1| ... [HI
A2|B2 H2
A3B3 H3 Data Transposer (DT)
Word0 Wordl Word7
A7B7{ --- |H7 A7 (AlA0|B7] |B1|BO|...|H7| |HI1|HO
WYY i
B | Y
Mapping Circuitry

1

FIGURE B.2 Principle of Data Transposer Operation

On the other hand, when data are written from HOST to DT, the consecutive words are written
one beside another until a row is filled up. As shown in Figure B.2, word( is written first, then
word1, and so on up to word 7. Then word$ is written on the position above word0, word9 above

word], and so on... The process is repeated until the whole DT is filled up.

B.4 System Overview

The core of the DT is derived from the same SRAM module as the C*RAM. The 0.8um BiCMQOS

SRAM design was based on a synchronous self-timed architecture which achieves a fast 5ns nom-
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inal access and cycle time. In this implementation, the memory core is considered as a black box

with the given inputs and output and their respective positions at the interface.

Each cell of the 8x64 SRAM core is, for compaction purpose, addressed by 3-bit row decoder and
6-bit column decoder. The 6-bit column decoder is used to address 64 memory columns which
formed blocks of 8 words, each having 8 bits. Since 8-bit words are accessed by C*RAM in paral-
lel - with each word being accessed in a bit-serial fashion - only 3 bits are required for addressing.
These 3 bits are directly derived from the 3 least significant bits of the C*RAM row address
(CA<0:2>). Similarly. the 8-bit words are serially accessed by the HOST - one word at a time -
thus, 3 bits are needed. Since, the HOST memory is assumed to have oN words, the 3 least signif-
icant bits of the HOST (HA<0:2>) can be retained for column access. In the row direction, the 3
C*RAM column address bits (BLK<0:2>) can be used when accessed by C*RAM; and the next 3
least significant bits (HA<3:5>) can be used when accessed by HOST. These row-mapping cir-

cuitries can be built on-chip when the word size of HOST are known.

BLK<0:2> - 8 x 64 ﬂA<3:_5l>

Mapping
Mapping| CA<0:2> | DATA TRANSPOSER ) HA<0:2> Circuitry
Circuitry [~ (DT) e
CA<0:9> HA<O:N-1>
¥
1K x 64 HOST
*
C*RAM - -
DATA<0:7>

FIGURE B.3 System Overview
The C/Hbar control line selects the path between C*RAM and the DT, and between HOST and

the DT. The R/Whar selects the read and write operations, respectively. The overall picture of the
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C*RAM, DT, and HOST is shown in Figure B.3. Interface to each memory column of the mem-
ory core includes 3 accesses: write enable (WE), input (IP), output (OP). The WE enables the
memory write by a logic high, and disables by a logic low. IP and OP are linked to the 8-bit bidi-
rectional bus via tristate buffers which are controlled by the R/Wbar and the predecoded

addresses.

B.5 Design Considerations

In order to take full advantage of the compact and modular memory design, the memory core and
sense-amplifiers were taken from BNR’s SRAM single-port module. The design objectives are
then to build a set of column decoders that effectively map data to and from C*RAM/HOST in a

predefined manner and to layout the DT using BiCMOS technology.

- Single-port versus dual-port: Single-port is simple and ideal for pilot project. Dual-port trans-
poser speedups the process but possesses problems with data inconsistency when the actual cor-

ner-turning cache is designed.

. Bidirectional bus versus unidirectional bus: To make DT compatible with the current C*RAM,

bidirectional data bus was chosen.

« Modes of operation: Since this is a single-port DT (and a future corner-turning cache), there
should exist a set of operations which enables C*RAM and HOST to access the DT in a mutu-
ally exclusive manner that is only one operation is enabled at a time. (This is somewhat
restricted because a read from C*RAM and a read from HOST should not impose any problem.
Bt this can only be done only with a dual-port DT). The 4 modes of operation are summarized

in Table B.1 below.
TABLE B.1 Modes of Operations.

R/Wbar | C/Hbar Operation
0 0 Write from HOST to DT
0 1 Write from C*RAM to DT
1 0 Read from DT to HOST
1 1 Read from DT to C¥*RAM
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. Data written from DT to HOST are in blocks of consecutive words, each occupies 8 consecutive
columns in the DT. In the read operation, the reverse path is used.

. Data written from DT to C*RAM are also in blocks of 8 bits occupying every 8th memory col-
umn. In the read operation, the reverse path is used.

+ HOST computer should have 8-bit words for compatibility.

B.6 Circuit Implementations

The overall design involves four basic cells (Figure B.4):

+ The complement_cell takes in the R_Whar and the C_Hbar signals and produces the write con-
trol signal and the HOST address.

- The dec_cell predecodes the CA column addresses along with C_Hbar to ensure proper setup
time for read and write operations from/to DT.

+ The dec_cell2 predecodes the HA column addresses along with C_Hbar to ensure proper setup
time for read and write operations from/to DT.

- The access_cell accommodates circuitries such as access-enable and buffers for data inputs and

outputs. This cell is repeated 64 times across the memory interface.

- 6-device SRAM Memory core and sense-amp .

comp_ C*RAM HOST
cell address Column access cells and data [/O address

FIGURE B.4 Symbolic layout diagram of the DT
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CLK _/ \;
‘addr.setup time ; E
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addr. hold time

Address

@ R/Wbar setup time
R/Wbar_/' L
|

READ |

CYCLE ! |
Data out 4ch|p select access time 4( data out valid
R/Wbar_i
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Data in:X!<-|> \(

4———>
data in hold time

FIGURE B.5 Data Transposer /O timing diagram
All the files are in ~thinh/vlsi585 directory. The layout rep.’s are complement_cell, dec_cell,
dec_cell2, access _cell and DT _interface. The simulation files are in dec10_demo.
» Clock period is 20ns, setup time and hoid time are 4ns and Ons, respectively.

+ The size of the DT _interface is 2800umx225um.

B.7 Conclusions

The design of the 8x8 data transposer has been described. The single-port DT is ideal for building
a corner-turning cache. Implementation of the DT has been demonstrated with 20ns access and
cycle times in a 0.8um BiCMOS process. The circuit could be running faster if transistor sizing

had been done and the memory core had been given.
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APPENDIX C Bit Rate AnaIYSiS

In this appendix, we study the effects on the bit rate equations (6.1-6.5) in the following two

implementations:
+ Method A: is the AVQ+ME method.

+ Method B: In cases where any PD of the best match codeword is greater than a threshold 4, the

closest codeword is replaced by the incoming input vector.

Recall in chapter 6 that the bit rate of AVQ+ME is expressed as follows:

BRyo.u5 = BR,+BR, €1
BRI = BRcodebook + BRmismarch + BRexaci —match ¥ BRupdaled—- block (€.2)
NB, I(log,N+F) EF, C(log,N+F)
BR| = T < + N"+ ~ (C.3)
P f / /
BR2 = BRmacrab!ock —matcht BRne:'ghbor ~mateh + BRtempo ~ mean (€4
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B(M,+F,) MM _+F) R(log,N+F,+B_+0)
= + + g
2
NbXNf Nf Nf

where N = the number of codewords;

BR

B, = the average number of bits per codeword;

N, = the number of pixels in the input source;

I, F; = the number of mismatch blocks that required new labels, and the number of bits for its
flag, respectively;

E, F, == the number of exact match blocks and the number of bits for its flag, respectively:

C, F, = the number of blocks that requires updated codewords, and the number of bits for its
flag, respectively;

Ns = the number of pixels per frame;

R, F,. Q = the number of temporary means transmitted, the number of bits for its flag, and the
number of bit to quantized the weight factor, respectively. Note that R<C. In cases where
the codeword is replaced by the incoming input vector, R=C. C can then be eliminated.

B, Fy,, M}, = the number of macro blocks detected (with zero or non-zero motion vector), the
number of bits for its flag, and the number of bits for its motion vector, respectively;

Ny, = the size of the search area (4x4);

M, F,, M= the number of blocks detected with non-zero motion vector, the number of bits for
its flag, and the number of bits for its motion vector, respectively;

It can be seen that: I+E+C+16B+M = (X*Y) /L =N¢/L.

Now, let
C(Fc+log2N) R(Fr+log2N+Bc+Q)
BRyo . mE = BRy < + = (C6)
S /
where
NB  I(log N+F) EF B(M,+F) M(M_+F)
Bl = Nc+ iv — Ne+ Nb Nb * n]:/ - ©n
P i s b > s i
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The bit rate in method B can be expressed as follows:

C(F,+log,N+B)
+

0 Nf

The AVQ+ME becomes less efficient than method B when:

BR_, = BR

B

BRyo. meZ BRg

C(F,+ log2N) R(F + log2N+ B_+0Q) C(F_ +log,N+B)
+ > =

Nf Nf Nf

R(F,_+log2N+Bc+Q) 2CxB,

B

(4}

F o+ log2N+ B + Q

R
C
For B, = 128; F, = 5; N = 256, and Q = 4, we have,

R 5088
c

(C.8)

(C.9)

(C.10)

(C.11)

(C.12)

(C.13)

We note that in all simulations, R is always less than 0.62C. Therefore, AVQ+ME is more supe-

rior than method B.
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