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Abstract

The design of an application-specific parallel architecture implementing a new image compression
algorithm is described. This algorithm, developed by José Moura and Nikhil Balram, achieves a
higher compression ratio than the JPEG algorithm for a given image quality. The goal of this
project is to design a processor which can compress 256 X 256 8-bit monochrome images at a rate
of 30 frames per second. The program is optimized for digital computer execution through the
use of sparse matrices and fixed point arithmetic. The code is used as the starting point for the
architecture design, which is done using a synthesis approach, focusing on exploitation of fine-grain
parallelism. A VLIW architecture is chosen, and a specific processor configuration is determined.
Board-level and custom VLSI implementations are proposed, and their performance evaluated. It
is shown that a frame rate of 30 frames per second could be achieved with a VLSI implementation.
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Chapter 1

Introduction

As the use of digital image and video storage and transmission becomes widespread, and the amount
of data involved becomes larger, image and video compression techniques also become important.
There are many examples of digital video/image applications presently in use or being considered
— video conferencing, scientific imaging (e.g., medical and weather applications), HDTV — and
more will appear in the near future.

One metric for compression schemes is the compression ratio, i.e., the ratio of the size of the
compressed data to that of the original data for equivalent levels of image quality. However, a
given algorithm cannot be put to practical use unless it can be implemented with an acceptable
performance level. The required speed is generally application-dependent; for example, current
televisions standards run at roughly 30 frames per second, while image storage might tolerate
longer latencies.

This report considers a new compression technique developed by José Moura and Nikhil Balram
[Bal92]. This algorithm is interesting because it achieves compression ratios significantly better
than those of JPEG (the Joint Photographics Expert Group image compression standard), for a
given image quality (see Figure 1.1.)

This thesis addresses the question of efficient hardware implementation of the Moura-Balram al-
gorithm. In Chapter 2, the mathematical basis of the algorithm is presented, along with several
optimizations on its implementation. Next, in Chapter 3, the customized architecture, which is
designed using a synthesis approach focusing on the exploitation of instruction-level parallelism, is
described. Finally, in Chapter 4, two implementations are proposed and their performance evalu-
ated. Chapter 5 summarizes the project and mentions planned future work.




Figure 1.1: Comparison of compression methods: (a) the original image; (b) the image after
compression with the Moura-Balram algorithm to 0.375 bits per pixel (no entropy coding); (c) the
image after JPEG compression to 0.384 bits per pixel (after Huffman coding); note the “blocking”
effects in (c)




Chapter 2

The Moura-Balram Algorithm

2.1 Mathematical Description

This section describes the mathematics behind the image compression algorithm. For a more
detailed explanation, refer to [Bal92].

2.1.1 Predictive coding

There are several methods currently used for image compression. The Moura-Balram algorithm
uses a form of predictive coding. In this class of algorithms, an error field is generated by subtracting
from the intensity field at each pixel its predicted value. The error field has a smaller dynamic
range of values (i.e., the values are closer to zero) and thus can be uniformly quantized at a lower
resolution than the original image. The compression process consists of generating a predicted
value of the intensity at each pixel, subtracting it from the actual intensity value, and quantizing
the result.

Another often-used technique is transform coding. JPEG, for example, uses a discrete cosine trans-
form (DCT) to transform the image into the frequency domain. Because the human eye is much
more sensitive to lower spatial frequencies, the higher frequency coefficients can be quantized at
lower resolutions, reducing the amount of data that needs to be stored [Wal91].

Previous predictive algorithms have usually used causal models, in which the predicted value is
calculated based on the “preceding” pixels (i.e., pixels to the left of and above the target pixel.)
The algorithm considered in this report is unique in that it uses a noncausal model, in which the
prediction is based on all of the pixels surrounding the target pixel.

2.1.2 Image Model

The Moura-Balram algorithm models the intensity of the image as a noncausal zero-mean Gauss
Markov random field. Each pixel value depends on the values of all of its neighbors (noncausality)
and more strongly on those of nearer neighbors (Markovianity.) A first order noncausal Markov
random field (see Figure 2.1) is used here. In addition, the pixel values are assumed to be distributed




Figure 2.1: A first-order non-causal Markov field, in which each pixel (‘0’) depends only on its four
nearest neighbors (‘x’)

according to a Gaussian distribution with a zero mean.
After subtracting the mean, the model for an N X M image is of the form
AX =¢ (2.1)

where é is referred to as the potential matriz, X is the image field, and € is the error field. The
fields X and € are lexicographically-ordered vectors of length N M:

74 =T =T =T
X = [#HZ;...3N]
e = [dd...&

where the #;’s and €’s are the ith

respectively.

rows (vectors of length M) of the image and error fields,

The potential matrix A is an NM X NM sparse banded matrix of the form

B C 0
cT B ¢
A= e (2.2)
¢t B C
[ 0 cT B |

where B and C are M X M sparse banded matrices:

1 —Bh 0
=B 1 —P
B = (2.3)
=B 1 =B

| 0 b 1

-""/Bv Q
C = (2.4)

L Q _,Bv

The error field is assumed to be a zero-mean Gauss field with covariance ¥, = 0?A4. The model is
completely described by the three parameters 8y, 8., and o2.
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2.1.3 Recursive model

To facilitate predictive coding, this model is transformed to a recursive (one-sided) model. This is
done by computing the Cholesky factorization of the potential matrix:

A=UTU (2.5)
where the resulting matrix, U, is of the form
Ui 6 0 ]
U, O,
U= (2.6)
UnN-1 On-a
0 Un |

where the U;’s and ©;’s are M X M matrices, the U;’s are upper triangular, and the ©,’s are lower
triangular.

The U;’s and ©,’s are computed using a Riccati iteration as follows. The Cholesky factorization

UTu =4
is written out:
v 01U & 0 ] [ B C 0
of vf U, 0, cT B C
O%-2 Uy UnN-1 On- ct B C
0 O UR 1L 0 Uv | L O cT B |
Individual rows are used to recursively generate the U;’s and O;’s:
vy, = B
ef,0,.,+UfU; = B
vle; = C
The Riccati iteration proceeds as follows (for ¢ > 1):
Uy = Cholesky(B) (2.7)
U; = Cholesky(B — 0F,0;_1) (2.8)
o, = U Tc (2.9)

where Cholesky(S) represents the Cholesky factor of §, i.e., the matrix U such that U Ty = 5.

Once U is known, algorithms for computing the error field and recovering the image field can be
generated:

vty = 4
Jutnauvg) = JAJ
= A (since A is symmetric)
AX = ¢
JunNX = Jutyle (2.10)
= (JUTne
= Z




where Z is a white noise field, whose rows are denoted by the column vectors ;. U and UT
are reflected here to reverse the order in which image rows are processed — this change is not

mathematically significant. Since U is upper triangular, the model equation may then be solved
recursively.

2.1.4 Compression

For compression — computing the error field from the image field — this solution is:

7 = L (2.11)

Z = FPTiaq+ LT (2.12)
where

P, = JON_iy1d (2.13)

L; = JUn-itad (2.14)

2.1.5 Decompression

For decompression — computing the image field from the error field — the solution is:

G G174 (2.15)
&; = Ff_1+GiZ (2.16)
where
F, = —JUNL 1 ON_innd (2.17)
G = JUYJ (2.18)

2.1.6 Parameter estimation

In order to utilize the model, the parameters, 8, B,, and o2 must first be calculated. There
is a method to determine the optimal parameters for a given image, however it is complex and
time-consuming, so an alternate heuristic method is used [BM92, MB92].

The parameter space is bounded by:

1
8o + 18h| < 55— (2.19)
2 cos MTH
A tolerance is left for numerical stability reasons:
1-&
Bol + 188l < ¢ = g - (2.20)
The parameters for square images (N = M) can be approximated as follows:
Xh
= — 2.21
g IXr + Xl (221)
Xv
= Xv 2.22
P el (2:22)
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Figure 2.2: Block diagram of the complete compression system

where x5, and Yy, are the horizontal and vertical correlations of the image. Note that it is not
necessary to compute o? if this heuristic method is used.

2.1.7 Compression

Since the image field can be generated from the error field in a unique way (Equations (2.15) and
(2.16)), the error field contains precisely the same information as the original image. In this sense,
it is similar to the DCT used by JPEG. The key to using this model for image compression is the
fact that the error field has a significantly smaller dynamic range than the original image. Thus, it
can be represented using fewer bits per pixel, requiring less space for storage or less bandwidth for
transmission than the original image.

The image compression system performs the following steps (see Figure 2.2):

1. The sample mean is subtracted from the image field (to satisfy the zero-mean requirement.)
2. The model parameters, 8, and 3,, are estimated (Equations (2.21) and (2.22).)

3. Using the Riccati iteration (Equations (2.7)—(2.9)), the model matrices, P; and L;, are gen-
erated (Equations (2.13) and (2.14).) Although there are actually N P;’s and N L;’s, the
Riccati iteration converges, and approximately 10-20 of each must be generated for typical
images.

4. Using the model matrices, the error field is generated from the image field (Equations (2.11)
and (2.12).)

5. The error field is quantized using a vector quantizer. The quantizer output may be entropy
coded, but this process is not discussed here. This is the only stage in which information is
lost.






