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Abst rac t .  This paper presents a novel parallel approach to monochrome 
image compression. The coding scheme, called LPIFS, consists of linear 
prediction followed by iterated function systems, which are employed 
instead of the usual quantizers to encode the predictive residuals. This 
technique has been implemented on the Meiko CS 1 and is easily extended 
to all distributed-memory MIMD architectures. Experimental tests have 
shown that LPIF$ can achieve very low bit-rates with satisfactory sub- 
jective and objective quality. For high compression ratios, LPIFS can be 
considered an effective alternative to standard techniques such as JPEG. 
The high intrinsic parallelism of the proposed scheme yields speedups 
close to the number of processors. 

1 I n t r o d u c t i o n  

This paper describes the combination of Linear Prediction (LP) and Iterated 
Function Systems (IFS) applied in cascade for image coding [10]. 

We chose a linear predictor based on a 2D autoregressive model because it 
is simple computationally and has a low number of coefficients, while capturing 
a good deal of the correlated information present in the signal [3, 5, 6]. An IFS is 
then applied to encode LP residuals instead of the usual quantizers. The stability 
of the hybrid operator is ensured by the separate stability of LP and IFS. 

Predictive compression techniques are based on a feature common to many 
images: there is strong correlation between contiguous pixels. The first step con- 
sists in trapping large quantities of information to reduce the intrinsical redun- 
dancy of the image, To do so, the image is divided in square blocks, whose size 
is usually 2 k x 2 k for k = 4, 5 or 6. 

The kind of predictive technique used for LPIFS is called an auto-regressive 
or all-pole model. This is a frequent choice because it is simple and has few 
parameters. In this model, the reconstructed pixel's value is 

~(rn, n) = - ~ ai , js(m--  i , n - -  j)  , (1) 
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where S denotes the region of support, that is, the past pixels that are necessary 
to predict the current pixel. The number p = [8[ is the filter order. 

The difference [~(m, n) - s(m, n)[is  called predictive error or residue and can 
be minimized estimating the parameters ai,j with the least squares method by 
solving a system of p linear equations [3, 6]. 

The next problem is that of determining a system of contractive functions 
(that is, an IFS) that,  when iterated, converges to the LP residual with the max- 
imum possible accuracy. This is called the inverse problem [1] and is extremely 
expensive from a computational point of view, unless some additional constraints 
simplify it. The first constraint is that  the mappings be affine transformations; 
another possible restriction involves the domain of the mapping: for each given 
region of the image, we only search the transformation domain among those 
regions that are classified as being most similar to it [4]. 

When we have found an IFS that  has our residue as its attractor,  we achieve 
compression because iterating the IFS on any initial data will recreate the residue. 
The outline of ms coding can be summarized as follows: (a) partit ion of the image 
into domain and range blocks; (b) classification of the blocks; (c) search for the 
optimal ms. The formalization of the search process can be expressed as follows: 
for each range R, we look for 

min min ~ P~ ~ z_.~( ,- - a. [l(D)]ij + ~)2 
( D , I )  a , f l  . . 

(2) 

where D is a candidate domain and I a candidate isometry [11]. 

2 T h e  P a r a l l e l  I m p l e m e n t a t i o n  

The inherent parallelism present in the LPIFS technique suggested a parallel 
implementation. While linear prediction alone could also be implemented on 
a SIMD machine, the processing of the linear residue by means of IFS is an 
asynchronous process that calls for a MIMD architecture. 

The computer that has been used for the implementation is a Meiko Com- 
puting Surface CS 1, whose topology is configurable by the user [8]. Since the 
algorithm requires little or no slave-to-slave communication, the interconnection 
scheme has been chosen as to minimize the sum of master-to-slave distances. 
The resulting topology is an irregular folded torus. 

The implementation adheres to the master/slave paradigm in that  the image 
is divided into pieces which are fed to the slave processors while the master 
supervises the operations and collects the results. This choice is motivated by 
the observation that  the IFS processing of the residue--which is the hardest part  
from a computational point of view--requires a postprocessing that  can be done 
while work is in progress on other pieces of the image. 

The processing time required for each range varies depending on the position 
of the best fitting domain inside its class. For this reason, it has been useful to 
enact processor farming: the slave that will process a certain range is scheduled 
among all the idle processors. 
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After the slaves have completed LP encoding, the master  recombines all the 
residual matrices and sends the result (as big as the original image) to each slave, 
which will need it in order to encode its portion of it by the [vs technique (the 
computa t ion  of (2) requires non-local calculations). When the slave is done with 
this second phase, it sends the encoded block back to the master.  The master  
consists of two separate processes. This expedient has simplified dealing with 
asynchronous transfers to and from the slaves. The classification of the domains 
happens before IFS encoding begins. The ranges, on the other hand, are classified 
one by one just  before being encoded. 

3 E x p e r i m e n t a l  R e s u l t s  

The LPIFS technique has been evaluated on the standard 512 x 512 x 8 image l e n a  
to assess its performance. The results obtained are presented in terms of two 
measures: signal to noise ratio (SNR) and bit-rate (BR). The BR, in bits/pixel,  
can be expressed as BR = bl + b2. The first term bl accounts for bp-related 
information (the filter coefficients and the pixels in S), while the second te rm b2 
is due to IFS coding. 

We have utilized adaptive filters of order 3 and 6. In spite of the low filter 
order, the results show that  LPIFS achieves low bit-rates with fair subjective and 
objective quality. Therefore, LPIFS can be considered an effective alternative to 
classical predictive coding employing the AMAR scheme. 

The data  in Table 1 demonstrate  that  LPIFS is an effective coding. It  can be 
seen that  larger block sizes slightly decrease the effectiveness of LPIFS in terms of 
SNR but  give a bet ter  BR. The subjective quality is satisfactory for different bit- 
rates, and for the chosen block sizes there are no significative visual distorsions 
on the decoded images. 

T a b l e  1. Performance of LPIFS on l e n a  for various block sizes using sixth order 
filters. 

1 6 •  3 2 x 3 2  6 4 x 6 4  
BR bl b2 SNR BR bl b2 SNK BR bl b2 SNR 

0.340 0.18 0.16 30.10 0.60 0.047 0.55 30.82 0.46 0.01 0.45 30.01 
0.195 0.18 0.015 28.21 0.48 0.047 0.43 30.21 0.28 0.01 0.27 28.87 

The experiments have shown LPIFS to require less computing t ime than  the 
IFS coding scheme. This result is due to differences in the kind of da ta  on which 
IFS have to work: a residue in the case of LPIFS and an image in the classical 
scheme. Because of this difference, it is possible to adopt  larger tolerances during 
IFS encoding, thus reducing the computat ional  load. Table 2 shows some typical 
execution times for our implementat ion of LPIFS. In this table, the column labeled 
'Tp '  gives the running t ime when Ns slaves are used, while 'Ts '  is the running 
t ime with only the master  and one slave. The last column contains their ratio. 
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Table  2. Execution times in seconds. 

Ns BR Tp Ts Ts /Tp 
16 0.48 203 2720 13.4 
16 0.60 192 2496 13.0 
4 0.48 812 2680 3.3 
4 0.60 898 2874 3.2 

4 Conc lus ion  

The method for still image compression described in this paper is based on a 
hybrid scheme that combines LP with IFS, applied in cascade to the image. 

Future study of this subject will focus on the following issues: (a) the com- 
bination between Ivs and other LP schemes or wavelet based coding [9]; (b) the 
application to true color imagery; (c) the applicability of this technique to video 
coding. The latter is an interesting point, since LP might be able to capture the 
correlation between adjacent frames in a natural way. 
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