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Introduction Parallel Genetic Algorithms (PGAs) have frequently been cited as an important area of research as
they provide.a means of ragldly developing a_solution to a wide range of problems. Real-time jmage analysis is one of
" the areas of resé: ch which would ppmcularly bepefit from PGAs, however such algorithms ate generally simulated on
convenlmnal computars or.are desxgned fot expensive hardware systems For pragtical image ptpcessmg ona large
scale, cheap fast and efficient PGA pmces;ors arerequired as part of a vision system.
1s|ol; systems require processing techmques which are robust. fast and capable of dealmg thh large

quammes of dam Gencuc alggnthms have been used because.of the first of these critesia, as is exemplified in the werks
Of Fmpatnck1§84 Mandava 1989, McAulay 1989. However by using hardware paralle] genetic algorithms the

! i a could also be fulfilied, Fitzpagrick suggests that a paralle] implemensation would be beneficial
ahd various formsof Parallel Geneuc Algenmm (PGA) have been suggested by other authors. Many of the different
techniques are covered in the five international conference proceedings on | genetic ulgonghmand the first Workshop on
Paralle] Problem Selvnpg from Nature, In this paper the nature of Parallel Genetic Algorithms is de-scnbed fallowed by
theappincat:on of genetic. n!ggnd:rns to.vision systems. A descnpuqn ofa hnqwm architectyre for vision systems is
detailed a.long with varigus modifications to improve the implementation. A simulation s ysed to produce results that
venfy the eﬂ'ecuvencss o?she hardware architecture and finally conclusions and fumu work are discussed.

Mﬂ%&n&A&m&mﬁ Parallel genetic algorithms can be categonsedmlo three types, sumdard' ‘coarse
grained' and 'fine grained’. Standard GAs can be implemented on a parallel architecture by distributing the evaluation
process over a pumber o{ processors (Fogarty 1990). Coarse grained genetic algorithms run several populations of genes
in paraliel. After number of geperations (G) the separate populations export a set of individuals (n) to other
nenglibounng pppulauons G generations is termed an 'epoch’ or migration period. Normally a single processor will
monitor each population and the’ processor Swaps md;xlduals every epoch thus parallelising the problem over the
number of populations (processors) within the multiprocessor system (Figm'e 1). A variety of topologies have been used
to define 'neighbours’ typically a simple grid or hypercube (Figure 2) is used with each node corresponding to a
processor (Tanese 1989, Cohoon 1990, Muhienbein 1991, Xu 1992). Theoretical studies of a coarse grain‘GA have been
done by Petty & Leuze 1989.

<+  Communications
Processor

—— Communications ]
C‘\} Distance of one

Figure t:Grid Topology Figure 2: Hypcrcube Topology (4 Dimensional)

Fine-grained parallel genetic algarithms act on each member of the population in parallel. Consequently each member
of the popuiation performs crossover with its immediate neighbours, where the neighbourhood is defined by the
topology and some distance parameter (Georges-Schieuter 1990, Manderick 1989, Tommssini 1993, Figure 1).
Manderick's work suggests that a distance parameter of two on a simple grid topology is reasonable. There is 1o
artificial separation of the chromosomes into distinct populations with fine-grained PGAs however the neighbourhood
restriction permits separation by distance. Tomassini uses a neighbourhood of four neighbours, but also permits
‘migration’ to greater distances. Spiessens (1991) also reports that small neighbourhoods are preferable, when using
tournament selection. Schwehm (1993) describes a mesh connected array processor which can only successfully use
elitism for short distances, random selection of chromosomes is preferred for large distances.

Coarse grain genetic algorithms are more complex than fine-grain genetic algorithms because each processor must
control a complete population in the coarse-grain case, whereas for the fine-grain case only one chromosome is
processed. However the fine-grain case will typically need far more processors. Goldberg's work (1989) suggests that for
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parallel genetic algorithms the larger the population the faster the GA converges to the optimum result, this is not true
of sequential genetic algorithms. Consequently for a single chip VLSI implementation, a large number of simple
processors is far more attractive than a few complex processors. If a few complex processors are required then standard
devices such as transputers linked together are likely to be highly efficient (Fogarty). This paper will therefore
concentrate on the fine-grain GA with massive parallelism on a single chip.

Vision Systems * Genetic algorithms have been applied in a number of different ways to vision problems. One method is
by usin a classifier system to identify images. McAulay (1989) used such a classifier system to identify letters of the
alphabet. Similarly Ankenbrandt (1990) identified oceanic features via a system based on semantic networks. An
alternative approach is to use GAs to solve clustering problems, typically required for automatic inspection. Cucchiara
(1993) used GAs to identify suitible clusters. Gaborski et al used GAs to identify a suitable subset of features from a
-handprint in-order:to build an efficiént classifier system. They successfully reduced the set of binary features required
from 1,500 10 300 whifst maintaining the sanie recognition rate. One of the most unusual applications has been that of
identifying criminals'by using a genetic algorithm to produce faces’ which are then given a fitness value by the 'victim'.
In this case the ‘image processing is done by the 'victim' and the genetic algorithm is used as an effective method of
searching through ‘face’ space (Cadwell 1991).

All the-above technigues are difficalt to implement in hardware, the simplest to implement are those based on finding a
transformation between a target iniage and a reference image. Mandava et al (1989) searches for a transform which will
warp a 'mask’ image ready for subtraction from a 'contrast' image, thus enabling the effective use of digital subtraction
aniography for rediicing motion artefacts in medical images. One of the problems mentioned by Mandava is that of the
time taken to process the image. Starkweather et al (1990) uses a 3D to 2D transformation problem as a particularly
difficult test problem for his distributed Genetic Algorithm. This type of problem will be tackled by our proposed PGA.

P; 1 i porithm for a vision system For this paper we will consider the problem of using a GA to
identify a transforin that maps a two-dimensional external image to a reference image. Once the transform has been
identified the position and orienitation of the target can be determined. An application may be that of using a vision
system to control a robet arm which i$ attempting to pick up and reorient an object.

The transform-used will be:

ERT ' m
Where 1 is the real image, T is the transform and R is the reference image

The Transform is a 3x2 matrix

S.cos¢ —sinod .
I(x,y)=R(x,y,]).| sindg S.cos¢ v)
—X, ~Yo

Here S-refers to a scaling factor, ¢ to rotation and x,, & y,, are position offsets.

The chromosome fitness is measured by the number of matches between corresponding pixels in the real image and the
transformed reference‘mmgc If the transformed and real image match perfectly then the position and orientation of the
object can be determiped from the transform. The transform is encoded within a chromosome as six, six bit genes.

This lmplemcnlahon is based on the Fine Grain Paralle! Genetic Algorithm model. In order to maximise the
number of on-chip processing elements a simple version of the algorithm is preferred. Consequently a variant of
Tomassini's PCGAOQ" has been considered with local tournament selection on a grid. All neighbours will be considered
in the tournament and the best selected. This selection method is supported by the conclusions of Spiessens et al,
provided a neighbour is assumed to be one unit away (figure 1). One variation to the original method is required,
namely an optimisation step which tries incrementing and decrementing each parameter by one and keeping the best in
order to move eachigene towards its local optimum by hiliclimbing. Technically this makes the process a hybrid genetic
algorithm, with:the-hillclimbing improving the speed at which local optima are found and the genetic algorithm
identifying the global optimum.
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The basic algorithm (Tomassini 1993) with the extra optimisation step can be described as follows:

Initialise system
while not done do
evaluate f(x;)
get N S f
getxy, xé,x
M =min{fN, fS AE fW)
(xl .x,")=x,®x,
evaluate f(x;') and f(x;")
f: m-mm{f(x,) £(x;), f(x, ")}

xj=x;M
mutate X; with probability py,
one step optimise each parameter (Additional step used in this paper, not used by Tomassini)
end while ] ® refers to ordinary two point crossover
Hardware For ease of description, the proposed hardware architecture is divided into three blocks (A, B, and C)

as shown in figure 3. The first block, block A, is responsible of executing the following tasks :

1. The selection of the best of the four neighbours, with associated chromosomes (Cs, Cn, Cw, Ce) and fitnesses (fs,
fnfwfe). The best chromosome and its associated fitness will be located in registers REG2 and FREG2
" respectively.

2. Crossover and mutation of the above chromosome with the original chromosome used for initialising the processor
(CHRMOi)

The second block block B, is responsible for fitness calculation. A given chromosome is separated into the individual
transformation | parameters. Two identical units are used in order to proceed through. the x and y directions in the frame
buffer (FB) Thxs architecture avoids the use of multipliers which represent an overhead interms of area and throughput.

The final block, block C, compares each pixel extracted from the fame buffer (after applying the transform) with the
corresponding plxel in.the reference image, and with the aid of a counter C3, updates the fitness in register Rft. At this
stage the chromosome could either be optimised (each parameter being selected using MXI13 and
incremented/decremented accordingly) or the fitness will be update in one of the fitness registers in block ‘A depending
on the current cycle (optimisation/post crossover fitness calculation).

A detailed description of figure 3 will be the subject of a more comprehensive article.

The performance of the above circuit is considerably fast even with the 1.5 CMOS technology. The circuit processes an
individual chromesome in 2-3 milliseconds and would operate at about S8MHz .

sults A simulation was used to test the algorithm for three separate images. The algorithm successfully
identified the position and orientation of the images in two cases. In one of the cases the match was not perfect, the
results obtained were those of a local minimum. Figure 4 shows the improvement of the best and average members of
the population for each of the three images over fifty generations. A perfect fit is found when the transformation
matches all 4096 pixels of the image. All three images converged to a result within thirty five generations which
corresponds to approximately a tenth of a second to recognise an image.

Conclusions & Future Work This work clearly shows the p ial power of genetic algorithms when applied to
image processing. For the simple images chosen and two point cross-over using a fine grain Parallel Genetic Algorithm
an excellent match was found in only thirty generations (figure 4). Further work can be done on improving the fitness
function, exploring other topologies and crossover operators. Hardware considerations will however limit the types of
PGA that can be explored. Using the GA hardware proposed here a position, orientation and scale are estimated to be
found in a tenth of a second which makes the GA practical for real-time operation. Further tests need to be done to
discover how robust a genetic algorithm is when using images from a variety of real applications. Hence a GA 'Engine’
may provide a cheap and powerful means of using this technology for a new generation of cheap vision chips that are
suitable for a range of applications.
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Figure 3: Hardware Schematic
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Figure 4: Results for three separate images
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