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Abstract

Traditionally digital filters are designed using the
concept of a linea difference euation with the
output response being a weighted sum of signal
samples with usually floating point coefficients.
Unfortunately such a model is necessarily
expensive in terms of hardware & it requires
many large bit additions and multiplications. In
this paper it is srown how it is possble to evolve
a tiny feed-forward redanguar array of logic
gates to perform various filtering tasks —
lowpass bandpass and multiband. The drcuit is
evolved by assssng its response to dgitised
pure sine waves. Some of the evolved circuits
possess amost linea properties, which means
that they are caable of filtering compaosite
signals which have not been encountered in
training.

1 INTRODUCTION

The difference euation is a fundamenta concept
employed in the @nstruction and analysis of digital filters
(Ifeador et a 1993.1f the output of the filter at time n,
y(n) is a function of N samples of the signal x(n-i) at
ealier timesit is referred to as of FIR type (finite impulse
response), however if the output also involves ealier
outputs y(n-i) then the filter is sid to be of type IIR
(infinite impulse response) ). Formally this is represented
in the following way.

y(n)=NZl&X(n—i)+ib.y(n—i) W

where the mefficients a; and b; are red valued floating-
point numbers. The esential problem of filter design is
the dhoiceof {a}, {b}, N, and M, so that the filter has the
desired behaviour (i.e. frequency response). In pradice
the oefficients {a}, {b} are of finite predsion. The
pradicd requirements of implementing such a system in
hardware consists of providing a number of shift registers,
multipliers, and adders. Thisis $rown in Fig. 1. Large bit
multi pli ers are very costly in hardware terms. Threeof the
most important fadors in the design of digital filters are

qguality of signal response, size (cost) of hardware
implementation, and speed of operation.
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Figure 1. Conventional hardware schematic for digital
filtering system. The evolved gate aray caries out the
function shown in gey (see sedion 3). ADC is the
analogue to dgital converter and DAC is the digita to
analogue wnverter.

There ae many traditional approaches which have been
developed to addressthese isaues (Ifeador et a 1993. In
particular one popular method for reducing the
implementational complexity is to restrict the filter
coefficients to integer coefficients (Dempster et al 1995
and references therein). Recently, researchers have started
to explore the gplicaion of evolutionary algorithms to
filter design (Ardan et a 1995 Chelapilla & a 1997,
Delibasis et a 1996 Esparcia @ a 1996 Harris et a
1995 Redmill et a 1997 Sriranganathan et a 1995
Wade d a 1994). The essential idea enployed by most of
these aithors is to use an evolutionary agorithm to
optimise the filter coefficients. This may be in
combination with finite wordlength analysis (Ardan et a
1995 Harris et a 1995 for IIR filter design, or it may be
in an adaptive ntext (Esparcia @ a 1996
Sundaralingam et a 1997). Other workers have employed
evolutionary algorithms to optimise wefficients together
with add and shift operations in so-cdled multiplier-less



designs (Redmill et a 1997 Sriranganathan et a 1995
Wade @ a 1994). In (Delibasis et a 1996 a genetic
algorithm was used to design an efficient non-linea filter,
known as a stad filter, for signal noise reduction by
finding a suitable positive bodean function (PBF). The
PBF could be represented as a bodean sum of products,
involving AND gates and OR gates. In (Bedriz & 4
1998 the authors evolved stad filters using both GA and
GP techniques. Evolutionary techniques have dso been
developed for signal processng in the analogue domain
(Grimbleby 1995 Lohn et al 1998 Murakawa ¢ a 1998
Zebulum et al 1998.

The work presented in this paper is an extension of recent
work which looked at evolving low pass filters (Mill er
1999. The objedive of this work is to further extend that
work and explore & a logic gate level whether it is
possble to evolve networks of logic gates to cary out
conventional filtering tasks such as low pass band pass
and multi-band filters. This is an interesting thing to do
for two main reasons. Firstly to explore the concept of
digital filtering in a space of posgbilities which is
considerably larger and richer than the traditional human,
top-down, difference euation method. Secondly to see
how effedive amicroscopic number of logic gates might
bein afilteringtask. The pioneaing concept of gate-level
evolution of digital functions was developed in (Iba d a
1996. Murakawa ¢ al (1996 generalised the mncept of
gate-level evolution to the so-cdled functional level, and
they showed how it was possble to cary out adaptive
equalisation on a mmmunications channel with superior
bit error rates to the @nventional least mean squares
method. These aithors believed that it would not be
possble to achieve red-world performance using a gate-
level approach.

One of the objedives of the work presented here is to
show that the posshiliti es aff orded by gate-level evolution
have been left largely unexplored, and that there remains
much fundamental work to be done & this level. An
additional motivation for attempting this work is the
enormous potential for new knowledge discovery aff orded
by the smple nature of logic functions. In other words,
can new principles be extraded from gate-level evolution
which can inspire and contribute to new methoddogicd
paradigms? There ae of course enormous questions
which need to be addres=d if such afiltering method is to
become pradicable. Foremost among these would be the
question of lineaity. If a gate aray is to be trained to
cary out a filtering task then can this be done in such a
way that composite signals, which can be represented as
weighted sums of sine waves, will also be filtered? This
would imply that the drcuit at least be wedly linea. The
findings presented in this paper are encouraging in this
regard, asin sedion 4 it is sown that the some of evolved
gate arays do appea to be quasi-linea (espedaly in the
lowpass €enario).

The adua method employed here to evolve agate aray is
developed from ealier work in (Miller et @ 1997, 1998,
1998h 199&) and has sme similar fedures to a method

cdled Pardlel Distributed Genetic Programming (PDGP)
(Poli 1997. This method is explained in sedion 2. In
ealier work (Miller et a 1997 Miller et a 1998h Mill er
et a 199&) the objedive was to synthesise an entire truth
table. This beaomes increasingy time cnsuming and
difficult as the number of inputs grow. It is obvious that
attempting to evolve truth tables of larger sizes will not be
feasible. It was argued in (Mill er et al 199&) that the red
applications for gate-array evolution probably lie in red
number mapping problems, where digitised red numbers
are presented to a drcuit and a digitised red number
output is desired. In such a scenario the number of input
conditions is determined by the problem and is not
necessrily an exponential function of the number of
inputs. Such a scenario is idedly furnished by the digital
filtering task. In this paper three filtering tasks are
considered: lowpass bandpass and multiband. The detail s
of this are explained in sedion 3. In sedion 4 the esolved
filtering charaderistics of the gate aray are presented,
including some results which show the quasi-linea
behaviour. These ae discussed in sedion 5, and
conclusions are given in sedion 6.

2 GATE-LEVEL EVOLUTION OF
DIGITAL CIRCUITS

The dcromosome representation used is best explained
with a simple example. Fig. 2 shows the genotype ad
phenotype for a small gate aray consisting of four logic
cdls. The logic cdls in this case have functions XOR,
AND, or MUX (multiplexer). The gate aray implements
the one-bit adder (with carry-in).
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Figure 2: Genotype and phenotype for the gate aray of
logic cdlswhich implement a one-bit adder

The drcuit in question adualy arose in an ealier
experiment reported elsewhere (Miller et a 1997 and is
quite novel in its own right. A, B, and Cin represent the
primary inputs. Cout and Sum are the output bits of the
adder. Each cdl is asumed to possess three input
connedions. If the cdl function does not require inputs
then the corresponding genes are ignored. For example the
upper right cdl (output 5) below has input connedions 3,
2, 1. This means that the first input is conneded to the
output of the cdl with output label 3 (upper left), the
seoond input is conneded to the primary input Cin, and
the third input is conneded to primary input B. The
function of ead cdl is expressd as the fourth gene
asciated with ead cdl (shown in bold typefacd. The
primary outputs of the gate aray are dso expressd as



connedions. For example Cout is conneded to the output
of the cdl with output label 6. The gate aray is envisaged
as being divided into verticd columns of cdls and the
representation is 9 constrained that columns of cdls may
only have their inputs conneded to connedion points on
their left. This ensures the @aemporal, feed-forward nature
of the drcuit. Actualy the nnedivity is further
constrained by the presence of a parameter cdled levds
back, and denoted by |, which dictates the number of
columns (including the primary inputs at column zero) to
which the inputs of cdls in column | may be @mnneded.
The dlowed cdl functions can be chosen to be any subset
of those shown in Table 1, where & impliesa AND b, "a
indicaes NOT a, O represents the exclusive-OR operation
and + the OR operation. Functions 0-15 are the basic
binary functions of O, 1 and two inputs. Functions 16-19
are dl binary multiplexers with various inputs inverted.
The multiplexer (MUX) implements a simple IF-THEN
statement (i.e. IF c=0 THEN a ELSE b). It isimportant to
note that one can consider multi plexers to be atomic both
formally and from an implementational point of view. It is
atomic in that it is a universal logic module so that it can
be used to represent any logic function. Also some
modern FPGAs now use amultiplexer based architecure
so that al two input gates are synthesised with
multi plexers.

Table 1: Allowed cdl functions

0o 1 2 3 4 5 6 7 8 9

0 1 a b a b & ab "a ab
10 11 12 13 14
allb alOwb a+b a+b Ta+b
15 16 17 18 19
"a+b ac+bc ac+bc "ac+bc "ac+ bc

The genetic dgorithm employed random mutation, which
was defined as a percentage of genes in the population
which were mutated. It respeded the feed-forward nature
of the drcuits and also the different aphabets associated
with connedions and functions. When crossover was used
it was of uniform type aad employed a 50% genetic
exchange. Elitism was aways used as it is markedly
beneficial (Mill er et al 1998&:). A probabili stic tournament
seledion method (size 2) was used in which the winner of
the tournament was sleded with a cetain probability
(between 0.5 and 10). In some caes a rudimentary
(1+ ) evolutionary strategy (ES) (Bad et a 1991 was
used to evolve the filter (with uriform mutation). In this
case apopulation of random chromosomes is generated
and the fittest chromosome seleded. The new population
is then filled with mutated versions of this. Rigorous
experiments were not conducted to assess the relative
effediveness of the basic seach agorithms chosen. The
pradicd advantages of either the GA, or ES for filter
evolution remain atopic for future research.

3 EVOLVING A FILTER RESPONSE
WITH A GATE ARRAY

In digital signal processng an incoming analogue signal is
sampled and the signal magnitude is represented as a
binary number. Numericd manipulations of the digiti sed
samples are caried out before the information is
presented to a digital to analogue mnverter to produce an
analogue output signal. Thisis the esential ideaof digital
signa procesing. A fundamental theorem of DSP is
cdled Nyquist's theorem, it states that one cannot
reconstruct an incoming signa perfedly unless half the
sampling frequency (this is defined as the Nyquist
frequency f, ) is greaer than the highest frequency
component in the incoming signal. In the context of this
paper the incoming analogue signals which are to be
procesed by the gate aray are sampled at frequency f,
with sampling period p. Thus the number of samples used,
s, is given by s=fp. The samples are digitised and
represented by a wordlength of w bits. In afilter of order
n, one therefore must colled nw bits at ead sampling
time. These nw bits for the s samples are mlleded and
represent the input conditions to the gate aray. For eath
nw input bits the gate aray must produce w output bits. In
this way a set of input-output conditions are defined.
When s samples have been colleded the discrete fast
fourier transform (DFFT) is taken. A program which was
fredy available in (Ifeador et al 1993 was used to do
this. In this way the frequency charaderistics of the
evolving gate aray can be asssed for ead input signal.
The input signals chosen were pure sine waves with zero
phase. They had frequencies which were integral multiples
of the fundamental f; (1/p) up to the Nyquist frequency
minus one. It is important to note that a discrete Fourier
transform differs from the familiar Fourier transform
principally in that when it is applied to a digitised and
sampled input signal the signal is resolved into a finite
number of frequencies of the fundamental up to the
Nyquist frequency. The sine waves were trandlated by the
addition of a d.c. component so that they assumed only
positive values, this removed the neeal for two's
complement number representation. One can envisage this
more dealy by noting that the fundamental corresponds
to a singe ead sine gcle fitting into the sampling
window. The entire arangement is own in Figure 3. In
thisfigure an input sine wave is siown on the left which is
digiti sed to binary numberswith w=4 , and n=2. An entire
history of samples are wlleaed for ead sine wave. These
are the input conditi ons presented to the gate aray.

On the right of the gate aray is iown the outputs of
wordlength equal to 4 hits. To evaluate the fitness of a
chromosome each digitised sine wave with frequency f is
presented to the gate aray and the DFFT of the output
response is cdculated. The power in the frequency
domain W(f), defined as the modulus of the output
response in the mmplex frequency domain, is normali sed
by dividing by the maximum power asciated with the
DFFT of apure sine wave.
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Figure 3: The training scenario for evolving agate aray
with filtering properties

The d.c. component of the output is ignored. Two
methods of fitness assgnment were used. Define the
maximum power over all frequencies , W,,, and the
maximum power over all frequencies excludingf; , Wi,

Wiax = maxW(f;),0j: f, < f; < f, -3 @

Winax = maxW(f;),0j: j#i, ;< f; < f, -3 (3)

Define 0, to be 1 if the frequency i is to be passed, and 0
if it isto be stopped. The dementary fitness contribution
for the DFFT of the output signal, X;, is given by,

X =8 W(f) ~Wip) + (1-6)A-Wpa)  (4)

In the first definition of fitness (pasdand experiments
only) the fitness contributions were defined in (4). In the
seoond method o fitnessasggnment (a later refinement),
the fitness is cdculated with a user defined set of
frequency rewards r; (fitnessprofile). The fitnessis given
by (5) below, where n, , and n_ , represent the number of
frequencies to be passed, and stopped, respedively (over
all frequencies up to f,—1).

X =8, W(1}) "W ~+ (1= 5)A-Wira) == (5)

+

Note that the definition gven in (5) is <de invariant and
just assggns a fixed maximum fitness contribution for the
pass regions and stop regions irrespedive of their size
Thisis an important fedure & if one were going to carry
out filtering over a greaer range of frequencies by using a
higher sampling frequency the size of the pass region
relative to the stop region could change drasticdly.
Defining frequency rewards allows one to spedfy the
relative importance of spedfic frequency behaviour. The
total fitnessx associated with a given chromosome is then
given by the sum of the cmponents x; for all frequencies
up to f,-1. These definitions of fitness mean that one is
trying to suppressall sine waves with frequencies in stop

region, and trying to enhance only pure freguencies
(uncorrupted sine waves) in the passregion.

4 RESULTS

The eperimental parameters for this paper are given
below, the nominal sampling period p was chosen to be 1
for convenience Thus the sampling frequency f equals the
number of samples s. All filters were evolved with the
following parameters s=128 w =8, n = 4. On this occeasion
the only alowed function for all experiments was a
multiplexer (type 16). The number of genes in the
chromosome is equal to four times the number of gates
used plus the number of output connedions (seeFig. 2)

LOWPASS RLTER

The experimental parameters were: normalised passand
cutoff = 0.08 (10.24 un-normali sed), population size = 10,
breeding rate = 100, gene mutation probability =0.02,
crosover rate = 50%, uniform crosover, number of
generations = 10,000, €liti sm, size 2 tournament seledion,
accetance probability is 0.7, geometry of gate aray is 9
rows and 9 columns, levels-badk | = 9. The results $own
below are for the best of ten runs of the genetic dgorithm
under the aove cnditions. The frequency response of the
evolved lowpass filter is diown in Fig. 4. The y-axis
shows only the maximum power amplitudes of the filter
responses to the digitised pure sinusoidal input signals.
Other frequency components for particular incident
signals can be seen in the frequency plots below (Figs. 5,
6, and 7). The plot of relative power against frequency for
a pure urfiltered sine wave would have asing e frequency
spike & the given frequency of height one.
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Figure 4: Frequency response of evolved lowpassfilter

The response of the evolved filter to input signals of
various frequencies both in the pasand and the stopband
are given below.
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Figure 5: Incident signal f; , output response and
frequency response
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Figure 6: Incident signal fs , output response and
frequency response
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Figure 8: Incident signal 0.5(f; + f5 ), output response and
freguency response
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Figure 9: Incident signal 0.5(f; + f25), output response and
frequency response
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Figure 10: Incident signal 0.33(f, + f4+ fg), output
response and frequency response

MULTI-BAND FILTER

In later experiments (which were not exhaustive) a form
of (1+A) Evolutionary Strategy was used to find a multi-
band filter with two passregions having frequencies 1-8,
and 25-32. Uniform mutation was used equal to 2% of the
genes in a chromosome, which in this case euates to 8
genes per chromosome. In thiscase A was <t a 19. The
number of generations was 10,000 The geometry was 10
rows by 10 columns. In this experiment a frequency
dependent reward profil e was defined as iown in Fig. 11,
the fitness was cdculated using equation 5. The evolved
filter response is $own in Fig. 12. The reasons for
choosing this particular reward profile ae a follows.
There gpeas to be a natural bias towards lowpass
behaviour. Thus the incremental fitness rewards for
transparency (2) in the frequency range 1-8 was chosen to
be lessthan the reward for transparency in the second pass
band (3), with frequency range 25-32. The reward for the
stop region between the two bands was aso higher to



encourage opadty. The highest rewards for opadty (4)
were awvarded for a few frequencies either side of the pass
regions. This was to encourage a sharp transition from
transparency to opadty.
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Figure 11: Reward profil e for evolving the multi-band
filter

Figure 12: Frequency response of evolved multi-band
filter

- ] -
S
W /V

111234867 890ma

Frequency (sampling/128)

Figure 13: Incident signal f4, output response and
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Figure 14: Incident signal 0.5(f, + f,g), output response
and frequency response

BANDPASS RLTER

A bandpassfilter was evolved (seeFig. 15). The passand
was 26-35. This proved to be the most difficult task of the
three studied. Again a (1+A) Evolutionary Strategy was
used with A = 49. Mutation rate per chromosome = 2%,
10,000 generations, and levels-bad | = 5. In this case the
reward profile was uniformly set to 10.
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Figure 15: Frequency response of evolved bandpassfilter
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Figure 16: Frequency responses of evolved bandpassfilter
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5 DISCUSSION OF RESULTS

For the lowpassfilter it can be seen that signalsin the pass
region are transmitted fairly cleanly (in the frequency
domain), though there is gill noticeale distortion of the
output signal (Figs. 5 and 6). Fig. 7 shows the dmost d.c.
response to asignal in the stop region. Figs. 8-10 show the
response of the evolved filter to three @mposite signals,
which have never been seen by the filter before. In Fig. 8
one can seethat the dominant response frequencies are f;
and f,. If the response had been perfedly linea then the
relative power for these would have been identicd, with
zero power in all other frequencies. Clealy the evolved
filter is behaving in a nealy linea fashion. In Fig. 9 a
compaosite signal consisting of a frequency in the pass
band (f3) and one in the stop region (f,5) is presented.
Again the pass frequency dominates but with some
lekage of power to adjacent frequencies. The stop
frequency is heavily attenuated. Once ajain the filter is
behaving in a quasi-linea fashion. Fig. 10 shows the near
linea behaviour with a sum of three pass frequencies.
Looking at the output responses it appeas that the filter is
exaggerating the dhanges in the incident signal. In the case



of the multi-band problem the evolved filter transmits
quite deanly in the passhand (Fig. 13) and attenuates in
the stop regions, however the response to a omposite
signal 0.5(f,+f,g) is not so linea as with the lowpassfilter.
Idedly both frequencies would have been transmitted
without attenuation. However it can be seen that the fyg is
highly attenuated (though it is dill the second largest
transmitted frequency). This behaviour ill ustrates the
better response of these evolved filters to low frequency.
Perhaps if the reward profil e has been more biased toward
transmisgon of higher passand frequencies a better result
might have been obtained. Finally examining the results
for the bandpassfilter (Figs. 15-16) it can be seen that for
a ompasite signal of two pasdand (f,7 and fs4), the filter
does transmit, though with significent attenuation.
Additionally, there is power le&kage to ather, spurious
frequencies. If the composite signal has one frequency in
the stopband (f3) and the other (f50) in the passand, then it
should transmit the latter. However it transmits the stop
frequency component f3! This evolved filter is behavingin
the least linea fashion of those evolved.

HARDWARE REQUIREMENTS AND SPEED Of
EVOLVED FILTER VERSUS CONVENTIONAL
DESIGN

When the evolved filter circuit corresponding to Fig. 4
was analysed it was found to require 29 multiplexers
(equivalent to 87 two-input gates). In addition the filter
would produce the filtered response very quickly as one
only has to wait for the signals to propagate through the
gate-array. A conventional filter of order 4 and
wordlength 8 would require & least an eight-bit adder and
multi plier as well as registers to store the mefficients. A
conventional cdlular multiplier alone of this $ze would
require n® AND gates and n(n-1) full adders (where n=8).
Thus it would require 344 two-input gates. Additionally
we would neda the gates aswciated with the eght-bit
adder (40 two-input gates) and the register. The output
would be delayed by a number of clock cycles to
acamulate the response (see euation 1). Thus the
evolved circuits are much smaller and quicker than those
which could be designed conventionally. However it
should be noted that the filters evolved thus far are far
from perfed. It is emphasised that the objedive of this
work was not explicitly to design more dficient circuits
but to show for the first time that it is posdgble to evolve
filters without many of the asamptions of conventional
techniques, most notably, the &sence of an imposed
difference ejuation (egn. 1).

6 CONCLUSIONS

In this paper it has been shown that it is possble to evolve
filtering charaderistics with a gate-array containing very
few components. In some caes the evolved filter has a
quasi-linea response which has emerged quite naturally.
There is currently no mathematicd framework for
understanding how to design filters at this level. It is felt
that the results presented here may encourage some

thinking about a mathematicd underpinning of this. There
is gill an enormous amount of further investigation to be
undertaken. The work raises many questions. Why is the
evolved filter quasi-linea? Can one evolve it in such a
way as to enhanceits lineaity? Would this require greaer
gate resources? How would the filter response to changes
in phase of the incident sine waves? What would happen
if ‘off-frequency’ signals were presented. The results ©
far are preliminary, so that one can exped better with a
more sophisticated evolutionary strategy. In conclusion it
is felt that this work once a&ain demonstrates the
enormous cgpadty of a few gates to display complex
behaviours, a fad which has bemme evsident in much
work in the field of evolvable hardware (Sipper et a
1997.

References

Ardan T., and Horrocks D. H., “A Genetic Algorithm for
the Design of Finite Word Length Arbitrary Response
Cascaded |IR Digital Filters’, Proc. of the First IEE/IEEE
International Conference on Genetic Algorithms in
Engineging Systems: Innovations and Applications
(GALESIA'95), No. 414, |EE, London pp. 276-281,
1995

Bad T., Hoffmeister F., and Schwefel H.-P., “A Survey
of Evolutionary Strategies’, Belew R. and L. Booker L.
(Eds), Procedalings of Fourth Int. Conf. On Genetic
Algorithms, San Mateo, CA, Morgan Kaufmann, pp. 2-9,
1991

Beariz Garmendia-Doval A., Mohan C. K., and Prasad
M. K., “Evolving Tree Representations of Stad Filters’,
in JR. Koza & a. (eds), Genetic Programming:
Procealings of the Third Annual Genetic Programming
Conference, Morgan Kaufmann, San Francisco, CA, pp.
103108 1998

Chelapilla K., Fogel D. B., and Rao S. S., “Gaining
Insight into Evolutionary Programming Through
Landscgpe Visudization: An Investigation into IIR
Filtering’, Angeline P. et a (Eds) Evolutionary
Programming , Lecture Notes in Computer Science, Vol.
1213 pp. 407-417, 1997

Delibasis K. K., Undrill P. E., and Cameron G. G.,
“Genetic dgorithm implementation of stad filter design
for image restoration”, |IEE Proceeelingsin Vision, Image
and Signal Processng, Vol. 143 No. 3, pp. 177-183
1996

Dempster A. G., and Madeod M. D., “Use of Minimum-
Adder Multiplier Blocks in FIR Digita Filters’, IEEE
Transadions on Circuits and Systems-ll: Analog and
Digital Signal Processng, Vol. 42, No. 9, pp. 569577,
1995

Esparcia Alcaza A. I., and Sharman K. C., “Some
Applications of Genetic Programming in Digita Signal
Processng’, Late Bre&king Papers a Genetic
Programming 96, Stanford, pp. 24-31, 1996

Grimbleby J. B., “Automatic Analogue Network Synthesis
using Genetic Algorithms’, Procealings of the First



IEE/IEEE International Conference on  Genetic
Algorithms in Engineging Systems. Innovations and
Applications (GALESIA’95), No. 414, IEE, London pp.
53-58, 1995

Harris S. P., and Ifeador E. C., “Automating IIR filter
design by genetic dgorithm”, Proceeadings of the First
IEE/IEEE International Conference on  Genetic
Algorithms in Engineging Systems. Innovations and
Applications (GALESIA’95), No. 414, IEE, London pp.
271-275 1995

Iba H., lwata M., and Higuchi T., “Machine Leaning
Approach to Gate-Level Evolvable Hardware”, Higuchi
T. et a (Eds), Procealings of The First International
Conference on Evolvable Systems. From Biology to
Hardware (ICES96), Lecture Notes in Computer Science,
Vol. 1259 Springer-Verlag, Heidelberg, pp. 327 — 343
1997

Ifeador E. C., and Jervis B. W., “Digita Signd
Processng: A Pradicd Approach”, Addison-Wesley,
1993

Lohn J. D. and Colombano S. P., “Automated Analog
Circuit Synthesis using a Linea Representation”, Sipper
M. et a (Eds.), Procealings of The Seaond International
Conference on Evolvable Systems. From Biology to
Hardware (ICES98), Lecture Notes in Computer Science,
Vol. 1478 Springer-Verlag, Heidelberg, pp. 125133
1998

Miller J. F., and Thomson P., “Evolving Digital
Eledronic Circuits for Red-Vaued Function Generation
using a Genetic Algorithm”. Koza J. R. et a, (Eds).
Genetic Programming: Procealings of the Third Annual
Conference, July 22-25, 1998 University of Wisconsin,
Madison, Wisconsin.  San Francisco, CA: Morgan
Kaufmann pp. 863-868 1998

Miller J. F., Thomson P., “Aspeds of Digital Evolution:
Evolvability and Architedure”, Eiben A. et a (Eds),
Procealings of The Fifth International Conference on
Parallel Problem Solving from Nature (PPSNV), Ledure
Notes in Computer Science, Vol. 1498 Springer-Verlag,
Heidelberg, pp. 927-936, 1998h

Miller J. F., Thomson P., “Aspeds of Digital Evolution:
Geometry and Leaning’, Sipper M. et a (Eds),
Procealings of The Second International Conference on
Evolvable Systems: From Biology to Hardware (ICES98),
Ledure Notes in Computer Science, Vol. 1478 Springer-
Verlag, Heidelberg, pp. 25-35, 1998.

Miller J. F., Thomson P., and Fogarty T. C., "Designing
Eledronic Circuits Using Evolutionary Algorithms.
Arithmetic Circuits: A Case Study”, Quagliarella D. et a
(Eds.) Genetic Algorithms and Evolution Strategies in
Enginegingand Computer Science, Wiley, 1997.

Miller J. F., “Evolution of Digital Filters Using a Gate
Array Moddl”, in Poli R, Voigt H-M, Cagnoni S., Smith
G., Fogarty T. C, Procedalings of the First EvolASP'99
Workshop o Image Analysis and Signal Processng,

Ledure Notes in Computer Science Vol. 1596 Springer-
Verlag, Heidelberg pp.17-30,1999

Murakawa M., Yoshizava S., and Higuchi T., “Adaptive
Equalisation of Digital Communication Channels Using
Evolvable Hardware”, Higuchi T. e a (Eds),
Procealings of The First International Conference on
Evolvable Systems: From Biology to Hardware (ICES96),
Lecdure Notes in Computer Science, Vol. 1259 pp. 379 —
389 1996

Murakawa M., Yoshizava S., Adachi T., Suzuki S,
Takasuka K., lwata M., and Higuchi T., “Anaogue EHW
Chip for Intermediate Frequency Filters’, in Sipper M. et
al (Eds), Procealings of The Sewnd International
Conference on Evolvable Systems. From Biology to
Hardware (ICES98), Lecture Notes in Computer Science,
Vol. 1478 Springer-Verlag, Heidelberg, pp. 25-35, 1998

Poli R., “Evolution of graph-like programs with parall el
distributed genetic programming’, Badk T. (Ed.), Genetic
Algorithms: Procealings of the Seventh International
Conference, Morgan Kaufmann, pp. 346-353 1997

Redmill D. W., and Bull D. R., “Design of Low
Complexity FIR Filters using Genetic Algorithms and
Direded Graphs’, Procealings of the Second IEE/IEEE
International Conference on Genetic Algorithms in
Engineging Systems: Innovations and Applications
(GALESIA’97), No. 446, |EE, London, 1997.

Sipper M., Sanchez E., Mange D., Tomassni M., Perez
Uribe A., and Stauffer A., “A Phylogenetic, Ontogenetic,
and Epigenetic View of Bio-Inspired Hardware Systems’,
|[EEE Transadions on Evolutionary Computation, Vol. 1,
No 1, pp. 83-97, 1997.

Sriranganathan S., Bull D. R., and Redmill D. W.,
“Design of 2-D Multiplierless FIR Filters using Genetic
Algorithms’, Procealings of the First IEE/IEEE
International Conference on Genetic Algorithms in
Engineging Systems: Innovations and Applications
(GALESIA'95), No. 414, |EE, London pp. 282286
1995

Sundaralingam S., and Sharman K. C., “Genetic Evolution
of Adaptive Filters’, Procealings of DSP, London UK,
pp. 47-53, 1997

Wade G., Roberts A., and Williams G., “Multiplier-less
FIR filter design wing a genetic dgorithm”, IEE
Procealingsin Vision, Image and Signal Processng, Vol.
141, No. 3, pp. 175180, 1994

Zebulum R. S., Pademd M. A., and Vdlasco M.,
“Comparison of Different Evolutionary Methoddogies
Applied to Filter Design’, 1998 IEEE Int. Conf. On
Evolutionary Computation, |EEE Press Piscaaway, NJ,
pp. 434439 1998



