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Abstract—This paper presentsa new method of phaseestimation that
is basedon Evolutionary Algorithms. Unlik e traditional phaseestimators,
this method doesnot require detailed a priori knowledgeof the signal. The
estimator operatesby generatinga model of the signal and optimising the
model parametersincluding phase,to provide the best match in the fre-
quencydomain. The resultsshaw that the estimation processs capableof
providing a good phaseestimateof the signal, evenin significant noiseand
for a wide range of waveforms.

Index Terms—Phaseestimation, Evolutionary Algorithms

I. INTRODUCTION

HASE estimationof signalsis of greatimportancein ap-

plicationssuchasinterferenceancellationcoherentom-
municationover time-varying channelsanddirectionof arrival
estimation.Theproblembeingaddressedh this paperis thees-
timationof theinitial phaseof acomple signalfor usein coher
entsystems.Djuric andKay [1] have proposedseveral closely
relatedmethodghatcouldbe usedfor phasesstimationof gen-
eralisedchirps,thataredescribedby higherorderpolynomials,
with limited a priori knowledgeaboutthesignalcharacteristics.
While thesemethodsperformexceptionallywell undercondi-
tionsof high Signal-to-NoisdRatios(SNRs) for SNRslessthan
8dB the performancef thesemethodddegradegapidly.

Sugaharat al. [2] proposeda combinationof linear predic-
tion andanalysidy synthesisnethoddor theparameterisations
of acousticsignals. This methodis basedon obtainingan ap-
proximateinitial parameteestimatdrom thelimited datasam-
plesavailable. Thereaftedlongerdurationdataare synthesised
from this initial estimateandthis synthesisedignalis usedfor
estimatingthe phase.Theresultsshav the performancef this
methodwhenno noiseis presentandits performancean noise
hasnotbeenquantified.

Some methodsbasedon expectation maximisation (EM)
have beenproposedor usein applicationssuchascommuni-
cations[3]. The EM methodof waveformdetectionandphase
estimationjn fact,correspondto carryingouta maximumlik e-
lihood phaseestimationusinganiterative method. Theresults
presentedor the EM methodshav the performanceindercon-
ditionswhenonly thephasés unknown. In contrastfor thenew
methodconsideredere,it is assumedhatthe a priori knowl-
edgeaboutthe signalcharacteristicss limited andthe number
of unknovn parametersncludingthe phaseis large.

This paperdescribesa newv methodfor phaseestimationof
signalsbasedon evolutionary algorithms(EA) that doesnot
needaccurate priori knowledgeof thesignalparametersThis
enablesit to estimatethe phaseof ary signal within a cer
tain generaldescription(suchasnon-linearchirps). This new
methodprovidesaccurateestimate®f the phase.Unlike mary
other methodswhoseperformanceguickly degradesin noise,
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the new estimationmethoddegradespredictablywith increas-
ing noiselevels.

Il. THE CONCEPT

Whenthereis limited a priori knowledgeaboutthevariables
thatcharacteriséhe receved signal,accuratgphaseestimation
is possiblef thesignalparameterareestimatedilongwith the
phaselt is clearthataccurateestimationof the variablesn the
recevedsignalwould resultin anaccuratgphaseestimate.

Considerthe caseof phaseestimationof linear chirps. It is
assumedhatlimited a priori knowledgeis thatthe chirp could
lie anywherewithin frequenciesf; and f, andthechirpmaybe
sweptup or sweptdown in frequeng, indeedit may evenbe a
puresinusoid.

In this case ary phaseestimatomwould first needto estimate
thechirp parameterse. the startandstopfrequencieandonly
thenwould accuratgphaseestimationbe possible.With sucha
large numberof possiblechirps,a maximumlik elihood phase
estimatorwould requirea large numberof templateso match
againstandthis would be computationallyintensve.

This new methodis basedon analgorithmthatestimateshe
chirp parametersandthe phaseof the receved signal concur
rently. The methodis capableof estimatingphasewith anac-
curay of &5 radianswith limited a priori knowledgeof the
signal parameterat an SNR of 10dB. The simultaneoussti-
mationof thesignalparameterandit’s phaseestimations car
ried out by usingan EA. The non-linearsearchprocessof the
EA malkesit suitablefor this optimisationproblemwherethe
searctspacecanbe quitelargeandmulti-modalwith a number
of localminimum.

I1l. IMPLEMENTATION USING EVOLUTIONARY
ALGORITHMS

EvolutionaryAlgorithms are optimisationproceduresvhich
operateover a numberof cycles(generationsandaredesigned
to mimic the natural selectionprocessthrough evolution and
survival of thefittest[4]. A populationof M possiblesolutions
is maintainedby the algorithm. Eachpotentialsolutionis rep-
resentedby one chromosome This is the geneticdescription
of the solutionandmay be brokeninto n sectionscalledgenes
Eachgenerepresents single parametein the problem. The
chromosomesould be represente@svectorﬁ wherethe ele-
mentsof the vectorarethe genes.Eachtrial solutionformsa
singlepointin the parametespace.

The three simple operationsound in nature: naturalselec-
tion, mating and mutationare usedto generatenen chromo-
somesand thereforenew potential solutions. Each chromo-
someis evaluatedat every generatiorusingan objectivefunc-
tion thatis ableto distinguishgoodsolutionsfrom badonesand
the chromosomegperformances assignedh score. With each



new generationsomeof the old chromosomesreremovedto
malke roomfor thenew improvedoffspring. Despitebeingvery
simpleto code,requiringno directionalor derivative informa-
tion from the objective function andbeing capableof handling
a large numberof parametersimultaneouslyevolutionaryal-
gorithmscanachieve excellentresults.

While there are various optimisation techniquesavailable
within EvolutionaryAlgorithms,we have foundtheDifferential
Evolution algorithm(DE) [5] to be particularlysuitablefor this
application. The corvergencepropertiesof the DE algorithm
appeaitto be moreconsistenthansomeotherEvolutionaryAl-
gorithmssuchasEvolutionaryStratgiesandEvolutionaryPro-
gramming[6] whenappliedto this problem.

A. Differential Evolution

Differential Evolution is anevolutionarytechniquethatuses
mutationsthat are relatedto the currentspatialdistribution of
the population. The algorithmgeneratesen chromosomeby
addingthe weighteddifferencebetweerntwo chromosometo a
third chromosomeAt eachgenerationfor eachmemberof the
parentpopulationanen chromosomés generatedelementof
this new chromosomarethencrossedvith the parentchromo-
someto generateéhechild chromosomeThechild chromosome
is evaluatedusingtheobjective functionandif it hasabetterob-
jective valuethantheparentthechild chromosomeeplaceshe
parent.Thesizeanddirectionof thedifferencebetweerary pair
of chromosomeis determinedy the overall spreacof the cur-
rentpopulation.Thusthe DE algorithmselfadaptdo thefithess
landscapereducingthe size of the mutationsautomaticallyas
the searchcorverges. In this way, no separatgrobability dis-
tribution hasto be usedfor mutationwhich makesthe scheme
completelyself-omganising.

Thetrial chromosomé} maybedescribedsin (1).

R=FF.-F)+F 1)
Wherechromosome®,, B, & P; arechoserfrom the popula-
tion withoutreplacemenandF is ascalingfactor

Thecross@er processs controlledby a crosseer parameter
C. Thecrosswerregionbegginsatarandomlychoserparameter
in the chromosomeand then a sggmentof length L genesis
copiedfrom B to the parentchromosomeo createthe child
chromosomelf thesegmentis longerthantheremainingength
of thechromosomethe sgmentis wrappedo thebeginning of
the chromosome.The lengthL is chosernprobabilisticallyand
is givenby (2).

P(L>V)=(C)* " v>0 (2)

In generalthe scalingparameteF andthecrosseer param-
eterC lie in therange[0.5, 1]. Smallvaluesof F meanthatthe
populationspreadreducesasterandthis is morelikely to re-
sultin thealgorithmcorverging quickly atalocal minima. We
have found thatvaluesof 0.9 for both F and C are suitablefor
this application. Within the population,eachindividual chro-
mosomeaepresentapossiblesolutionto theestimatiorandthe
genevalueswithin the chromosomeare the chirp parameters
themseles.

B. Chromosoméstructue

Within the context of the problem of phaseestimationof
comple signalsconsideredere,therecevedsignal/maveform
is characterisetly asetof parametersEachof theseparameters
correspondo a singlegenewithin achromosomeThereforea
singlechromosomeontainsa setof genescorrespondingo the
setof parametershat describethe waveform of interest. For
a generalcaseof linear chirpsthe signal canbe describedby
3) & (4).

x(t) = Acog fc(t) + @)
fc(t) =m+cC

®3)
(4)

The parametershat are requiredto completelyregeneratehe
waveformare;m, c andthe phasg@). Thusthechromosomén
this casecontainghreegeneswvhich correspondo theseparam-
eters.

Gene 1 Gene 2

One'gene

Chromosome
Fig. 1. Simplifiedblock diagramof achromosomestructure

Figurel shavs a schematicepresentationf suchachromo-
some.For amoregeneralcaseof a waveformthatis described
by n parameterghe chromosomaevill consistof n genes.

Thewaveformthatis characterisetly eachof thesechromo-
somesepresents potentialsolutionto the optimisationprob-
lem being considerechere. An objective function is usedto
quantify the bestmatchfrom within the populationof chromo-
someson the basisof meansquareerror, whencomparingthe
total spectrunof the recevedsignalwith thelocally generated
modelfrom thechromosome.

C. Obijectivefunction

The fithessof a particularchromosomen the populationis
basedn: (a) regeneratinghe estimatechirpedpulsefrom the
genes(b) obtainingthe spectrumof this signal (via the FFT),
(c) performinga leastsquaresamplitudefit on boththerealand
imaginarycomponentsf thespectrunof theregenerategignal
with thereceivedsignaland(d) comparinghisamplitudescaled
spectrumwith thetime averagedspectrunthatwasstoredfrom
thesamplegakenfrom therecevedpulse.

By usingboththerealandimaginarycomponent®f thefre-
queng spectrumit is notonly possibleto parameterisénhe pa-
rameterof the chirpedsignalbut alsoto estimatets phasesi-
multaneously

Thechromosomegiving theleastmeansquareerroris chosen
asthebestmatch. The degreeof matchis quantifiedby usinga
meansquarecriteriongivenin (5).

) N2
E— Z|N=1 (XlN_YI) (5)

wherex; andy; aretheith spectralcomponent®f the regener
atedandreceved spectrunrespectiely, N is the total number
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of spectralcomponentsn the spectrum g is the meansquare
errorin thematchbetweerthetwo spectrabeingcompared.

The problemaddressetiereis highly multi-modal;thereare
mary local minima especiallywhenthe noiselevels are high.
Althoughoptimisationusingthis EA is a non-lineaeastmean
squareprocessunlike mostleastmeansquaranethodst is not
a gradientbasedoptimiser Consequentlyalthoughgradient
basedmethodsmight corverge to a local minima, the EA is
muchlesslikely to do so.

IV. ALGORITHM STRUCTURE FOR AN EVOLUTIONARY
ALGORITHM BASED PHASE ESTIMATOR

Generate a new population
of chromosomes based on
Differential Evolution

7'y

Generate time-averaged spectrum
for estimated chirps as per
parameters in each chromosome

v
Compare this spectrum with the
spectrum of input signal and
ascertain mean square error

Sort population on the basis
of ascending mean square
error

Fig. 2. Schematidlock diagramof the algorithm for phaseestimationand
signalparameterisation

Figure2 shovstheschematiecepresentatioof thealgorithm
for phaseestimatiorusingDifferentialEvolution. The DE algo-
rithm beginsby generatinganinitial populationof 350random
chromosomewith F = 0.9,C = 0.9, andthealgorithmis runto
convergencewhichis generallylessthan150 generationsFor
eachgenerationthe DE algorithmevaluateseachchromosome
to find the bestfit using a leastmeansquareerror approach.
The chromosomgiving the leastmeansquareerroris selected
asthe bestfit andthe othersare arrangedon the basisof as-
cendingmeansquareerror andfrom thesea new populationis
generated.This new populationretainssomeof the bestchro-
mosomedrom theold populationandchromosomethatwould
resultin a poorsolutionarereplacedvith thenew ones.

As canbeseenjn additionto estimatinghe phasethe algo-
rithm alsoparameterisethe receved pulse. Thoughthe other
signalparameterdik e amplitudeandit’s time-frequeng vari-
ations, are not being exploited in this paper they may be of
importancdan applicationssuchasspectraknalysis.

V. RESULTS

Theresultsshav the performancef the newv methodfor dif-
ferenttypesof signalundervarying SNRs. Eachtype of signal
hasdifferenta priori knowledge.

Thefirst caserepresenta non-linearchirp thatmaybefound
in acousticsignals.Many of thesignalparameterareunknovn
andthereis limited a priori knowledge.

Thesecondcaseis alinearchirp appliedto a highfrequeng
electromagnetievave. Herethe original chirp parametersire
known, however theseparameterfiave changeddueto an un-
known Dopplershift.

A. Casel: Signalparametes unknown

For this setof results,it is assumedhat the only a priori
knowledgeaboutthe signalis thatit is potentiallya non-linear
chirp thatlies within frequenciesf; = 200Hz and f, = 300Hz
andwith referenceo (3), it's time-frequenyg variationcanbe
representebly the generalequation:

(6)

For the purposeof corveniencethe coeficientsc,b,a may be
expressea@sin (7).

fe(t) =t + bt 4+ a

c=f,—f1—s
b=s

a=f (7)

wheref; andf, arethestartandstopfrequencieshatlie some-
where within a wider frequeng band f; and f, and, s is a

parameteiof non-linearity This meansthat the searchspace
involves four variables,three of which characteriséhe time-

frequeng variationof the signalandthe fourth variableis the
phaseof the non-linearchirp, @.
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Fig. 3. Plotof thetime-frequeng variationof thetestsignal

To quantifythe performancef the new method,a non-linear
chirptestsignalwasgeneratedThetime-frequeng plot of the
testsignalis shovnin Fig.3.

Figure4 shavs a sectionof thetestsignalata SNRof 10dB,
sampledat 1000samples/andFig.5 shavs it's corresponding
spectrum.

Figure6 shows the histogramof the errorsin the estimateof
the initial phaseof this signal,in degrees,for 500 runsat an
SNRof 10dB. The meanof the erroris -0.488degreesandthe
standardieviationis 3.520degrees.

The testwasthenrepeatecht an SNR of -5dB, andthe re-
sultsareshownn in Fig.7. This signalwasalsosampledat 1000
samples/sFigure8 shawvsit’s correspondingpectrum.

Figure9 shaws the histogramof the errorsin the phaseesti-
mationfor 500 runsat a SNR of -5dB. The meanof the error



o
)
i
w
:
I

£ o LOE?

2 - 1 i
2 2

%—0.57 Té

z 2

-15+ 4

L L L L
0.55 06 0.65 07 0.75 038 0.85 09 -4 ’ : ‘ ’ : : ‘
Time in seconds 055 06 065 07 075 08 085 09

Time in seconds

Fig. 4. Plotof thetime-f iationof thetestsignalat SNR=10dB ) . . .
9 ototthetime-frequeny varationot inetestsignatal Fig. 7. Plotof thetime-frequeng variationof thetestsignalat SNR=-5dB

0.25 0.35

0.3r N

0.25F b

o
=
o
T
I
N
T
Il

o

[y
©
[y
&

T

I

Normalised Amplitude
Normalised Amplitude

0.1r N

o

o

a
T

0.05

L L
0 L L L L
0 100 20'9 H300 400 500 100 200 300 400 500
requency nz Frequency Hz

o

Fig.5. Spectrunof thesignalat SNR=10dB Fig. 8. Spectrunof thesignalat SNR=-5dB

70 60

60 al

50 y

a0t — 1

Number
Number
w
o
T
Il

30 .

20 al

10r J
10+ : .

I I L L [ ] 0]

9 -10 -5 0 5 10 15 -60 -40 -20 0 20 40 60
Error in Degrees Error in degrees

Fig. 6. Histogramshawving theerrorsin phaseestimateat SNR=10dB Fig.9. Histogramshawing theerrorsin phaseestimateat SNR=-5dB



JSDhanoaEJHughesRF Ormondryd: PHASEESTIMATION USING EVOLUTIONARY ALGORITHMS 5

is -0.813degreesandthe standardieviationis 17.866degrees.
Notethedifferencen the x axisscalesof Fig. 6 andFig. 9.
Theseresults shov that even with very limited a priori
knowledgeaboutthe signalparametersghe new methodis able
to estimatethe initial phaseof the signaldespitethe high lev-
elsof noise. It is alsoclearthatthe accurag of the estimation
improveswith increasingSNR,aswould be expected.

B. Casell: Signalparametesknowna priori

For this casewe consideranapplicatiorwherethereis a pri-
ori knowledgethattherecevedsignalis alinearly chirpedpulse
of known bandwidth,however, thereis an unknovn Doppler
shift of thesignaldueto platformmotion. For this casejt would
be essentiato estimatethe Dopplershiftedfrequeny so asto
obtainanaccuratgphaseestimate.

TABLE |
LINEARCHIRP PARAMETERS

Transmittedrequeny 35GHz
Pulseduration 10us

Chirp bandwidth 15MHz
SNRof recevedpulse —9dBto 21dB

Rangeof expectedDopplervelocities +6 Mach

Tablel shows the chirp parametersf the transmittedsignal
thatareknown a priori. Althoughthereis uncertaintyin the
frequeng of the receved chirp due to the unknovn Doppler
shift thatit may have undegone,by knowing thatit is a linear
chirp andthatits bandwidthis restricted the searchdomainis
reduced.

35

30+ . : : 4

Magnitude
N N
o al
T T

[y
ol
T
I

[
o
T
I

0 L L L L L L
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
FFT bins

Fig. 10. Spectrunof testsignal2 at SNR=21dB
Figure 10 shavs the spectrunof thetestsignalat a SNR of

21dB, sampledat 30MHz. Figure 11 shows a histogramof the
errorsin the phaseestimateat a SNR of 21dB for 1000 runs
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with anunknavn Dopplershift. Themeanof theerroris -0.028
degreesandthe standardleviationis 0.457degrees.

A maximumlik elihoodphaseestimatomouldrequirealarge
numberof templatego estimatethe phaseof the signalwith an
accuray of +1° for every possibleDopplershift.
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Fig. 12. Spectrunof testsignal2 at SNR=-9dB

Figure 12 shows the spectrumof the testsignal at a SNR
of -9dB, sampledat 30MHz. Figure 13 shavs a histogramof
the errorsin the phaseestimateat this SNR, alsofor for 1000
runswith anunknavn Dopplershift. The meanof theerroris -
0.05degreesandthestandardieviationis 14.36degrees Again,
pleasenotethedifferencein thex axisscalesof Fig. 11& 12.

The performancef this new methodwasalsotestedat vari-
ousotherSNRs. Figure 14 shavs the standarddeviationin the
errorsof the phaseestimatefor varying SNRsover 1000runs.
Thetwo linesdepictthe performancesf the nev methodunder
differentlengthsof data. Theplot shavs the standarddeviation
of errorsin degreesfor the casewhenthedurationof the signal

is 10us and20us.
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It canbeseerclearlythatasthetime durationof thereceved
signal increasesthe accurag of the estimatorimproves. In
addition, with decreasingnoiselevels, the errorsin the phase
estimatedecreaseredictablyandthereis no thresholdof per
formancedegradationunlike somemethods.Evenat a SNR of
-9dB, the standardieviation of errorsis lessthanT/12 radians.

VI. CONCLUSIONS

It is clearthatdespitehaving a limited knowledgeof the ac-
tual signalparametersthe nev methodis ableto estimatethe
phaseof the receved signalwith high accurag. As would be
expected,the more information available aboutthe signal, or
if thetime durationof the signalincreasesthe accurag of the
estimateof theinitial phaseémproves.

The performanceof the proposedmethod degradespre-
dictablywith noiseaswould be expectedandevenin the case
of signalto noiseratiosaslow as-9dBtheerrorsin theestimate
arelow. Beingsuchageneraliseghhaseestimatoyit canbeused
in applicationsvherethe signalcharacteristicenightbe altered
by the channel. Onesuchapplicationcould be in the accurate
phaseestimationfor a coherenttommunicatiorsystemwhere
thetime varyingchannelcoulddrasticallyalterthe characteris-
tics of thetransmittecsignal.
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