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Abstract

A new Riceanparameteestimatoris consideredn the context of wirelesscommunicationsln comparisorio existing methods,
the proposedestimatoris especiallyusefulin low signal-to-noiseervironments.It is lessreliant on knowledge of the transmitted
signalfrequeng than existing methodsandit performswell in communicationenvironmentswherethe frequeny is varyingin

time.
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RiceanParameterEstimationUsing Phase

Informationin Low SNR Ervironments

|. INTRODUCTION AND PROBLEM FORMULATION
HE Riceandistribution occursfrequentlyin the appliedscienceslt hasbeenstudiedin mary papers[1]-[4], oftenin
T the context of wirelesscommunicationsaswe do here.If we modela communicatiorsystemas a transmittersending
a singletoneto a recever, which is alsoexposedto additive uncorrelatedsaussiamoise,the complex versionof the received
signal canthenbe representeds:

Xl = séCen w7zl o o, 31 (1)

Z[n] Comple Gaussiar%g 0 &z; ;2 0 %2 (2)
0 0 2

wheres? is relatedto thetransmitterpower, ! ¢ is thetransmittedsignalfrequeng, o is some x edphaseoffset, 2 isthepower

of the ambientnoise,andn is thetime index. We cande ne two additionalparametersk = s?=(2 2)and = s?+2 2. Here

K is onede nition of the signal-to-noiseatio (SNR),and is relatedto the total systempower. The ervelope,R[n]  jX [n]j,

is then Riceandistributed[5], andits probability densityfunction canbe parameterizedy ary two of the four parameters?,

2 K, and

Il. EXISTING METHODS

The K parameterusefulin assessindiow well a channelis performingaswell asin diversity combiningtechniquedor
detectionschemesis generallythe parametetargetedby mostRiceanestimationproceduresThe methodof momentsestimator
(MOME) baseduponthe 2nd and4th momentsof the Riceandatais a reasonabl@stimatorin thatits performanceapproaches
the Cramér~Raolower bound (CRB) [6].

Estimatorsof K basedsolely on the envelopeof X suchas MOME have fundamentallypoor varianceperformanceat low
valuesof K [4]. This problemcanbe overcomeby also usingthe phaseinformationin X whenestimatingK . The CRB for
estimatingK from X strictly dominategshe CRB of purely Riceandata,especiallyat low valuesof SNR[1], [4]. A technique
that usesphaseinformation was also put forward by [4] and estimatesK using estimatesof — ands?. The estimateof is
its maximumlik elihood estimator(MLE):

1 X

wiE = 5 iX [K]i? ©)
k=1

AN

The estimateof s? requiresan estimateof ! ¢, which is basedon nding the Fourier frequeng with the maximumcontribution

to power. De ning the empirical spectraldensityfunction (SDF) of X as

1 X1 —
Xsprl[!']= N X[nle " 4)
n=0
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TABLE |
COMPARISON OF "o ESTIMATORS (! 9 = 0:7447, N 1S SAMPLE SIZE, 100 SIMULATIONSFOREACH N , s = 4, 2 = 1).

Method N =10| N =100| N = 1,000
Fourier Grid 0.6283 | 0.7540 0.7477
Zero Padding 0.6503 | 0.7540 0.7446
Newton—Raphsor| 0.7257 | 0.7446 0.7447

we canestimatel o as

Po= argrrpgxxsopl! kI Tk = ZWK: (5)
Thenan estimateof s? is formedas
€= TXsor [Nl ©)
The estimateof K is thenformed:
Riq = Asiz )

We have found that the performanceof K, o is heaiily dependenbn the estimationof ! 5. The techniqueof estimating
I o canbe improved by zero paddingthe data, creatinga ner grid in the Fourier domain.Paddingwith N zeroscreatesa
grid twice as ne asthe one associatedvith the Fourier frequenciesbut the estimatecan be further re ned by usingthe

Newton-Raphsoralgorithm[7]. Tablel summarizesa comparisornof the three! o estimationtechniques.

I1l. NEW TECHNIQUE

We proposeanothermethodof estimatingk that usesthe phaseinformationfrom X but is more robust againstestimation
of ! o. The key ideais to estimate ? directly ratherthanindirectly via s?. Recognizingthat the SDF is a partitioning of
the processvarianceover frequeng [7], its valuesshouldbe equalto 2 2 in frequeng bins that do not containsignal power
(this ignorespossiblecomplicationsdue to spectralleakage but leakageis not a real concernin the low SNR scenariosve
are considering) We estimate ? as:

A2 = ix Xspr(!) (8)
TI2A
whereA de nes the rangeof frequenciesve are usingfor estimationandN, is the numberof frequenciesused.We choose
A to exclude! ¢ by selectinga certain percentageof the spectrumcenteredat a frequeny radiansaway from g, which
is determinedby Equation5. In the computerexperimentsreportedbelow, a percentageof 80% provides enoughsample
bandwidthto estimate ? very well at low valuesof K (low SNR)andstill performcomparablywith otherestimatorsat high
valuesof K (high SNR).We alsoconsider70% and90%to illustratethat, at low SNR, performancemprovesasthe percentage

increasesywhereasthe oppositeis true at high SNR becauseA thenincludesfrequenciesdamagedoy spectralleakagefrom

the tonefrequeng. Once 2 hasbeenestimatedK is then estimatedas:

AN

KSDF = 1 (9)

2/\2
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Figure 1 shavs how the performanceof K| o degradesdrastically as "o moves away from the true value of ! o, which

happensn challengingenvironmentswhenfew datapointsare available. Our estimationtechnique however, doesnot depend

Estimating K with imperfect omega
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Fig. 1. K asPg varies(! o = 0:7447) via Monte Carlo simulation(80% of spectrumbeingused, = 6, K = 2, N=1,000,and 100 simulations).

asstronglyon Ng, correctly estimatingK over the full rangeof !  searched.

Figure 2 comparesthe performanceof Kspe with the other estimatorsmentionedby plotting their meansquarederror
(MSE) vs. K . We seethatthe SDF techniquedominatesboth IQ and MOME in the challengingernvironmentof few available
samplepoints and low SNR when enoughspectrumis usedin estimating 2 (80% or 90%). When the SNR is higher, the
SDF techniqueperformscomparablyto the other estimatorgpresentedvhen 80% of the spectrumis used.Note that the low
SNR performanceof Kspe increasesas the percentagef spectrumusedincreasesrom 70% to 90% but at the expenseof
decreasingts high SNR performanceWe also note that the three techniquesare comparablein computationalcompleity.
Whenrun in a MATLAB™ Monte Carlo simulationof 10,000trials containing1,000datapoints each, MOME completedin
58 seconds]Q in 70 secondsand SDFin 77 seconds.

V. BROADBAND EXTENSION

We now consideran alternatemodel of the receved signal. Supposethat insteadof the single tone model of Equation1,

the datais modeledas:

X [n]= sdfN* o 4 7[n] (10)

which is to say that the signal can have sometime-varying frequeng content.As long as the signal is bandlimited and
the samplingrate is high enough,then someamountof the estimatedSDF will represenfrequencieswith noise dominated
content(assuminghat the spectrumhasfree bandwidthsomevherein the rangeof sampledfrequenciespand canbe usedfor

Ksoe . In practice the actualpercentag®f bandwidthchoserfor usewill dependon severalfactorsincluding SNR, sampling
bandwidth,signal bandwidth,and ary taperingthat may be appliedto improve spectralestimatesTable Il shows the results
of the estimationtechniquesappliedto thesebandlimitedsignals.We seethat the IQ estimationbreaksdown for this data
no matterwhich techniquefor estimating! ¢ is used.MOME fails in this situationaswell becausave are dealingwith low

SNRs.Kspr performswell at 80% of the spectrumusedbut appearso degradewith more spectrumused. This is likely to
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TABLE I
K COMPARISON WHEN THE DATA IS BANDLIMITED AS IN EQUATION 10 (1,000 SIMULATIONS/ TECHNIQUE, = 2:1, K = 0:05, AND N = 1;000).
Estimate Mean | Std Dev
"M LE 2.1021| 0.0669

Kmowme 0.1426| 0.1715
Kig, FG 0.0077| 0.0013
Kig, ZP 0.0084 | 0.0014
Kio, NR | 0.0086| 0.0017
Kspr, 80% | 0.0564| 0.0345
Rspr, 85% | 0.0218| 0.0308
Rspr, 90% | 0.0176| 0.0240

dueto non-emptyspectrumbeing usedto createa larger estimateof 22 and thus lower estimateof Kspr .

MSE vs. K
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Fig. 2. MSE of K estimatorsvia Monte Carlo simulation(! o = 0:7447, "o = 0:7257, N = 10, and 3,000 simulations)

V. CONCLUSION

We have presentedh new techniquefor estimatingthe RiceanK parameterutilizing the phaseinformation of the complex
Gaussiandatafrom which it arises.The techniqueperformscomparablyto or betterthan (dependingon how much of the
spectrumis used)IQ estimationbut allows for much imprecisionin estimating! ¢. It is also easily appliedto signalswith
time-varying frequeng contentof either a deterministicor stochasticnature.More detailedinformation can be found in [8]
including analysisof estimatorperformanceover varying samplesizesand varying percentagesf spectrumusedin the SDF

technique.
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