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ABSTRACT

In this paper noisepower andsignal-to-noiseatio (SNR)
estimationdor OFDM basedwirelesscommunicatiorsys-
tems are studied. Noise power estimation,which takes
into accounthe color andvariationof noisestatisticsover
OFDM sub-carriersnto accountjs consideredInsteadof
averagingthe instantaneousioise samplesestimatesover
all of the OFDM sub-carriersdividing the total number
of sub-carrierdnto several sub-groupsand averagingthe
sub-carrierseparatelyithin eachsub-groups proposed.
Also, theseaveragedestimatesver eachsub-grougarefur-
theraveragedacrossseveral OFDM symbolsin timeto en-
hancethe performanceof the noisepower estimates.The
proposedsolution provides mary local estimates allow-
ing tracking of the variation of the noise statisticsacross
OFDM sub-carrierswhich is particularly of usein sub-
band adaptve modulationOFDM systems. The perfor
manceof the proposedmethodis evaluatedvia computer
simulations. It is obsered thatthe proposedsolutioncan
estimateocal statisticsof the noisepower whenthe noise
is colored.Whenthenoiseis white, theproposedlgorithm
works asgoodasthe conventionalnoisepower estimation
schemesshawing the robustnes®f the proposednethod.
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1 Introduction

Signal-to-noiseratio (SNR) is broadly definedas the ra-
tio of the desiredsignal power to the noisepower. SNR
estimationindicatesthe reliability of thelink betweenthe
transmitterandrecever. In adaptve systemdesign,SNR
estimationis commonlyusedfor measuringhe quality of
the channel. Then, the systemparametersare changed
adaptvely basedon this measurement.For example, if
the measuredchannelquality is low, the transmitteradds
some redundang or compleity to the information bits
(more powerful coding), or reducesthe modulationlevel
(betterEuclideandistance)or increaseshe spreadingate
(longer spreadingcode)for lower datarate transmission.
Thereforejnsteadof fixedinformationratefor all levels of
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channelquality, variableratesof informationtransfercan
be usedto maximizesystemresourceutilization with high
quality of userexperience.

Oneparticularinterestfor SNR estimationis to useit
for Adaptive OrthogonalFrequeng Division Multiplexing
(AOFDM) basedwirelesscommunicatiorsystems.Adap-
tive modulationthatemplagys differentlevel of modulation
for each(or a group) of sub-carriersdependsstrongly on
accurateestimationof SNRvalue[1]-[3]. Therearemary
other applicationsthat can exploit SNR information, like
channelestimationthroughinterpolationand optimal soft
informationgeneratiorfor high performancedecodingal-
gorithms[4, 5].

In previous SNR estimation techniques,the SNR
measuremenits consideredas an indication of long-term
fading statisticsdueto shadeving andlog-normalfading.
Thislong-termSNR estimatds oftencalculatedusingreg-
ularly transmittedtraining (or pilot) sequenceslnsteadof
usingtrainingsequenceshedatasymbolscanalsobeused
for this purpose. For example, Balachandranwho uses
SNR information as a channelquality indicator for rate
adaptation gxploits the cumulatve Euclideanmetric cor
respondingo the decodedrellis pathfor channelquality
information[6]. Jacobsmyer[7] describesnothemethod
for channelquality measurementHe proposeshe useof
the differencebetweenthe maximum likelihood decoder
metricsfor the bestpathandthe secondbestpath[7]. In
a sense he usessomesort of soft information for chan-
nel quality indication. But, this approactdoesnot provide
ary informationaboutthe strengthof the interfereror the
desiredsignal. Thereare several other SNR measurement
techniquesvhich canbe foundin [8] andreferencdisted
therein.

In mary SNR estimationtechniquesthe noiseis as-
sumedto be white and Gaussiardistributed. However, in
wirelesscommunicatiorsystemsnoiseis often causedy
astronginterferer whichis coloredin nature.Color of the
noiseis definedasthe variationin power spectraldensity
in the frequeny domain. Of particularinterestis OFDM
basednulti-carriermodulationsystemswherethechannel
bandwidthis wide andtheinterferences not constanover
the whole band. It is very likely thatthereis variation of



spectrakontentover the OFDM sub-carriers.e. somepart
of the spectrumis affectedmoreby the interfererthanthe
otherparts.Figurel shovs OFDM frequeng spectrunand
two typesof noiseover this spectrumgcoloredandwhite.
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Figurel. Representatioof OFDM frequeng channelre-
sponseand noisespectrum. Spectrumfor both white and
colorednoiseis shavn.

In mary new generatiorwirelesscommunicatiorsys-
tems, coherentdetectionis employed, which requireses-
timation of channelparametersThesechannelparameter
estimatescan also be usedto calculatethe signal power.
Therefore,SNR estimationintroducesonly an additional
estimationof noise powver. Hence,in this paperwe fo-
cus more on estimationof noise power, and assumethat
the signal power can be estimatedrom the channelesti-
mates. Most commonly usedapproachfor noise powver
estimationin OFDM systemss basedon finding the dif-
ferencebetweenthe noisy receved samplein frequeny
domainand the besthypothesisof the noiselesseceved
sample[1, 9]. Calculationof the receved samplehypoth-
esisrequireschannelstateinformationfor eachcarrier As
mentionedabore, the previous approachegstimatelong
term noisepower values,assuminghatthe noiseis white
andGaussiaristributed. In orderto getthelong termesti-
mates theinstantaneouSNR estimatesare averagedover
the whole OFDM bandby taking the meanof all the esti-
matesover all the sub-carriers.

In this paper the assumptiorof the noiseto be white
is removed. Also, variation of the noise power across
OFDM sub-carrierss allowed. Therefore,the proposed
approachestimatesoth local (within smallersetsof sub-
carrierslandglobal(overall sub-carrierssNRvalues.The
shortterm local estimatescalculatethe noise (or interfer
ence)power variation acrossOFDM sub-carriers. These
estimatesare specifically very useful for adaptve modu-
lation, and optimal soft value calculationfor improving
channeldecoderperformance. However, theseestimates
are not reliable, requiring averaging. In this paper av-
eragingacrossseseral OFDM symbolsaswell asaverag-
ing acrosOFDM sub-carrier@reproposedTheproposed
approachis evaluatedthroughcomputersimulations. As
will beshawn in the performancesection the proposedap-
proachcan estimateboth local and global statisticsof the
noisevery well.

2 System Model

An OFDM basedsystemmodelis used.Time domainsam-
plesof anOFDM symbolcanbe obtainedfrom frequeng
domainsymbolsas

Tm(n) = IDFT{S,,(k)}
N-1
_ Sm(k)ejZWnk/N
k=0

0<n<N-1,

whereS,, (k) is the symbolthatis transmittecbn k-th sub-
carrier of the m-th OFDM symbol,and N is the number
of sub-carriersAfter theadditionof cyclic prefixandD/A

conversion, the signalis passedhroughthe mobile radio
channel. Assuminga wide-sensestationaryand uncor

relatedscattering(WSSUS)channel,the channelH ( f, t)

can be characterizedor all time and all frequenciesby

the two-dimensionabpaced-frequengcspaced-timeorre-
lation function

(Af,At) = E{H"(f,) H(f + Af,t+At)} . (1)

In this paperwe assumehe channelo beconstanbveran
OFDM symbol, but time-varying acrossOFDM symbols,
whichis areasonablassumptiorior low andmediummo-
bility.

At therecever, thesignalis recevedalongwith noise.
The noisepower is assumedo be varying acrossOFDM
sub-carriersas well asin time. After synchronization,
down sampling,and removing the cyclic prefix, the sim-
plified receved basebandnodelof the samplesanbefor-
mulatedas

L—1
ym(n) = Z 'Tm(n - l)hm(l) + Zm(n) ) (2)
=0

whereL is the numberof channekaps,z,, (n) is the noise
samplewhich is combinationof white Gaussiamoiseand
colored interferencesource, and the time domain CIR,
hm (1), over an OFDM symbolis given astime-invariant
linearfilter. After taking DFT of the OFDM symbols,the
recevedsamplesn frequeny domaincanbeshowvn as

Yiu(k) = DFT{ym(n)}
S (k) Hp (k) + Zm (F) )

3
=
I

where H,, (k) and Z,,,(k) are DFT of h,,(l) and z,,(n),
respectrely.

Note that, in this paper the noiseis not assumedo
bewhite. In practicalwirelesscommunicatiorsystemsof-
ten the receved signalis impaired by dominantinterfer
encesources.For example,in cellular systemsthe domi-
nantinterferencesourcecanbeaco-channebr anadjacent
channelinterferer In WLAN systemsthis canbe a Blue-
toothinterferencdlikein 802.11g) or dueto ary othercol-
ored dominantnoisesource(like baby monitors, cordless
phonestc.)



3 Estimation of noise power

The proposedoisepower estimationis performedin fre-
guengy domain. As in [1, 9], theinstantaneousoiseesti-
matefor eachOFDM carrieris calculatedy finding differ-
encebetweemoisyreceved sampleandthe besthypothe-
sisof thenoiselesseceivedsignal

Em(k) - |Ym<k) - S’m<k)ﬁm(k)|2 (4)

where S, (k) is the besthypothesisof the receved sym-
bol and I?m(k) is the channelestimatefor the kth carrier
of the mth OFDM symbol. For noiselesschannelesti-
matesandfor correctlydetectedsymbols,the above equa-
tion will provide the absolutesquareof the exact instan-
taneousnoise samples. However, the channelestimation

errorandincorrectdecisionswill biasthe noiseestimates.

The problemwith incorrectsymbol estimatescan be re-

solved by estimatingnoisesamplesusingonly known data
(training symbols),or by finding the error after decoding
andre-encodinghe detectedsymbols. Using the decoded
informationimprovesperformancesthe decodercorrects
theincorrectdecisions.

Thechannekstimatesn frequeny domaincanbeob-
tainedusing OFDM training symbols,or by transmitting
regularly spacedpilot symbolsin betweenthe datasym-
bolsandby emplgying frequeng domaininterpolation.In
this paperwe assuméransmissiorf trainingOFDM sym-
bols. Usingtheknowledgeof thetrainingsymbols channel
frequeng responseanbe estimatedhs

) - 2
Hy(k) = Hpy(k)+wn(k), (5)

wherew,, (k) is thechannekestimatiorerror.

In corventional noise power estimationalgorithms
[1, 9], the absolutesquareof the instantaneousoisesam-
ples are averagedover all OFDM sub-carriersproviding
an averagednoise power estimate. The corventional ap-
proachesassumehe noiseto be white Gaussiardistribu-
tion and estimatesa single noisevariance(power) for all
the OFDM sub-carriers. Therefore,theseapproacheslo
not provide ary information aboutthe variation of noise
within thetransmissiorbandwidth.

In this paper we divide thewhole band(i.e. thetotal
numberof sub-carriers)nto sub-bandsi.e. to a setof sub-
carriers). If the numberof sub-carrierdn eachsub-band
is K, thenthe numberof sub-bandwill be N/K. Then,
the absolutesquareof the instantaneounoiseestimatesn
eachsub-bandareaveraged,

1<s<N/K (6)

whereE,, (s) is the estimatecbawer in the s sub-band.
The size of K dependson the color of the noise. If the

noiseis completelywhite, thenit is desiredthat averag-
ing be doneacrossall the available OFDM sub-carriers,
i.e. to have K equalto N. Notethatif the noiseis white
andGaussiartistributed, £,,, (s) hasa chi-squaredistribu-
tion with K degreesof freedom,and with means2, and
variance%, where 62, is the varianceof the white
noise. The varianceof E,,(s) is the mean-square-erraf
the noisepower estimator Therefore jncreasinghe num-
berof sampleoverwhich averagingis doneyieldsalower
mean-square-erran the caseof white noise,but the same
doesnot applyfor colorednoise. The averagedoiseesti-
matesover eachsub-bandarefurther averagedacrossser-
eral OFDM symbols(averagingin time). A slidingwindow
averagingis usedfor time domainaveraging,

B(s)= 22 > Buls). ™)

Therefore,insteadof having onenoisepower estimatefor
all the sub-carriersywe obtain N/ K estimateswhereeach
estimateepresentthenoisepover estimateover eachsub-
band. The frequeny andtime averagingof the instanta-
neousnoisesamplesareshavn in Figure2. Theaveraging
window in time dependsn the variation of the sub-band
noise power in time. If the noise statisticsvary rapidly,
thenit is desiredto choosesmallerwindow sizein orderto
be ableto track the variationsof the noisepower. On the
otherhand,if thenoisestatisticcchangeslowly, it is desired
to have largerwindow sizeto allow betteraveragingof the
sub-bancdoisevalues.
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Figure 2. Short and long term noise power estimation
throughaveragingin both frequeng andtime. In this ex-

ample,eachsub-bandncludes3 sub-carriergi.e. K = 3).

Also, time domainaveragingwindow sizeis shavn as4.

4 Performance Results

The performanceresults are obtainedthrough computer
simulations An OFDM systemwith 64 sub-carrierss con-
sidered. For the colorednoise,a co-channelnterference



source,which is modelledas anotherOFDM symbol, is

usetl. The channeldor the desiredandinterferingsignals
are uncorrelated varying in frequeng (frequeng selec-
tive) andin time (time selectve). The channektapsareob-

tainedusingmodifiedJale’s fadingmodel[10]. Frequeng

variation dependson the rms delay spreadof the chan-
nels, and time variation dependson the Doppler spread.
Carrierfrequeng of 5.2 GHz, and OFDM symbol dura-
tion of 4 usecare consideredn the simulations. Addi-

tive white noiseis includedapartfrom colorednoise,and
performanceevaluationsare madefor a white and color
noisedominatecenvironmentswhich arecreatecby vary-

ing their respectie ratio.

Figure 3 comparesthe corventional and proposed
noise power estimatesover one realizationof the chan-
nel. The averagesignal power is normalizedto 0 dB and
signal-to-interferenceatio of 7 dB is usedin this figure,
i.e. the averagenoisepower is -7 dB. As describedbe-
fore, the corventionalnoisepower estimatemeasuresnly
a singlevalue over the whole frequeng band. This value
is the averagednoisepower over the whole band. As can
be seen the cornventionalestimateworks well in measur
ing the averagenoisepower. The proposedschememea-
sureshothlocalandglobalnoisepowerestimatesThetotal
bandis dividedinto 16 groupsof sub-bandsin eachsub-
group, thereare 4 sub-carriers. The instantaneousbso-
lute squareof the noisevaluesareaveragedver eachsub-
group. Then,theseaveragedvaluesover eachsub-group
arefurtheraveragedover 50 OFDM symbols(averagingin
time domain). The figure shows the averagedhoisepower
estimatesver eachsub-group.For the referencepurpose,
the actualnoise power valuesin eachsub-groupare also
given. As canbeseentheproposedlgorithmestimateshe
localnoisepowerverywell. In thefigurethedesiredsignal
power over eachsub-grougs alsogiven. Fromthese SNR
valuesover eachsub-groupanbecalculatedeasily Notice
thatthe noisepower estimateperformancelependn the
SNR value over eachsub-group.Whenthe SNR valueis
very low, the estimatesleviate from the actualnoisepower
valuedueto incorrectdecisions.As describedbefore,the
estimatesanbe improved further by usingdecodedeci-
sions.

Figure4 shavsthemean-square-err@erformancef
theproposedandcorventionalalgorithmsin colorednoise.
The interferencelimited scenarioas mentionedabove is
consideredwith differentinterferencepower levels. The
mean-squared-errbetweertheactualnoiseandestimated
noisevaluesin eachsub-grouparecalculatecandaveraged.
As canbeseernhe proposedilgorithmperformsmuchbet-
ter than corventional noise power estimationin terms of
finding the local noisepower.

Figure5 shavsthemean-square-errgerformancen
white noise. This figure shawvs the robustnesof the pro-
posedalgorithmwhenthe noiseis not colored. As canbe
seenthe proposedalgorithmworks aswell asthe corven-
tional algorithm which is specifically designedfor white
noiseassumptionEvenif the noiseis white, the proposed

algorithmdoesnot lose performanceagainstcorventional
scheme. On the other hand, as explained above, if the
noiseis colored,the proposedalgorithmoutperformscon-
ventionalnoisepower estimationalgorithm.

Figure 6 shavs the mean-square-errquerformance
usingthe proposedmethodwith differentwindow sizesin
a purewhite noisedominatedervironment. In white noise
dominantcaseasthewindow sizeincreasesherearemore
sampleswvailablefor averagingandthereforehe estimated
noisevarianceover a larger window size approacheshe
truevalue. In colorednoisehowever, the errorsdependon
the speedaswell asthechannebpower delayprofile.

Figure 7 shavs the mean-square-errorariation de-
pendingon the color of the noiseand the frequeny se-
lectivity of the channel.The coloredinterferenceto white
noiseratio I/N is variedfrom 30 dB, which is highly col-
oredto -30 dB, which is almostwhite in nature,with dif-
ferentvaluesof rms delay spread(0 usec,0.05 usecand
0.1usec)to reflectthefrequeng selectvity of thechannel.
It is seenfrom the plot thata higherwindow sizeresultsin
lower error asthe color of the noisedecreaseandresem-
bleswhite noise.

5 Conclusion

In this paper noisevarianceestimationthat removes the
white noiseassumptioris described.The proposedalgo-
rithm considersa more practicalervironmentwherenoise
is characterizetby a non-constanspectracontentoverthe
OFDM sub-carriersThis is oftenthe casewhenthe noise
is dominatedby a stronginterference . The autocorrelation
of the pawer spectraldensity (PSD) reflectsthe intensity
of color. The proposednethodcanidentify theintensityof
colorof noise.Ontheotherhand whenthenoiseis notcol-
ored,it performsaswell asthecorventionalnoisevariance
estimationsvhich arespecificallydesignedor white noise
assumption.The proposedsolutioncanbe very usefulfor
adaptve modulationaswell asfor otheradaptve transmit-
ter and recever algorithms,like optimal soft information
calculationimproved channelestimatioretc.
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