
Noise Power and SNR Estimation for OFDM Based Wireless
Communication Systems
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ABSTRACT
In this paper, noisepower andsignal-to-noiseratio (SNR)
estimationsfor OFDM basedwirelesscommunicationsys-
tems are studied. Noise power estimation,which takes
into accountthecolor andvariationof noisestatisticsover
OFDM sub-carriersinto account,is considered.Insteadof
averagingthe instantaneousnoisesamplesestimatesover
all of the OFDM sub-carriers,dividing the total number
of sub-carriersinto several sub-groupsand averagingthe
sub-carriersseparatelywithin eachsub-groupis proposed.
Also, theseaveragedestimatesovereachsub-grouparefur-
theraveragedacrossseveralOFDM symbolsin time to en-
hancethe performanceof the noisepower estimates.The
proposedsolution provides many local estimates,allow-
ing trackingof the variationof the noisestatisticsacross
OFDM sub-carriers,which is particularly of use in sub-
band adaptive modulationOFDM systems. The perfor-
manceof the proposedmethodis evaluatedvia computer
simulations. It is observed that the proposedsolutioncan
estimatelocal statisticsof thenoisepower whenthenoise
is colored.Whenthenoiseis white,theproposedalgorithm
worksasgoodastheconventionalnoisepower estimation
schemes,showing therobustnessof theproposedmethod.
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1 Introduction

Signal-to-noiseratio (SNR) is broadly definedas the ra-
tio of the desiredsignalpower to the noisepower. SNR
estimationindicatesthe reliability of the link betweenthe
transmitterandreceiver. In adaptive systemdesign,SNR
estimationis commonlyusedfor measuringthequality of
the channel. Then, the systemparametersare changed
adaptively basedon this measurement.For example, if
the measuredchannelquality is low, the transmitteradds
someredundancy or complexity to the information bits
(more powerful coding), or reducesthe modulationlevel
(betterEuclideandistance),or increasesthespreadingrate
(longer spreadingcode)for lower datarate transmission.
Therefore,insteadof fixedinformationratefor all levelsof

channelquality, variableratesof informationtransfercan
beusedto maximizesystemresourceutilization with high
qualityof userexperience.

Oneparticularinterestfor SNRestimationis to useit
for Adaptive OrthogonalFrequency Division Multiplexing
(AOFDM) basedwirelesscommunicationsystems.Adap-
tive modulationthatemploys differentlevel of modulation
for each(or a group)of sub-carriersdependsstronglyon
accurateestimationof SNRvalue[1]-[3]. Therearemany
otherapplicationsthat canexploit SNR information, like
channelestimationthroughinterpolationandoptimal soft
informationgenerationfor high performancedecodingal-
gorithms[4, 5].

In previous SNR estimation techniques,the SNR
measurementis consideredas an indication of long-term
fadingstatisticsdueto shadowing andlog-normalfading.
This long-termSNRestimateis oftencalculatedusingreg-
ularly transmittedtraining(or pilot) sequences.Insteadof
usingtrainingsequences,thedatasymbolscanalsobeused
for this purpose. For example,Balachandran,who uses
SNR information as a channelquality indicator for rate
adaptation,exploits the cumulative Euclideanmetric cor-
respondingto the decodedtrellis pathfor channelquality
information[6]. Jacobsmeyer[7] describesanothermethod
for channelquality measurement.He proposesthe useof
the differencebetweenthe maximumlikelihood decoder
metricsfor the bestpathandthe secondbestpath[7]. In
a sense,he usessomesort of soft information for chan-
nel quality indication.But, this approachdoesnot provide
any informationaboutthe strengthof the interfereror the
desiredsignal. ThereareseveralotherSNRmeasurement
techniqueswhich canbe found in [8] andreferencelisted
therein.

In many SNR estimationtechniques,the noiseis as-
sumedto be white andGaussiandistributed. However, in
wirelesscommunicationsystems,noiseis oftencausedby
a stronginterferer, which is coloredin nature.Color of the
noiseis definedasthe variationin power spectraldensity
in the frequency domain. Of particularinterestis OFDM
basedmulti-carriermodulationsystems,wherethechannel
bandwidthis wideandtheinterferenceis notconstantover
the whole band. It is very likely that thereis variationof



spectralcontentover theOFDM sub-carriersi.e. somepart
of the

�
spectrumis affectedmoreby the interfererthanthe

otherparts.Figure1 showsOFDM frequency spectrumand
two typesof noiseover this spectrum,coloredandwhite.
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Figure1. Representationof OFDM frequency channelre-
sponseandnoisespectrum.Spectrumfor both white and
colorednoiseis shown.

In many new generationwirelesscommunicationsys-
tems,coherentdetectionis employed, which requireses-
timation of channelparameters.Thesechannelparameter
estimatescan also be usedto calculatethe signal power.
Therefore,SNR estimationintroducesonly an additional
estimationof noisepower. Hence,in this paperwe fo-
cus more on estimationof noisepower, and assumethat
the signalpower canbe estimatedfrom the channelesti-
mates. Most commonly usedapproachfor noisepower
estimationin OFDM systemsis basedon finding the dif-
ferencebetweenthe noisy received samplein frequency
domainand the besthypothesisof the noiselessreceived
sample[1, 9]. Calculationof the receivedsamplehypoth-
esisrequireschannelstateinformationfor eachcarrier. As
mentionedabove, the previous approachesestimatelong
term noisepower values,assumingthat the noiseis white
andGaussiandistributed.In orderto getthelongtermesti-
mates,the instantaneousSNRestimatesareaveragedover
thewholeOFDM bandby taking themeanof all theesti-
matesover all thesub-carriers.

In this paper, theassumptionof thenoiseto bewhite
is removed. Also, variation of the noise power across
OFDM sub-carriersis allowed. Therefore,the proposed
approachestimatesboth local (within smallersetsof sub-
carriers)andglobal(overall sub-carriers)SNRvalues.The
short term local estimatescalculatethe noise(or interfer-
ence)power variation acrossOFDM sub-carriers.These
estimatesare specificallyvery useful for adaptive modu-
lation, and optimal soft value calculationfor improving
channeldecoderperformance. However, theseestimates
are not reliable, requiring averaging. In this paper, av-
eragingacrossseveral OFDM symbolsaswell asaverag-
ing acrossOFDM sub-carriersareproposed.Theproposed
approachis evaluatedthroughcomputersimulations. As
will beshown in theperformancesection,theproposedap-
proachcanestimateboth local andglobal statisticsof the
noiseverywell.

2 System Model

An OFDM basedsystemmodelis used.Timedomainsam-
plesof anOFDM symbolcanbeobtainedfrom frequency
domainsymbolsas
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where �����6��� is thesymbolthatis transmittedon � -th sub-
carrierof the 7 -th OFDM symbol,and

.
is the number

of sub-carriers.After theadditionof cyclic prefix andD/A
conversion,the signal is passedthroughthe mobile radio
channel. Assuminga wide-sensestationaryand uncor-
relatedscattering(WSSUS)channel,the channel8 ��9 46: �
can be characterizedfor all time and all frequenciesby
thetwo-dimensionalspaced-frequency, spaced-timecorre-
lation function
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In thispaper, weassumethechannelto beconstantoveran
OFDM symbol,but time-varying acrossOFDM symbols,
which is a reasonableassumptionfor low andmediummo-
bility.

At thereceiver, thesignalis receivedalongwith noise.
The noisepower is assumedto be varying acrossOFDM
sub-carriersas well as in time. After synchronization,
down sampling,and removing the cyclic prefix, the sim-
plified receivedbasebandmodelof thesamplescanbefor-
mulatedas
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where U is thenumberof channeltaps, SV���T�	� is thenoise
samplewhich is combinationof white Gaussiannoiseand
colored interferencesource,and the time domain CIR,RK��� P � , over an OFDM symbol is given as time-invariant
linearfilter. After takingDFT of theOFDM symbols,the
receivedsamplesin frequency domaincanbeshown as
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where 8 ���6��� and Z[������� areDFT of RK��� P � and S!�����L� ,
respectively.

Note that, in this paper, the noiseis not assumedto
bewhite. In practicalwirelesscommunicationsystems,of-
ten the received signal is impairedby dominantinterfer-
encesources.For example,in cellularsystems,thedomi-
nantinterferencesourcecanbeaco-channelor anadjacent
channelinterferer. In WLAN systems,this canbea Blue-
toothinterference(likein 802.11g),or dueto any othercol-
oreddominantnoisesource(like babymonitors,cordless
phonesetc.)



3 Estimation of noise power

The proposednoisepower estimationis performedin fre-
quency domain.As in [1, 9], the instantaneousnoiseesti-
matefor eachOFDM carrieris calculatedby findingdiffer-
encebetweennoisyreceivedsampleandthebesthypothe-
sisof thenoiselessreceivedsignal
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where
_�b������� is the besthypothesisof the received sym-

bol and
_8 ������� is the channelestimatefor the � th carrier

of the 7 th OFDM symbol. For noiselesschannelesti-
matesandfor correctlydetectedsymbols,theabove equa-
tion will provide the absolutesquareof the exact instan-
taneousnoisesamples.However, the channelestimation
errorandincorrectdecisionswill biasthenoiseestimates.
The problemwith incorrectsymbol estimatescan be re-
solvedby estimatingnoisesamplesusingonly known data
(training symbols),or by finding the error after decoding
andre-encodingthedetectedsymbols.Using thedecoded
informationimprovesperformanceasthedecodercorrects
theincorrectdecisions.

Thechannelestimatesin frequency domaincanbeob-
tainedusing OFDM training symbols,or by transmitting
regularly spacedpilot symbolsin betweenthe datasym-
bolsandby employing frequency domaininterpolation.In
thispaper, weassumetransmissionof trainingOFDM sym-
bols.Usingtheknowledgeof thetrainingsymbols,channel
frequency responsecanbeestimatedas
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wherece������� is thechannelestimationerror.
In conventional noise power estimationalgorithms

[1, 9], theabsolutesquareof the instantaneousnoisesam-
ples are averagedover all OFDM sub-carriers,providing
an averagednoisepower estimate. The conventionalap-
proachesassumethe noiseto be white Gaussiandistribu-
tion andestimatesa singlenoisevariance(power) for all
the OFDM sub-carriers.Therefore,theseapproachesdo
not provide any information about the variation of noise
within thetransmissionbandwidth.

In this paper, we divide thewholeband(i.e. thetotal
numberof sub-carriers)into sub-bands(i.e. to asetof sub-
carriers). If the numberof sub-carriersin eachsub-band
is f , thenthe numberof sub-bandswill be

.hg f . Then,
theabsolutesquareof theinstantaneousnoiseestimatesin
eachsub-bandareaveraged,
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where
_@	���6i�� is the estimatedpower in the iVl=m sub-band.

The size of f dependson the color of the noise. If the

noiseis completelywhite, then it is desiredthat averag-
ing be doneacrossall the available OFDM sub-carriers,
i.e. to have f equalto

.
. Note that if thenoiseis white

andGaussiandistributed,
_@L����ij� hasa chi-squaredistribu-

tion with f degreesof freedom,andwith mean n %� and

variance %joqpjrs�turk , where
_n %� is the varianceof the white

noise. Thevarianceof @	���6i�� is themean-square-errorof
thenoisepower estimator. Therefore,increasingthenum-
berof samplesoverwhichaveragingis doneyieldsa lower
mean-square-errorin thecaseof white noise,but thesame
doesnot apply for colorednoise.Theaveragednoiseesti-
matesover eachsub-bandarefurtheraveragedacrosssev-
eralOFDM symbols(averagingin time). A slidingwindow
averagingis usedfor timedomainaveraging,
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Therefore,insteadof having onenoisepower estimatefor
all thesub-carriers,we obtain

.hg f estimates,whereeach
estimaterepresentsthenoisepowerestimateovereachsub-
band. The frequency and time averagingof the instanta-
neousnoisesamplesareshown in Figure2. Theaveraging
window in time dependson the variationof the sub-band
noisepower in time. If the noisestatisticsvary rapidly,
thenit is desiredto choosesmallerwindow sizein orderto
be ableto track the variationsof the noisepower. On the
otherhand,if thenoisestatisticschangeslowly, it is desired
to have largerwindow sizeto allow betteraveragingof the
sub-bandnoisevalues.
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Figure 2. Short and long term noise power estimation
throughaveragingin both frequency andtime. In this ex-
ample,eachsub-bandincludes3 sub-carriers(i.e. f 
Qx ).
Also, timedomainaveragingwindow sizeis shown as4.

4 Performance Results

The performanceresultsare obtainedthrough computer
simulations.An OFDM systemwith 64sub-carriersis con-
sidered. For the colorednoise,a co-channelinterference



source,which is modelledas anotherOFDM symbol, is
used.y Thechannelsfor the desiredandinterferingsignals
are uncorrelated,varying in frequency (frequency selec-
tive) andin time (time selective). Thechanneltapsareob-
tainedusingmodifiedJake’s fadingmodel[10]. Frequency
variation dependson the rms delay spreadof the chan-
nels, and time variation dependson the Doppler spread.
Carrier frequency of 5.2 GHz, and OFDM symbol dura-
tion of 4 z secare consideredin the simulations. Addi-
tive white noiseis includedapartfrom colorednoise,and
performanceevaluationsare madefor a white and color
noisedominatedenvironments,which arecreatedby vary-
ing their respective ratio.

Figure 3 comparesthe conventional and proposed
noise power estimatesover one realizationof the chan-
nel. The averagesignalpower is normalizedto 0 dB and
signal-to-interferenceratio of 7 dB is usedin this figure,
i.e. the averagenoisepower is -7 dB. As describedbe-
fore, theconventionalnoisepower estimatemeasuresonly
a singlevalueover the whole frequency band. This value
is the averagednoisepower over the whole band. As can
be seen,the conventionalestimateworks well in measur-
ing the averagenoisepower. The proposedschememea-
suresbothlocalandglobalnoisepowerestimates.Thetotal
bandis divided into 16 groupsof sub-bands.In eachsub-
group, thereare 4 sub-carriers.The instantaneousabso-
lute squareof thenoisevaluesareaveragedover eachsub-
group. Then, theseaveragedvaluesover eachsub-group
arefurtheraveragedover50OFDM symbols(averagingin
time domain).Thefigureshows theaveragednoisepower
estimatesover eachsub-group.For thereferencepurpose,
the actualnoisepower valuesin eachsub-groupare also
given.As canbeseen,theproposedalgorithmestimatesthe
localnoisepowerverywell. In thefigurethedesiredsignal
powerovereachsub-groupis alsogiven.Fromthese,SNR
valuesovereachsub-groupcanbecalculatedeasily. Notice
that thenoisepower estimateperformancedependson the
SNR valueover eachsub-group.Whenthe SNR valueis
very low, theestimatesdeviatefrom theactualnoisepower
valuedueto incorrectdecisions.As describedbefore,the
estimatescanbe improved furtherby usingdecodeddeci-
sions.

Figure4 showsthemean-square-errorperformanceof
theproposedandconventionalalgorithmsin colorednoise.
The interferencelimited scenarioas mentionedabove is
consideredwith different interferencepower levels. The
mean-squared-errorbetweentheactualnoiseandestimated
noisevaluesin eachsub-grouparecalculatedandaveraged.
As canbeseentheproposedalgorithmperformsmuchbet-
ter than conventionalnoisepower estimationin termsof
finding thelocalnoisepower.

Figure5 showsthemean-square-errorperformancein
white noise. This figure shows the robustnessof the pro-
posedalgorithmwhenthenoiseis not colored. As canbe
seen,theproposedalgorithmworksaswell astheconven-
tional algorithm which is specificallydesignedfor white
noiseassumption.Evenif thenoiseis white, theproposed

algorithmdoesnot loseperformanceagainstconventional
scheme. On the other hand, as explained above, if the
noiseis colored,theproposedalgorithmoutperformscon-
ventionalnoisepowerestimationalgorithm.

Figure 6 shows the mean-square-errorperformance
usingtheproposedmethodwith differentwindow sizesin
a purewhite noisedominatedenvironment.In white noise
dominantcase,asthewindow sizeincreases,therearemore
samplesavailablefor averagingandthereforetheestimated
noisevarianceover a larger window size approachesthe
truevalue. In colorednoisehowever, theerrorsdependon
thespeed,aswell asthechannelpowerdelayprofile.

Figure 7 shows the mean-square-errorvariation de-
pendingon the color of the noiseand the frequency se-
lectivity of thechannel.Thecoloredinterferenceto white
noiseratio I/N is variedfrom 30 dB, which is highly col-
oredto -30 dB, which is almostwhite in nature,with dif-
ferentvaluesof rms delayspread(0 z sec,0.05 z secand
0.1 z sec)to reflectthefrequency selectivity of thechannel.
It is seenfrom theplot thata higherwindow sizeresultsin
lower errorasthecolor of thenoisedecreasesandresem-
bleswhitenoise.

5 Conclusion

In this paper, noisevarianceestimationthat removes the
white noiseassumptionis described.The proposedalgo-
rithm considersa morepracticalenvironmentwherenoise
is characterizedby anon-constantspectralcontentover the
OFDM sub-carriers.This is oftenthecasewhenthenoise
is dominatedby a stronginterference.Theautocorrelation
of the power spectraldensity(PSD) reflectsthe intensity
of color. Theproposedmethodcanidentify theintensityof
colorof noise.Ontheotherhand,whenthenoiseis notcol-
ored,it performsaswell astheconventionalnoisevariance
estimationswhicharespecificallydesignedfor whitenoise
assumption.Theproposedsolutioncanbevery usefulfor
adaptive modulationaswell asfor otheradaptive transmit-
ter and receiver algorithms,like optimal soft information
calculation,improvedchannelestimationetc.
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