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Abstract. This contribution presentsand analysesan algorithm for the enhancementf noisy speechsignalsby meansof
spectralsubtraction.In contrastto the standardspectralsubtractionalgorithm the proposedmethoddoesnot needa speech
activity detectornor histogramsto learn signal statistics. The algorithmis capableto track non stationarynoise signalsand
comparedavorably with standardspectralsubtractionmethodsin termsof performanceand computationacomplexity. Our
noise estimationmethodis basedon the observationthat a noise power estimatecan be obtainedusing minimum values
of a smoothedpower estimateof the noisy speechsignal. Thus, the use of minimum statisticseliminatesthe problem of
speechactivity detection.The proposednethodis conceptuallysimpleandwell suitedfor real time implementationsin this
paperwe derive an unbiasednoise power estimatorbasedon minimum statisticsand discussits statisticalpropertiesand its

performancein the contextof spectralsubtraction.

1. Introduction

Spectralsubtractionis a well known speechenhancementech-
nigue which hasby now developednumerousfacets[1]. At the
heartof a spectralsubtractionalgorithmis a noise power estima-
tor and a subtractionrule which translateghe subbandSNR into
a spectralweightingfactor, suchthat subbandsith low SNR are
attenuatedand subbandswith high SNR are not modified. Both
the noisepowerestimatorandthe subtractiorrule havesignificant
impacton the audibleresidualnoise[2]. The basicspectralsub-
traction algorithm which requiresonly one microphoneemploys
a speechactivity detectorto updatenoise statistics. Therefore,
tracking of varying noise levels might be slow and confinedto
periodsof no speechactivity.

In this paperwe addressthe problem of noise power esti-
mationand developan algorithmwhich essentiallyeliminatesthe
needfor explicit speechpausedetectionwithout an substantial
increasdn computationatomplexity. While the conventionakp-
proachto spectralsubtractionemploysa speechactivity detector
we here usethe minimum of the subbandnoise power within a
finite window to estimatethe noisefloor. The algorithmis based
on the observatiorthat a shorttime subbandnower estimateof a
noisy speectsignal exhibits distinct peaksandvalleys (seeFigure
1). While the peakscorrespondo speechactivity the valleys of
the smoothedhoise estimatecan be usedto obtain an estimateof
subbandnoise power. To obtain reliable noise power estimates
the datawindow for the minimum searchmustbe large 2noughto
bridge any peakof speechectivity.

The remainderof this paperis organizedas follows. In
section2 we will presenthe spectrakubtractioralgorithmandthe
noise power estimationmethod. In section3 we will discussthe
statisticalpropertiesof minimum subbandhoise power estimates.
Section4 will presentexperimentalresults.

2. Description of Algorithm

A block diagramof the basicspectrakubtractiormethodis shown
in Figure 2. The algorithm appropriatelymodifiesthe shorttime
spectralmagnitudeof the disturbedspeechsignal such that the
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synthesizedignalis perceptuallyascloseaspossibleto the undis-
turbed speechsignal. The optimal weighting of spectralmagni-
tudesis computedusinga hoise power estimateanda subtraction
rule.
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Figure 1: Shorttime subbandpowerand estimatedhoisefloor
of noisy speechsignal (fs=8kHz, Wprr = 256, subbanck=8)

2.1 Spectral Analysis/Synthesis

We assumehatthe bandlimitedandsampleddisturbedsignala ()
is a sumof a zeromeanspeechsignal s(¢) anda zeromeannoise
signaln(i), z(i) = s(i) + n(i), wherei denotesthe time index.
We furtherassumethat s(¢) andn(i) arestatisticallyindependent,
henceE{z”(i)} = E{s*(i)} + E{n®(i)}. Spectralprocessing
is basedon a DFT filter bank with Wprr subbandsand with
decimation/interpolatiorratio R [3]. The phaseof the disturbed
signalis not modified. We denotethe datawindow by (i) and
the DFT of the windoweddisturbedsignal z(:) by
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A andk referto the decimatedime indexandthe DFT frequency
bins Qr = 27nk/Wprr, k € 0,1,..., Wprr — 1, respectively.
Typically we usea DFT lengthof Wprr = 256 and decimation
ratio R = 64. The improved subband signals are converted
backto the time domainusing an inverseDFT. The synthesized
improved speechsignal is denotedby y(:), the corresponding
spectralmagnitudeby |Y (A, k).
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Figure 2: Block diagramof spectralprocessing

2.2 Subtraction Rule

Let P,(\, k) and | X (X, k)|* denotethe estimatedsubbandnoise
power and short time signal power, respectively. To obtain the
shorttime signalpowersubsequeninagnitudesquarednput spec-
tra are smoothedwith a first orderrecursivenetwork (v < 0.9)

IXOE) =7 XA = LB+ 1 -7 1 XAH (2

Following the proposalof Beroutiet. al. [4] we subtractspec-
tral magnitudeswith an oversubtractiorfactor osub(A, k) and a
limitation of the maximumsubtractiorby a spectraffloor constant
subf (0.01 < subf < 0.05)
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While a large oversubtractiorfactor osub(, k) essentially
eliminatesresidualspectralpeaks(’'musical noise’) it also affects
speechquality suchthat someof the low enegy phonemesare
suppressed.To limit this undesirableeffect the oversubtraction
factor is computedas a function of the subbandsignal-to-noise
ratio SN R (A, k) and the frequencybin k, i.e. osub(\ k) =
f(X\, k,SNR,(\ k)). In generalwe uselessoversubtractiorfor
high SNR conditionsand for high frequencieshanfor low SNR
conditionsand for low frequencies.

2.3 Subband Noise Power and SNR Estimation

We first computethe shorttime subbandsignal power P, (), k)

usingrecursivelysmoothedperiodogramsThe updaterecursionis

given by eq.(4). The smoothingconstants typically setto values
betweena = 0.9...0.95.
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if | X E) - QN E) < «/subf - Po(A\ k)

The noisepowerestimatel, (A, k) is obtainedasa weighted
minimum of the short time power estimate P, (A, k) within a
window of D subbandpower sampleg5], i.e.

P, (X k) = omin - Prin(\ k) 5)

P,,in (A, k) is the estimatedninimum powerandomin is afactor
to compensaté¢he bias of the minimum estimate.ln section3 we
showthat omin dependnly on known algorithmic parameters.

For reasonsf computationacomplexity and delay the data
window of length D is decomposednto W windows of length
M suchthat M - W = D. For a samplingrate of fs=8 kHz
and a decimation ratio R=64 typical window parametersare
M=25 and W=4, thus D=100 correspondingto a time window
of ((D—=1)-R+Wprr)/fs = 0.824s.

To determinegthe minimum of M consecutivesubbandoower
samplesattime A = A, weinitialize avariable Pyraci (A = A1, k)
to thefirst of theM samplesPusace (A = A1, k) = Po(A = A1, k).
The minimum of the M samples, Parmin (A, k), is then found
by a samplewisecomparisorof the actualminimum Py, (A, k)
with the shorttime power P, (), k). WheneverM sampleshave
beenread,ie. A = A + M — 1 we store the minimum
power of the last M samplesPurmin(A = A1 + M — 1, k) =
Prract(A = A1 + M — 1, k) andthe searchfor the minimum be-
gins over again. The minimum power of the length D window
is now easily obtained as the minimum of the last W mini-
mum power estimateSPismin (A = A1 + ¢M — 1, k) with ¢ =
1,0,...,(2 — W). The decompositionof the length D window
into W subwindowshasthe advantagehat a new minimum esti-
mateis availableafter alreadyM sampleswithout an substantial
increasein compareoperations.

If the actual subbandpower P, (), k) is smaller than the
estimatedminimum noise power P,..»(), k) the noise power
is updated immediately independentof window adjustment:
Pin(N k) = min (Py(A\ k), Pmin(A,k)). Thusin caseof de-
creasingnoise power we achievea fast updateof the minimum
power estimate. In caseof increasingnoise power the updateof
noise estimatess delayedby D + M samples.Finally, to con-
trol the oversubtractiorfactor osub(\, k) we computethe SNRin
eachsubband

SNR.(\ k) =10-log (Pz@ k) — min (P, (X, k), Pr (A, k)))

P,(\ k) 6

Figurel plotstheshorttime powerestimateandtheestimated
noisefloor for a noisy speechsample. The window length D =
M - W must be large enoughto bridge any peak of speech
activity, but shortenoughto follow nonstationarynoisevariations.
Experimentswith different speakersand modulatednoise signals
haveshownthatwindow lengthsof approximately0.8s- 1.4sgive
good results.

3. Statistical Properties of the
Minimum Power Estimate

In this section we derive bias and variance of the minimum
estimatewith theaimto developanunbiasedoisepowerestimator
and to evaluateits statisticalefficiency. As a resultwe will be
ableto computethe overestimatiorfactor omin. To facilitate the
analytical evaluationof minimum estimateswe assumethat the
noiseprocessn(i) is stationaryandthat no speechis presentj.e.



z(i) = n(i). S..(2) will denotethe power spectraldensity of
signal z(i).

We also assumethat the computationof the shorttime sub-
bandpowerestimatds doneby meansof honrecursivesmoothing
of K successivanagnitudesquaredspectra,i.e.

K—1
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If successivespectraX (A, k) are independenthe subband
power estimateP, (), k) is asymptoticallychi-squaredistributed
W, —1
with meano?(k) = S.u(% = 27k/Worr) - 5. h(m)
m=0
and N = K degreesof freedomfor DC and Nyquist frequency
binsandN = 2K degree®»f freedomfor all otherfrequencybins
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I'() andU () denotethe Gammafunctionandtheunit stepfunction,
respectively.Sincethe datasegmentsrom which the periodogram
is computedusuallyoverlapthe approximatingchi-squaredistribu-
tion haslessthanN degreeof freedom. Following the approach
by Welch [6] the equivalentdegreesof freedomfor overlapping
data segmentsare estimatedby fitting a chi-squaredistribution
with samemeanandvarianceasthe smoothedberiodogramin eq.
(7). For nonrecursive(eq. (7)) andfor recursivesmoothing(eg.
(4)) the equivalentdegreesof freedomare given by N,,,.. and
N,.., respectively

fo(yvk):
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wherea(K') andb(«) area functionsof K or «, the datawindow
h(2), and the frame rate R. Typical values are given for a
Hammingwindow of length256in the Appendix. Thus,regardless
of whatkind of smoothingis employedthe noise power estimate
in eq. (5) canbe modelledasthe minimum of D (approximately)
chi-squaredistributedpower estimatesP, (A, k).

3.1 Minimum of uncorrelated power estimates

In this section we assumethat the minimum power estimate
Prin(\ k) is basedon D independent power estimatesP: (X, k).
Thisis clearlynotthecasef we usesuccessivemoothecestimates
P, (A, k) butwith nonrecursivesmoothinganda suitabledecima-
tion we will be ableto approximatethis condition. The densityof
the minimum of D independent powerestimatess given by [7]

FPmin@) =D (1= Fp, (y))"" - fr. () (10)

where Fp, (y) denotesthe distribution function of the chi-square
density which becomesafter repeated partial integrations of

eq.(8)
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We useeq. (10) to computemeanand varianceof the min-
imum power estimate. Note that meanand varianceof the min-
imum estimateare proportionalto o2 (k) ando*(k), respectively

[8]. It follows that the bias of the minimum subbandpower es-
timateis proportionalto the noisepower a2 (k) andthat the bias
can be compensatedy multiplying the minimum estimatewith
the inverseof the meancomputedfor o (k) = 1

1

omin = —————— (12)
E{Pmi"}|o'2(k):1

The upper graphin Figure 3 plots the mean E{P,,;,} versus
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Figure 3: Mean (uppergraph)andvariance(lower graph,
solid line) of minimum power estimatecomputed
for uncorrelateddata, s * (k) = 1, K=20, and D=1-160
(Dashedline gives minimum varianceachievedby
non recursivesmoothingover K - D segments).

D for o?(k) = 1, K=20, and a(K)=2. To evaluatethe statisti-
cal efficiency we comparethe varianceof the unbiasedestimate
P, (A k) = omin- Py, (A, k) with thevarianceof a periodogram
smoothedover K - D data segments(’conventional’ noise esti-
mation). In this comparisonthe minimum subbandpower esti-
mate and the conventionalsmoothedperiodogramuse the same
amountof data. The lower graphin Figure 3 plots the variance
for o%(k) = 1. It is immediately obvious that the varianceof

the minimum estimateis much larger than the varianceof the

smoothedperiodogram. Since we typically use D=80-140the

minimum power estimationmethodis certainly not attractivefor

uncorrelateddata. We now turn to caseof correlateddata and
showthat therethe situationis quite different.

3.2 Minimum of correlated power estimates

Clearly, successivevaluesof P, (A, k) arecorrelated.In the case
of correlateddatathereis, howeverno closedform solutionfor the
probability density of the minimum or for its meanand variance
available. We thereforegenerateddata of variances?(k) = 1,
computedthe smoothedperiodogram(eq. (4)), and evaluatedthe
meanandthe varianceof the minimumestimate.Figure4 presents
thesesimulationresultsfor recursivesmoothingwith a = 0.95.
Again, the dashedine in the lower graphgives the variancefor
non recursivesmoothingof D successivevaluesof P.(\, k). In
the region of interest,i.e. D=80-140,we now haveonly a small
deviationof the varianceof the unbiasedminimum estimatorwith
respectto the varianceachievedby a conventionalestimator.

During speectlactivity we havenoisepowerinformationonly
within the narrow valleys of the shorttime power of the speech



signal. Thus, the effective window length D is much shorterthan

for speechpause. The reducedwindow length and a possible
distortion of the noise power estimateby low enegy phonemes
imply to usea smalleroverestimatiorfactor omin during speech
activity. However, as the experimentsshow, an overestimation
factoradjustedaccordingto Figure4 gavegoodresultsalsoduring

speechactivity.
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Figure 4: Mean (uppergraph)and variance(lower graph,
solid line) of minimum power estimatecomputed
for correlateddatawith ¢%(k) = 1, a = 0.95, and
D=1-160(Dashedline gives variancefor non
recursivesmoothingof D shorttime power estimates).

4. Experimental Results

The proposedalgorithmwascomparedo a’conventional’spectral
subtractionalgorithm which usesthe samesubtractionrule and
approximatelythe sameamountof datato estimatethe subband
noisepower. The'conventional’spectrakubtractionwasequipped
with an ideal speechactivity detector(i.e. manually segmented
speechfiles) and a noise power estimatorequivalentto eq. (4).
The speechmaterialconsistedbf 8 phoneticallybalancedGerman
speechsamplesrecordedby two male and two female speakers.
After addingcar noiseat two differentlevelsthe segmentaSNR
during speechactivity was 6dB and 0dB.

After the first experimentsit becameclear that the most
crucial compromises that of power smoothing(controlledby «)
versuswindow lengthfor minimum search(controlledby D). As
it is evident from Figures3 and 4 smoothingis a statistically
more efficient procedurethan the minimum search. With too
muchsmoothinghowever the valleysof power(seeFigurel) are
not pronouncedenoughto warrantreliable noise estimates. We
thereforeuse an additionalfirst order network with a pole at 0.9
to smooththe minimum estimates.With this additionalmeasure
and the other parametersetto D = 100, o« = 0.95, v = 0.9,
omin = 1.5 the speechquality and noisesuppressionvas almost
identical to the 'conventional’ spectralsubtraction.Occasionally,
however,a phonemes somewhatattenuated.The litmus testfor
our noiseestimationmethodis of coursenon stationarynoiseand
high speechactivity. To investigatethe performanceunder non
stationarynoise conditionsthe noisesignalwas multiplied with a
increasingor decreasingamp function prior to addingit to the

cleanspeechsignal. In theseexperimentghe SNR of the speech
samplesthus varied between6dB and 0dB and as expectedthe
performanceof the proposedmethodwas indeedsuperiorto the
performanceof the 'conventional’ spectralsubtraction.

5. Conclusion

The proposedminimum subtractionmethod eliminatesthe need
for a speechactivity detectorby exploiting the shorttime charac-
teristicsof speectsignals. For stationarynoisethe performanceof

our methodis very closeto the performancef spectrakubtraction
with conventionalnoise power estimationand ideal speechactiv-

ity detection. For non stationarynoise the methodis at a clear
advantageThe theoreticalanalysisshowsthat for typical param-
eter settings,the varianceof the minimum estimatoris lessthan
twice as large as the varianceof the conventionalnoise power
estimator. However, more experimentswith different speaking
situationsand different languagesare necessaryto improve the
trade-of betweenthe smoothingconstantand the window length
for minimum search.

Appendix: Equivalent Degrees of Freedom (see [6])

Ko ]a() | Norec a b@) [ Nrec
10 |1.98 |101 07 |175 |6.48
20 |2.04 [19.6 09 |198 |182
100 | 2.09 | 95.6 0.95 | 2.04 |38.2

Table 1: a(K), Nprec, b(a) and N, for
variousvaluesof K and o« computedfor a
Hammingwindow with Wprr = 256 and R=64.
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