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Roozbeh Soleymani, Ivan W. Selesnick, David M. Landsberger

A REAL-TIME ANDROID APP FOR MULTI-TALKER BABBLE NOISE REDUCTION.

Overview: CochlearImplant usersusuallydo not perform well in the presenceof the backgroundnoise. Several

single-channel de-noising algorithms have been previously designed to address this problem. Nevertheless,
designinga de-noising algorithm which is capableof performing well for non-stationary noise (e.g. Multi-talker
babble)still remainsa difficult task. Theproblembecomesmore challengingif functioningin real-time andhavinga
low latencyare addedto the list of the ŀƭƎƻǊƛǘƘƳΩǎdesiredproperties. We havedesigneda low latency,real-time
babblenoisereduction(SEDA2) whichmaintainthesepropertiesusingdeviceswith limited processingpowersuchas
a smart phone. The algorithm hasbeen tested on both CIusersand NH subjectsyieldingpromisingresults. The
algorithm consistsof three main stages: 1- Classification2-De-noising3-Enhancement. We also havedevelopeda
prototype app(Bab-El)for Androidcellphonesbasedon a slightlymodifiedversionof the SEDA2. TheBab-Elappcan
performreal time denoisingon anordinaryandroiddevicewith relativelylow latency.
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SEDA-2

1-Classification: Thefirst stageclassifiesveryshort framesof noisyspeechinto either noiseor speechdominatedclasses. Theclassifieremploysa numberof

novel features which maintain their robustnesseven for very short audio frames. Usingweighted PCAthe features are de-correlated and then using EM

(Expectationmaximization)algorithma GMM(GaussianMixture Model) iscreatedfor the classification.
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EM:     maximization ὰέὫὴ ‘ȟὅȟύ В ὰέὫВ ύﬞ Ὢ ‘ȟὅ
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В
‫

В
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В

В

Probabilityof eachtest featureset belongingto a classὢ: ὥὶὫάὥὼὖ ὧὰὥίίὖὧὰὥίί, ὖ ὧὰὥίίВ ύﬞ ‘ȟὅ .

‘ȟὅ and ύ are obtained from the GMM. Thevaluesof ὖὧὰὥίίandὖὧὰὥίί

changeas a function of the overall (long term) SNR. In the caseof fast varyingnoisy

condition)we canassumeὖὧὰὥίίὖὧὰὥίίπȢυȢIn the caseof slowlyvarying

overall SNR,we can estimatemore accuratevaluesfor ὖὧὰὥίίandὖὧὰὥίίby

roughlyestimatingthe globalSNR. Toestimatethe globalSNRwe suggesta verysimple

classifier which uses only two features (RMS ratio and envelope mean crossing)

calculatedover the longframesof the noisyspeechwithout de-correlatingthe features

with PCA. We use GMM with a singleGaussianper classfor training the overall SNR

classifier.
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10 Talker Babble (5 Female, 5 Male)

6 Talker Babble (3 Female, 3 Male)

4 Talker Babble (2 Female, 2 Male)
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Parameters :  
J: Number of Sub-bands
r : Oversampling factor
Q : Q factor

ὓ , Ὕ ,ὅ Ὕ Ὕ Ὕ Ὕ ὝὅὝ ,ὅ

ὠὅὠᵼ Ὕ ὠ ,ὅ ὡ 7 Ȣ

Feature Parameters Formula 

Entropy 
Histogram bin 

width and    
number

░ В ὖὯὰέὫ ὖὯ В ὰέὫ Ὤ: Amplitude histogram of Ὂ, ὖὯ: Probability of the 

kth bin, .ȡ.umber of bins, ὒȡFrame length. 

Post to pre thresholding RMS 
ratio 

Thresh. level †Ὂ + Ὂ , 
Ὂ ȡὰnorm of the frame Ὂ.

Envelope Mean-Crossing Moving avg. 
window length

░ ÖÁÒ
ρ

ÍÁØὩὒ
ȿὊὯ ὲὬȿύὯ

ὩΥ CǊŀƳŜΩǎ ŜƴǾŜƭƻǇŜΣὒȡWindow (w) length,h: Hop size. 

Envelope Variance
░

ρ

ςὔ
ȿÓÉÇÎÅË ʈ ÓÉÇÎÅË ρ ʈ ȿ

ὔ : Total number of windows in a frame , ǶὩΥ CǊŀƳŜΩǎ 
normalized envelope

1-1 FeatureSelection: Fourfeaturessensitiveto changesof SNRin short framesof target speechmixedwith multi-talkerbabblenoise,wereselected.

1-2 FeatureOptimization: Tooptimizethe quality of features,its Fischerscore(Ὓ) wasnumericallymaximizedand the suitablevaluesfor feature parameters

wereselected.

Ὓ
В

В
,ὔȡNumberof classes(i.e.,ὔ ς),‘ȡMeanof the feature in classÊ,‘ȡOverallmeanof the feature,”: Varianceof the feature in class

Ê, ὲ: Numberof samplesin classÊ.

1-3 FeatureDecorrelationwith WeightedPCA(PrincipleComponentAnalysis):

To reducethe correlation (redundancy)between the features,we usePCAto generatea new

smallerset of uncorrelatedfeatures. To take the quality of eachfeature into accountwe givea

relativeweight to eachfeaturebasedon its Fischerqualityscore.

ȡFeature matrix , ὓȡMean matrix of features,Ὕ: Transformation matrix, ὅ : Covariance 
matrixof Ὂ, & : De-correlated feature matrix, , ὅ: Diagonal rank-ordered covariance matrix 
of &ȟὡȡ7ÅÉÇÈÔÉÎÇÍÁÔÒÉØ

1-4 Trainingwith GMM andEM:

For the classifier,we usethe two dimensionalGaussianMixture Model (GMM)where eachclassis modeledasthe sumof aὲGaussiandistributions. In

order to train our model,we usethe iterative Expectation-Maximization(EM)algorithm
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1-5 ClassificationusingMAP(Maximuma posteriori estimation)

1-6 Performance evaluation:
A databaseof 2,100sentences,including720malespeakerand 720 femalespeakerIEEE
standard sentences,260 male speaker HINT sentencesand 400 male speaker SPIN
sentenceswasusedto createbabbleandspeechsamples. Tocreateeachbabblesample,
the numberand genderof talkerswere randomlyselected. Thenumberof talkersvaried
from 5 to 10. The performance of the classifierwas evaluated using two-fold cross
validation. First, the classifierwas trained with noisy speechsamplesrandomlycreated
from half of the sentencedatabase. Thenthe resultingclassifierwasevaluatedusingtest
samplescreatedfrom the secondhalf of the sentencedata base. Thenwe replacedthe
testing and training databaseand repeated the sameprocess. The averagevalue of Ὂ
accuracymetric wasmeasured:

ὖ Ὑ Ὂ

whereὅ,Ὢ andὪ arecorrect,falsepositiveandfalsenegativedetection,respectively.

2-Denoising and Enhancement: The representation of the clean speech samples in an oversampledTunable Q-factor Wavelet Transform (TQWT) exhibits some degree of group 

sparsity which does not exist in babble samples. Moreover, the distribution of the center frequencies of the sub-bands and the shape of the frequency responses of the TQWT resemble 
Mel-scale and Gammatone filter banks that are designed to reflect the human auditory system 
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2-1 Updating the threshold level: Thresholdlevelsin eachsub-band dependon the averagenoiselevel over the last

few noisedominatedframes.‘: Estimatednoiselevel for sub-bandὭ, obtainedby averagingὰnorm of that sub-band

over the last ὓnoisedominatedframes,Ὂ : LastὯth noisedominatedframe ,ύ :Ὥth sub-bandofὊ in TQWT

domainand *: total numberof levelsin TQWT(denotedwith•).

‘
ρ

ὓ
ύ ύ ύ ȟύ ȟȣȟύ • Ὂ ‘

ὓ ρ‘ ύ

ὓ

2-2 Adaptive Group Thresholding : 

FornoisyspeechframeὊframe:ύ •Ὂ where ύ ύ ȟύ ȟȣȣȟύ ,ύ ὧȟὧȟȣȣȟὧ

ὧtoὧ arecoefficient-groupsofύ. Foreachcoefficient-groupὧ of sub-bandύ we define:

ὶ ὲ
ὧ

ύ
Ƕὧ

Ὄ ὧ ȟ ὶ ‎

Ὓ ὧ ȟ ὶ ‎
,  Ὕ

ὒȡLengthof sub-bandὭ,†ȡcontrolsthe thresholdingaggressivenessbasedon the frameΩǎclass.”: determines
our desiredoverall denoisingaggressiveness,‭: Reduction factor for soft thresholding,‎: shouldalwaysbe
greaterthan 1.
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2-3 ParallelDe-noising: Firstwe create three distinct representationsof the
signalin the waveletdomainusingthree TQWTswith different settings. Then
we applyadaptivegroupthresholdingto eachrepresentationandcreatethree
slightly different de-noised versionsof the samesignal. Three resulting de-
noised signals will eventually be averaged. To increase the de-noising
performance, three TQWTsshould have low, medium and high Q factors
respectively. This will assurethree different representationsin the wavelet
domain. The redundancyand number of levels in each TQWTshould be
selectedsothat theǎƛƎƴŀƭΩǎenergyisdistributedovermanysub-bands.
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2-4 Enhancement: Adaptivegroup thresholdingis adjustedbasedon the noiselevel. Henceit
significantlyaltersthe babblestructureandreducesit to sporadicand isolatedcoefficientswith
high frequencycontent. Toinvestigatethis, we measuredthe high frequencycontent of speech
and noise dominated frames, after and before denoising. The energy of high frequency
componentsremainsnearly constant in speechdominated frames,after and before parallel
denoisingwhereasit drastically increasesin noise dominated frames. To exploit the above
mentionedproperty,after paralleldenoisingwe applya suitablelow-passfilter only to the noise
dominated frames, to remove the high frequency residual componentsresulting from the
previousdenoisingstepsand further enhancethe speechquality. In SEDAwe useda 6th order
Butterworth low passfilter with cut-off frequencyof 4000Hz.

3-Testing:

ü 7 CochlearImplantusers

ü IEEEstandardsentences
ü with andwithout SEDAprocessing
ü SNRsof 0, 3, 6, and9 dB
ü Stimuli: 4 randomly selected IEEE

sentence lists for each condition
(without replacement).

ü Noise: Randomlycreated 10-talker (5
maleand5 female)babble(see1.6)

ü Average improvement between
7.19%to 17.19%dependingon SNR.

ü Sound quality measured with MUSHRA
(Multiple Stimuli with Hidden Reference
andAnchor)
ü SEDAwasrated assoundingbetter at

all SNRlevels.

4-Bab-El Android app: We havedesigneda prototypecell-phoneapp. (Bab-EL) designedfor Android devices

basedon SEDA2 algorithm. Thecurrent versionof the Bab-Elcanrun in real-time on most Androiddevicesand
introducesa latencyaslow as20 milliseconds. Note that this latencywill be addedto the relativelyhigh latency
inherent in the Androidphones. Someof the Bab-Elfeaturesare briefly describedasfollows:
ü Calibration: To eliminate the effect of variationsin the ƳƛŎǊƻǇƘƻƴŜΩǎfrequencyresponseand sensitivity in

different devices,we shouldcalibratethe app before usingit for the first time. In this mode the useris asked
to speaknormally for 10 secondsin a quiet environment. Theapp analysesthe audio and adjust the SEDA
classifierbasedon the result. Thismode alsochecksthe speedof the phoneand makessuggestionsfor the
optimalde-noisingsettings.

ü Settings: The app has 12 predefined settings which can be selectedbasedon the noise type and phone
performance. Thesettingsmainlydiffer in frame length,window type and waveletand classifierparameters.
Theuseralsocancreatenewsettingsby choosingthe waveletandclassifierparameters.

ü Saveand De-babble: Thismode performs the de-noisingon the recordedaudio samplesand savesthe de-
noisedsignal.

ü Real-TimeDe-babble: Thismodeperformsreal time de-noisingon the noisysignalreceivedby the cell phone
or anexternalmicrophoneconnectedto the phone.

ü WirelessDe-babble: Thismodeperformsreal time de-noisingon the noisysignalreceivedfrom a remote cell-
phone. For this mode we need two cell phones(one senderand one receiver). Currently the connection
betweenthe cell-phonesisviaWi-Fibut we will introduceBluetoothconnectionin the nextversion.

ü Analysis: Theappprovidesthe userwith real time basicinformationabout the receivedaudiosignalincluding
the frequencycontent,noiselevelandloudness.
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Individual Speech intelligibility test results

Clean to Denoised Normalized Euclidian distance (High/Low) Freq. content ratio.
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TQWT block diagram and main parameters

TQWT sub-bands, frequency response and wavelets.

Parallel De-noising
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