A REALTIME ANDROID APP FOR MUALKER BABBLE NOISE REDUCTION.
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2-Denoising and Enhancemerithe representation of the clean speech samples in an oversariipieable Gactor Wavelet Transform (TQWashibits some degree of group
sparsity which does not exist in babble samples. Moredkerdistribution of the center frequencies of the sblands and the shape of the frequency responses of the TQWT resembl
Mel-scale and Gammatone filter banks that are designed to reflect the human auditory system

Overview Cochleaimplant usersusuallydo not perform well in the presenceof the backgroundnoise Several
singlechannel de-noising algorithms have been previously designed to addressthis problem Nevertheless,
designinga de-noising algorithm which is capableof performing well for non-stationary noise (e.g. Multi-talker
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babble)still remainsa difficult Fask Theproblem becorr)_esmore chqllenging’f functio_ningin reaktime and havi_nga Analysis Filter Bank Parameters : Synthesis Filter Bank FREQUENCY RESPONSES: 0= 200 R =300
low latencyare addedto the list of the | { 3 2 Ndesir&dyproperties We have designeda low latency, reaktime J: Number oBubbands ) 1 SUEBADS OF AL
babblenoisereduction(SEDA2) whichmaintainthesepropertiesusingdeviceswith limited processingpower suchas ’ NI I r - Oversampling factor —d) n o R |y ® (€) S
: : . : . . O O UTY L (8) Q : Q factor 0 o V(E) —00Y}|»0 08
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1-Classification Thefirst stageclassifiesrery short framesof noisyspeechinto either noiseor speechdominatedclassesTheclassifieremploysa number of ) ) | - 5 o | N: Noise Dominated S: Speech Dominated Previous Signal Blocks Current Signal Bloc
novel features which maintain their robustnesseven for very short audio frames Usingweighted PCAthe features are de-correlated and then using EM U dlengthof subband’Qfdeontrolsthe thresholdingaggressivenessasedon the frameQ&lass ™ : determines 0 0 0 o o o
(Expectatiormaximization)algorithma GMM (GaussiaMixture Model)is createdfor the classification our desiredoverall denoisingaggressiveness, : Reductionfactor for soft thresholding, [ : shouldalwaysbe
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1-2 FeatureOptimization: Tooptimizethe quality of features,its Fischerscore( Y} wasnumericallymaximizedand the suitablevaluesfor feature parameters mentionedproperty, after paralleldenoisingwe applya suitablelow-passfilter onlyto the noise Toa -, 18
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To reducethe correlation (redundancy)between the features,we use PCAto generatea new 80 - 80 &;
smallerset of uncorrelatedfeatures Totake the quality of eachfeature into accountwe givea i |IEEEtandardsentences 60 | - 60 < 60
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Forthe classifierwe usethe two dimensionalGaussiarMixture Model (GMM) where eachclassis modeledasthe sumof a € Gaussiardistributions. In U sou .d qua _ty neasu eo_l t US =
(Multiple Stimuli with Hidden Reference 60 S

orderto train our model,we usethe iterative ExpectatioAMaximization(EM)algorithm
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g g (\‘\\iﬁ\”i"ﬁi}gé/{///{é” 4-Bab-El Android app: We havedesigneda prototypecell-phoneapp (Bab-EL) designedor Android devices
| 5 5 5 NS basedon SEDA2 algorithm Thecurrent versionof the BabElcanrun in reattime on most Android devicesand
5 ] — 0 B § Speech Dominated iIntroducesa latencyaslow as 20 milliseconds Note that this latencywill be addedto the relatively high latency
LI S NS S R R I S O AU SRR R inherentin the Androidphones Someof the BabElfeaturesare briefly describedasfollows.
- | | S U Calibration To eliminate the effect of variationsin the Y A O N2 LIKegugris\desponseand sensitivity in
1-5 ClassificatiorusingMAP (Maximuma posteriori estimation) different deviceswe shouldcalibratethe app before usingit for the first time. In this mode the useris asked
Probabilityof eachtest featureset belongingto aclass®d: dO1 "Qd W [0 & (0 & O ,0( [oadY i B 0~ (| ). to speaknormally for 10 secondsin a quiet environment The app analyseshe audio and adjustthe SEDA
e bained from the GMM. Theval OO a &Y dnd (G a O i classifierbasedon the result Thismode alsochecksthe speedof the phone and makessuggestiondor the
‘ an U are optaine nm e . evaluesor v(wad W) andauv(wa wi 1 Gaussian Mixture Model Optlmal de_nOISIngsettlngS
changeas a function of the overall (long term) SNR In the caseof fast varyingnoisy | i Settings The app has 12 predefined settings which can be selectedbasedon the noise type and phone

condition)we canassumed (w & O i 0(w & O)i i T@®8In the caseof slowlyvarying
overall SNRwe can estimate more accuratevaluesfor 0(w & @) and 0 (o & Q)i by
roughlyestimatingthe globalSNRToestimatethe globalSNRwve suggest very simple
classifier which uses only two features (RMSratio and envelope mean crossing)
calculatedoverthe longframesof the noisyspeechwithout de-correlatingthe features
with PCA We use GMM with a single Gaussiamer classfor training the overall SNR

performance Thesettingsmainly differ in frame length, window type and waveletand classifierparameters
Theuseralsocancreatenew settingsby choosinghe waveletandclassifieparameters

U Saveand De-babble Thismode performsthe de-noisingon the recordedaudio samplesand savesthe de-
noisedsignal

U RealTimeDe-babble Thismode performsreal time de-noisingon the noisysignalreceivedby the cell phone
or an externalmicrophoneconnectedto the phone
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Before / after thresholding ratio

classifier e U WirelessDe-babble Thismode performsrealtime de-noisingon the noisysignalreceivedfrom a remote celt
"l | | | | | | | phone For this mode we need two cell phones(one senderand one receiver) Currentlythe connection

1-6 Performance evaluation "o 50 100 ope M crossng R er second) - a00 350 betweenthe cellphonesis via Wi-Fibut we will introduce Bluetoothconnectionin the nextversion

A databaseof 2,100 sentencesjncluding720 male speakerand 720 female speakerlEEE B U Analysis: Theapp providesthe userwith realtime basicinformation aboutthe receivedaudiosignalincluding

standard sentences,260 male speaker HINT sentencesand 400 male speaker SPIN Classifier Accuracy the frequencycontent, noiselevelandloudness

sentencesvasusedto createbabbleand speechsamples Tocreateeachbabblesample,
the numberand genderof talkerswere randomlyselected Thenumber of talkersvaried
from 5 to 10. The performance of the classifierwas evaluated using two-fold cross
validation First, the classifierwas trained with noisy speechsamplesrandomly created =

from half of the sentencedatabase Thenthe resultingclassifierwas evaluatedusingtest i |
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