A REAL-TIME ANDROID APP FOR MULTI-TALKER BABBLE NOISE REDUCTION.
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2-Denoising and Enhancement: The representation of the clean speech samples in an oversampled Tunable 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

Overview: Cochlear Implant users usually do not perform well in the presence of the background noise. Several
single-channel de-noising algorithms have been previously designed to address this problem. Nevertheless,
designing a de-noising algorithm which is capable of performing well for non-stationary noise (e.g. Multi-talker
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4-Bab-El Android app: We have designed a prototype cell-phone app. (Bab-EL) designed for Android devices

LS
e

kpk k kpk_  news pk_, new\T Speechbominalee NS based on SEDA2 algorithm. The current version of the Bab-El can run in real-time on most Android devices and
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Ky = S pF w; = Np i = > Dk Speech Dominated introduces a latency as low as 20 milliseconds. Note that this latency will be added to the relatively high latency
I R TS N S R E I T TN N R inherent in the Android phones. Some of the Bab-El features are briefly described as follows:
» Calibration: To eliminate the effect of variations in the microphone’s frequency response and sensitivity in
1-5 Classification using MAP (Maximum a posteriori estimation) different devices, we should calibrate the app before using it for the first time. In this mode the user is asked
Probability of each test feature set | belonging to a class X : argmaxy[P(F|classy)P(classy)], P(Flclassy) = Yoy wi N(F |u;, C;). to speak normally for 10 seconds in a quiet environment. The app analyses the audio and adjust the SEDA
Coand ] i ) ) | (el ) and P(cl ) classifier based on the result. This mode also checks the speed of the phone and makes suggestions for the
., C; and w; are obtained from the GMM. The values o classy ) an class aussian Mixture Mode : _nAic -
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change as a function of the overall (long term) SNR. In the case of fast varying noisy oL > Settings: The app has 12 predefined settings which can be selected based on the noise type and phone
condition) we can assume P(classy) = P(classs) = 0.5. In the case of slowly varying oasl performance. The settings mainly differ in frame length, window type and wavelet and classifier parameters. PR pr——

overall SNR, we can estimate more accurate values for P(classy) and P(classs) by
roughly estimating the global SNR. To estimate the global SNR we suggest a very simple
classifier which uses only two features (RMS ratio and envelope mean crossing)
calculated over the long frames of the noisy speech without de-correlating the features
with PCA. We use GMM with a single Gaussian per class for training the overall SNR

The user also can create new settings by choosing the wavelet and classifier parameters.

» Save and De-babble: This mode performs the de-noising on the recorded audio samples and saves the de-
noised signal.

» Real-Time De-babble: This mode performs real time de-noising on the noisy signal received by the cell phone
or an external microphone connected to the phone.
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classifier . » Wireless De-babble: This mode performs real time de-noising on the noisy signal received from a remote cell-
.l | | | | | | | phone. For this mode we need two cell phones (one sender and one receiver). Currently the connection

1-6 Performance evaluation: "o %0 10 L velope Mean.Crossing Rets (Per Second) 300 350 between the cell-phones is via Wi-Fi but we will introduce Bluetooth connection in the next version.

A database of 2,100 sentences, including 720 male speaker and 720 female speaker IEEE » Analysis : The app provides the user with real time basic information about the received audio signal including

Classifier Accuracy

standard sentences, 260 male speaker HINT sentences and 400 male speaker SPIN the frequency content, noise level and loudness.

sentences was used to create babble and speech samples. To create each babble sample,
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