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Table 2: Percent of correctly identified phonemes. Values indicate the mean + 1 standard deviation over five model

° . . _ 3 .
SpeeCh enhancement teChnlque where the time frequency (T F) representation of SP eech instances trained using different random weight initializations. Bolded values indicate best performing unidirectional LSTMs.

1s multiplied by a matrix of gain values to suppress reverberation and noise [3] (Fig. 2) e ASR features Manner of Articulation Classification
* Extracted over 25ms frames with 10ms frame shift . . . .
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© [ b fJ] e T Ennanced Signa Anechoic Signa coefficient ASR) * Higher overall accuracy than phoneme classification
z| ‘m,;u‘l :‘I‘ 4 \: ™ i nhance nechoic Si .. . .
gL LT "‘ * Clfeatures * Similar trend to phoneme classification where LSTM-ACE-CI and LSTM-MFB-CI
M R L § ; | * Extracted over 8ms frames with 2ms frame shift provided highest levels of performance
w0 o0 s 8 2| | : | * STFT-CI (log short-time Fourier transform), ACE-CI (Advanced Combination . .
Estimated Mask - | T Encoder [7]), MFB-CI Model Anechoic Office Stairway
i , W il | |t o Baseline (majority class) 37.3 37.3 37.3
? " 500 - 1(()0) 1500 T S0 - 1(()00) 1500 . T TS 12; B S_TF_T _________________ L(: _co_m_r;s;o; < LSTM-STFT-CI 82.2+0.4 70.8£0.8 68.5+0.3
: — Anechoic signal used as reference to opeech I[" Hann sower 22 weighted | [ Channel | | 55 P R L CI features  |LSTM-ACE-CI 82.9+0.1 | 72.1£0.2 | 69.2+0.3
- compute gain values Signal window filters selection —
I spectrum currents | LSTM-MFB-CI 82.9+0.4 72.0+£0.4 69.3+0.7
e L ] -
ey LSTM-MFB-ASR 81.4+0.3 70.1+£0.3 66.3+0.7
500 1000 1500 22 Band Mel . L > STET-CI ASR features
Time (ms) Fig. 2: Application of time-frequency mask to reverberant speech signal. Filterbank }——' MIFB-ASR o8 (] . ACE-CI BLSTM-MFCC-ASR 85.2+0.1 77.2+0.2 74.5+0.1
e In real-time. an aleorithm must be develoned to ! %8 Table 3: Percent of correctly identified manners of articulation. Values indicate the mean + 1 standard deviation over five
. ? g . p T-F Mask DCT MFECC-ASR 22 Band Mel ] . MEB-CI model instances trained using different random weight initializations. Bolded values indicate best performing unidirectional
estimate mask from reverberant signal (Fig. 3) Estimation ' Filterbank | 98 ' LSTMs.
* T-F mask estimation algorithms have limited Fig. 8: Feature extraction framework. This figure shows ASR features and Cl-inspired features are extracted within the .
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