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Abstract

This paper proposes a new neural network architecture for speech enhancement based on speech production model. The network
decomposes the input into the excitation signal and spectral envelope, and synthesizes the output after enhancing each component.
Constraints appropriate for each component is applied to the network for the intended learning according to the speech production
model. In addition, the proposed method conducts limited operations specific to speech, thus reducing the complexity compared
with conventional methods. The NSDTSEA dataset is used for network training and performance evaluation, and the spectrogram
analysis confirms that the learned network performs speech enhancement according to the speech production model. An objective
performance evaluation confirms that the proposed method provides higher performance than the SEGAN and WaveNet, while
using 1,344 and 70 times fewer network parameters than the SEGAN and WaveNet, respectively. These results verify that the
proposed method can perform effective speech enhancement even using a small network owing to the speech production model.

Keyword : speech enhancement, noise suppression, speech production model, speech synthesis, interpretable machine learning
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Table 1. Objective evaluation results of proposed method

Model PESQ CSIG CBAK COVL | # of parameters
Noisy input | 197 335 244 263 -
Prop32 249 369 307 3.08 0.14M
Prop32* 249 375 307 31 0.09M
Prop64 265 393 319 328 0.35M
Prop64* 263 39 318 329 0.26M
Prop128 266  3.91 320 328 0.99M
Prop128* 269 403 320 336 0.81M
Prop256 265 392 319 329 3.15M
Prop256* 269 400 318 3.34 2.81M

¥ 2. 212 SNRO| 2 Prop128*9| MsL7t Aut
Table 2. Objective evaluation results of Prop128* depending on input
SNR

Input SNR PESQ CSIG CBAK COVL
25 2.16 3.49 277 2.81
75 2.61 3.97 3.13 3.29
125 2.84 4.20 3.33 3.52
17.5 3.14 4.46 3.59 3.81
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Table 3. Objective performance comparison of each method

Model PESQ CSIG CBAK COVL | # of parameters
Noisy input | 1.97 335 244 263 -
Wiener 222 323 268 267 -

SEGAN 2.16 3.48 2.94 2.80 121M

WaveNet - 3.62 3.23 2.98 6.31M

Prop32* 249 3.75 3.07 3.1 0.09M

Prop64* 2.63 3.96 3.18 3.29 0.26M

Prop128* 2.69 4.03 3.20 3.36 0.81M
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