
3 : 743
(Jeongchan Yu et al.: Speech Enhancement based on Speech Production Model using Machine Learning)

a), a), a), a)

Speech Enhancement based on Speech Production Model using

Machine Learning

Jeongchan Yua), Jaewon Kima), Heeyoun Moona), and Hochong Parka)

.
. ,

. ,
. NSDTSEA ,

.
SEGAN WaveNet 1,344 70
.

.

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

Copyright 2023 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”

(Special Paper)

28 6 , 2023 11 (JBE Vol.28, No.6, November 2023)
https://doi.org/10.5909/JBE.2023.28.6.743
ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)



744 (JBE Vol.28, No.6, November 2023)

.

,

[1,2].

,

[3].

. (spectrogram)

(mask) [4],

U-Net
[5,6],

WaveNet
[7], (genera-

tive adversarial network, GAN) [8],
[9,10].

,

. , WaveNet

.

, .

(speech production model) ,

(vocal cord) (excitation

signal) (vocal tract)

(spectral envelope) [11].

(voiced sound)

(pitch)

(fundamental frequency) (harmonic) .

, (unvoiced sound)

.

,

.

.

(neural network)

,

. ,

. ,

,

.

.

,

.

(parameter)

.

NSDTSEA (noisy

speech database for training speech enhancement algo-

rithms and TTS models) [12],

.

, PESQ (perceptual

a) (Dept. of Electronics Engineering, Kwangwoon Univ.)
Corresponding Author : (Hochong Park)

E-mail: hcpark@kw.ac.kr
Tel: +82-2-940-5104
ORCID: https://orcid.org/0000-0003-1600-6610

2023 2021
( ) (NRF-2021R1F1
A1059233) .
Manuscript November 14, 2023; Revised November 22, 2023;
Accepted November 22, 2023.



3 : 745
(Jeongchan Yu et al.: Speech Enhancement based on Speech Production Model using Machine Learning)

evaluation of speech quality), CSIG, CBAK, COVL
[13]. ,

,

.

,

. ,

Wiener , SEGAN, WaveNet

, SEGAN WaveNet 1,344 70
[7,8,14].

.

.

1.

-

(masking) [4].

.

, (end-to-

end) .

,

. ,

.

.

,

.

.

.

,

.

,

.

(black box)

,

.

(interpretable machine learning)
[15,16].

,

.

2.

. 1

.

,

.

(excitation generator)

(spectral envelope generator)

,

.



746 (JBE Vol.28, No.6, November 2023)

8 (non-causal) 1 (1D con-

volution layer, Conv1D) ,  (kernel)

,  (channel) ,  .

(bin) 256 ,



.

1.
Fig. 1. Architecture of proposed neural network
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Fig. 2. Architecture of neural network with constraints
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Fig. 3. Neural network output depending on the constraint condition, (top) excitation signal, (middle) spectral envelope, (bottom)
product of the two signals
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Fig. 4. Spectrogram for Prop128*
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Fig. 5. Spectrogram for each method
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Model PESQ CSIG CBAK COVL # of parameters

Noisy input 1.97 3.35 2.44 2.63 -
Prop32 2.49 3.69 3.07 3.08 0.14M
Prop32* 2.49 3.75 3.07 3.11 0.09M
Prop64 2.65 3.93 3.19 3.28 0.35M
Prop64* 2.63 3.96 3.18 3.29 0.26M
Prop128 2.66 3.91 3.20 3.28 0.99M
Prop128* 2.69 4.03 3.20 3.36 0.81M
Prop256 2.65 3.92 3.19 3.29 3.15M
Prop256* 2.69 4.00 3.18 3.34 2.81M

1.

Table 1. Objective evaluation results of proposed method

Input SNR PESQ CSIG CBAK COVL
2.5 2.16 3.49 2.77 2.81
7.5 2.61 3.97 3.13 3.29
12.5 2.84 4.20 3.33 3.52
17.5 3.14 4.46 3.59 3.81

2. SNR Prop128*

Table 2. Objective evaluation results of Prop128* depending on input
SNR
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