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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.
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Enhanced speech spectrogram
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o +©
ConvlD x7 ConvlD x7
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T (256) T (256)

Noisy speech spectrogram
T2 HMoksle e 2

Fig. 1. Architecture of proposed neural network
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Enhanced speech spectrogram
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>(X)<
‘ (256) ‘ (256)
Conv1D Conv1D
(k=3, ¢=256, a=Sigmoid) (k=3, c=256, a=ReLU)
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&) t 3
Slice ‘ ‘
T (256)

Down-sampling
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I

Noisy speech spectrogram
I:l Constraint layer
Tzl 2. HEM0| MRE AlFT X
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)
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Fig. 5. Spectrogram for each method
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¥ 2E 9% SNROl| w2 Propl28*2] AFolth LE ¢
2 SNRellA A4 522 astm, 42 SNR| H] st
5ol S7teke Ae BAEth

E 1. Hoteh Wol Mux HSEIL 2t

Table 1. Objective evaluation results of proposed method

Model PESQ CSIG CBAK COVL | # of parameters
Noisy input 1.97 3.35 2.44 2.63 -
Prop32 249 369 3.07 3.08 0.14M
Prop32* 249 375 3.07 311 0.09M
Prop64 2.65 393 319 328 0.35M
Prop64* 2.63 39 318  3.29 0.26M
Prop128 2.66 3.91 320 3.28 0.99M
Prop128* 269 403 320 336 0.81M
Prop256 2.65 392 319 329 3.15M
Prop256* 269 400 318 3.34 2.81M

H 2. 93 SNRO|| IZ Prop128*9| s/t A3t
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
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
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WaveNet CBAK ?;}%g Al £l 8hH
WS AFE-SHE Prop32*7F Bl
7}71t} oYt CBAKS #3438 &3 dszﬁ NFE

= ARE 24 P d5NA 4 AxE otk 4l

7ol W4E  v|wStE, Prop32*7 SEGANSH
WaveNetol] H|all z}z} 1,3448) ¢} 708) 22 vfj7fH 45 7}
AW, 714 58 45S 7HAE Propl28*E ZHz 1494)
oF gulf A A wiAHTE 7HITh

E 3. 72} Yol Ay Y5 HI

Table 3. Objective performance comparison of each method

Model PESQ CSIG CBAK COVL | # of parameters
Noisy input | 1.97 3.35 2.44 2.63 -
Wiener 222 3.23 2.68 2.67 -
SEGAN 216 348 294 280 121M
WaveNet - 362 323 298 6.31M
Prop32* 249 375 3.07 3.1 0.09M
Prop64* 263 396 318 329 0.26M
Prop128* | 269 403 320 3.36 0.81M
V. 248
B =rdAe 54 A Bds ol dst 4%
S5k A4 P25 AAsel $4 IS EgHoE
Fots A2 WAy 7Rk 4 i 71sS At
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