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Abstract

Speech enhancement is a mean to improve the quality and intelligibility by noise suppression and
enhancing the SNR at the same time, which has been widely applied in voice communication
equipments. In recent years, Deep Neural Network (DNN) has become a research hot point due to
its powerful ability to avoid local optimum, which is superior to the traditional neural network.
However, the existed DNN costs storage and has a bad generalization. Now, this document puts
forward a sparse regression DNN model to solve the above problems. First, we will take two regu-
larization skills called Dropout and sparsity constraint to strengthen the generalization ability of
the model. Obviously, in this way, the model can reach the consistency between the pre-training
model and the training model. Then network compression by weights sharing and quantization is
taken to reduce storage cost. Next, spectral subtraction is used in post-processing to overcome
stationary noise. The result proofs that the improved framework gets a good effect and meets the
requirement of the speech processing.
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p (V, h) = {+H
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Figure 1. The theory of speech enhancement based on regressive DNN
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@© AafEs: R/ MEE FREM AL ML, K2 BT E T s 2l R, AR T i
B R ZE M AT BR L

Loss:ﬁzs:lz(il()iﬁ(W',b')—Xf)z (®)

N AECMIER/DS, D ORE KR f B 4, X (W',b')\ XS SRR N AREAR S d 4ERIGER
TE B R IE AN BB R

@ RBiET: iR E A AIRRE, BRARETEHARE S ERRE. R IRKERZER

Uik J2 BUE i K
© BHBUE: FEHUBEEE T B SRE P R A B M 28 BUH -

w® =w® —QK%AW(')}FJW(')} ©9)

b =p" —aKﬁAb(')ﬂ (10)

o R, L RPEFE RS B(weight—decay), I TIEHIBUEMEE, Byibid#l4.
mk R EHAT LIRPE, HER TR

2.1.2. HEEMEL
i M T T A UR LA 22 P X TS, M s BOR 208 W 28 SRAF a5 2 et RIx i B AR 3 A
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PE, AT DB AR E AL EAR BI NIRE M 8 [12], HseBURFER . SIAFBE Hbr p, 5 g
Bl S PR A O MR
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Figure 4. (a) Reconstruction error of original DNN training process; (b) Reconstruction error of improved DNN training process
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Table 1. The SegSNR of the original noisy and the SegSNR of enhanced speech based on improved model
= 1. RIGHERIES MR EIEIREHY SegSNR &

SegSNR
LIPNEL 3=
ORG DNN GENE WSQ PSS
-5dB —6.880263 —4.408206 —3.033468 —3.497555 —0.914351
0dB —4.588185 —3.455436 —2.401388 —2.366636 0.993789
5dB —3.588916 —1.015831 —1.869330 —1.513949 3.503478
1 -5.01912 —2.95982 —2.43473 —2.45938 1.194305
Table 2. The LSD of the original noisy and the LSD of enhanced speech based on improved model
2. RIAHIRIEF TR ARAREZ L N353 /589 LSD &
LSD
LIPNEL =
ORG DNN GNENE WwSQ PSS
-5dB 18.119964 14.975621 13.371705 13.431508 8.919710
0dB 14.944845 11.957203 11.156676 11.607875 6.933970
5dB 11.143723 9.374866 8.499927 8.419374 4.998014
F3 14.73618 12.10256 11.00944 11.15292 6.950565
Table 3. The PESQ of the original noisy and the PESQ of enhanced speech based on improved model
3. [RIATHIRIEZE TR BIRFAREZ (L RE /11458 /5 PESQ B
. PESQ
LN 154
ORG DNN GENE WwSQ PSS
-5dB 1.901588 2.093061 2.518918 2.165188 2.877767
0dB 2.109744 2.116952 2.738987 2.201471 3.198172
5dB 2.011579 2.180421 3.030972 2.238185 3.221166
i 2.007637 2.130145 2.762959 2.201615 3.099035
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