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aptation of the noise power spectral density matrix. Accordingly, the estimation accuracy of the noise power spectral

density matrix is directly related to the accuracy of the speech presence probability estimation. Traditional techniques for

estimating speech presence probability are based on the assumption of stationary noise. However, they frequently en-

counter a parameter trailing issue when dealing with non-stationary noise, leading to diminished noise suppression in

practical applications. In this study, we first theoretically explain the rationale for the trailing problem in traditional

methods for speech presence probability estimation. Speech presence probability is linearly related to the long-term

signal-to-noise ratio (SNR) in traditional methods. Furthermore, we found that the long-term SNR of the current frame

is only a small attenuation of the long-term SNR of the last frame when speech exists. When noise changes rapidly, the

long-term SNR changes slowly, resulting in estimation trailing problem in the estimated speech presence probability. To

address this problem, we proposed using the temporal convolutional network (TCN) to estimate the a priori speech pres-

ence probability. Furthermore, by integrating the estimated a priori speech presence probability into the MCSPP frame-

work, we achieve a more accurate estimation of the posterior speech presence probability. TCN can directly estimate

speech presence probability without relying on the noise stationary assumption, and the trailing problem can be effec-

tively avoided. Therefore, a priori speech presence probability estimated by TCN can improve the accuracy of the noise

power spectral density matrix estimation with non-stationary noise. The performance of the different methods was as-

sessed using the CHIME-3 dataset. Simulation results demonstrate that the proposed method outperforms other methods

in terms of noise reduction and speech quality in non-stationary noise environments. Specifically, the proposed method

achieved a PESQ improvement of 0.09, a fwSegSNR improvement of 0.78, and a COVL improvement of 0.08 over the

traditional method on the test dataset with an SNR of 5 dB.
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Fig. 5 PESQ, NR, LSD, fwSegSNR, CSIG, CBAK and COVL of three methods for different SNRs
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Tab. 2 Results of three methods on test sets of different noise types
Noise Type Method PESQ NR LSD fwSegSNR CSIG CBAK COVL

Proposed 2.34 15.23 1.87 11.97 3.21 2.74 2.66

bus MCSPP 2.20 16.52 1.99 11.10 3.08 2.59 2.54

NN 1.67 9.54 2.17 9.36 2.45 2.36 1.97

Proposed 1.97 13.75 2.07 10.52 2.80 2.54 2.28

caf MCSPP 1.89 14.29 2.40 9.68 2.72 2.39 2.21

NN 1.42 8.78 2.45 8.06 2.16 2.20 1.71

Proposed 2.07 14.42 2.23 10.14 2.79 2.56 2.32

ped MCSpp 2.01 15.29 2.44 9.50 2.73 2.43 2.27
NN 1.44 9.27 2.57 7.78 2.08 2.19 1.68

Proposed 2.18 14.94 1.93 11.41 3.06 2.66 2.51

str MCSPP 2.08 16.01 2.11 10.63 2.95 2.53 2.42

NN 1.53 9.15 2.36 8.66 2.28 2.29 1.82

B F MCSPP FINN, AN, £ X6 AS [1] 28 75 (1) e s
4207 2 e B P et AN [R] . 7E bus, caf, ped Fl str
WP A AE R LT, T 4R Tk B Y PESQ AH He
MCSPP /3 51427} 1 0.14,0.08,0.06 #10.1, CSIG #H Lt
MCSPP 435427+ 7 0.13,0.08,0.06 F10.11, COVL AH
. MCSPP 43 51327+ 1 0.12,0.07,0.05 #10.09, FA]
PN S L =S S oW N |
MR PSRRI LT NN 7T M REAEE 22 57, 1T
JIT 2 T5 vk 0 PR e 4 L1 A2 B NN A 1T A9 mask ARG
FERRZM . 2, bus M TR Br i 75 ik PESQ #2 71
R 5 5 K, AH N L H NN S A PESQ e iy o H:
W AR A RSP AR e 7 () AR Aol B A fE 22 5.
Wb R AR P, T 4R 5 R A S MCSPP Y
TR

AN AT B 5L 5 50 Uk T MCSPP J7 i

DU AR RO o FE T iR Sk b, AT NIN A
TSI ME R g (k, 1) PEAT DLt B3k AC A5 21 )5 561
Hopk, D)o R T S uE o DUt B kA0 BRAGVE
FATHAT T A D3R A9 5256 (Proposed with-
out Bayesian) , Rl F # 4 J5 % ] % pk, D=1-
Gy (k, Do 23 &R T DU T EEAE A 4R SNR=5 dB
Ao R G 5 AR . N 3R 3 T s o, TR TR Y
PESQ #H [l MCSPP J5 i 27 1 0.09, #H L NN J5 i
PETF T 0.62, HIE, A VAT DL a4 0 Oy ik
(Proposed without Bayesian) fiY) PESQ I T~ Fr #2581
I MCSPP J5 1% o X R B, B 440 NN i1 19
mask 1E h 1 5 A7 7EME A TF AN ] T2 T 8 o 2l R .
NN fili 71 () mask H A 38 o DU ik Q#5208
AR Bt — 2R A A RE 54 Mol Bl 5 22110 M7= Ty
P R REAL T S

F3 WA E LR HENER AR R
Tab.3 Comparison of enhancement result for Bayesian iteration on the test set
Method PESQ NR LSD fwSegSNR CSIG CBAK COVL
Proposed 2.14 14.60 2.02 11.02 2.97 2.63 2.44
MCSPP 2.05 15.56 2.23 10.24 2.87 2.49 2.36
NN 1.52 9.17 2.39 8.47 2.24 2.26 1.79
Proposed without Bayesian 2.01 13.04 2.24 10.29 2.84 2.50 2.31
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