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ABSTRACT

This paper proposes a non-intrusive speech
intelligibility estimation method with no reference
speech signal, which is based on recurrent neural
network (RNN) with long short-term memory
(LSTM) structure. Conventional standard estimation
method P.563 has poor estimation performance and
lack of consistency especially in various noise and
reverberation environments. The proposed method
trains the LSTM RNN model parameters by utilizing
the STOI that is the standard intelligibility estimation
method with reference speech signal. The input and
output of the LSTM RNN are the MFCC vector and
the frame-wise STOI values. Experimental results
show that the proposed intelligibility estimation
method outperforms the conventional standard P.563

in various noise and reverberation environments.
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Table 1. Normalized correlation coefficients of P.563 and
the proposed method with respect to STOI in known
environments.

environ . noise&
noise reverb all
tool reverb
P.563 0.39 0.07 0.07 0.51
LSTM 0.97 0.77 0.84 0.97
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Table 2. Normalized correlation coefficients of P.563 and
the proposed method with respect to STOI in unknown
environments.

environ . noise&
noise reverb all
tool reverb
P.563 0.68 0.17 0.10 0.69
LSTM 0.92 0.61 0.57 0.77
VI.E B
B =ellde Avl] vlae] A4 w-e 7ke
2 gk AR v 54 MER 2 WS Ak
slgich Al7dmke] q13e MFCC HEfo]a E3& Al
7w E2 A e STOI #tol 7 HlAE Al
=Zolg)y FAE YRS glolch chkih fheah A
el Al FRlstela, AgA Al |
% 34 uhe] 7|E EF P.563¢l wlEl ek A
5% B4 AT mebd A PE-e WA
A 54 WEE o] A0 A F 9le A
o7 Alzmxlrk
1738

(1]

[2]

(3]

(4]

[5]

[6]

References

C. H. Taal, R. C. Hendriks, R. Heusdens, and
J. Jensen, “An algorithm for intelligibility
prediction of time - frequency weighted noisy
speech,” IEEE Trans. Audio, Speech, and
Lang. Process., vol. 19, no. 7, pp. 2125-2136,
2011.

L. Malfait, J. Berger, and M. Kastner, “P. 563
—The ITU-T standard for single-ended speech
quality assessment,” IEEE Trans. Audio,
Speech, and Lang. Process., vol. 14, no. 6, pp.
1924-1934, 2006.

S. Bae, C. M. Lee, I. Choi, and N. S. Kim,
“Environmental sound classification using
recurrent neural network with long short-term
memory,” in Proc. KICS Symp., pp. 227-228,
2016.

V. Nair and G. E. Hinton, “Rectified linear
units improve restricted Boltzmann machines,”
in Proc. 27th Int. Conf. Machine Learning, pp.
807-814, 2010.

D. P. Kingma and J. L. Ba, “Adam: A method
for stochastic optimization,” arXiv preprint
arXiv:1412.6980, 2014.

J. S. Garofolo, L. F. Lamel, W. M. Fisher, J.
G. Fiscus, and D. S. Pallett, “DARPA TIMIT
acoustic phonetic continuous speech corpus
CDROM,,” NIST, 1993.

www.dbpia.co.kr



	장단기 메모리 순환신경망 기반의 비침입적 음성 명료도 추정 방법

