o R & ¥ M
CAAI Transactions on Intelligent Systems

513 50 4 1]
2018 4F 8 H

Vol.13 No.4
Aug. 2018

DOI: 10.11992/tis.201703008
[ £& H AR B 3k : http://kns.cnki.net/kems/detail/23.1538.TP.20170704.1702.010.html

F Bark 3iig 2 R RGERIL I =T

Fhe, R
(A M X F R F 5T EIHFFR, 4E 48 M 350116)

W E: BRI G L s WS i H S . R DR — (R R, AR SCER S — BN [R5 R R IR
s F IR BN TF e, 5 IR 15 5 0E4T Bark ROBE R0 /N I 40 40 A, PO FH 401 22 B0 RO A A5 5 B 45
T, JEXI A AT 4 A A Bark M AR S AR AE, 3 5 BE AL AR AR S 245 SE LIRS MR L S & IR .
AR K TR IREE L AN BRIREE L XU IR A 2 GG TR IR T, USRI (5 R Lh, X 40 Fp 3h 7 & a4 73U 52
5. S5RFH, 456 0 BTSN T | Bark J905E 4% 52 R AE 0 B ATL ZR R 9 O T XA )45 M EL B 45 FR IR SR S B
R 5 B IR B 0] LUk F) 80.5%, HAE-10 dB BUIE I TSR 48 60% LA 1 BYIR B,

KR EES; ARSI NEA AR BELRMG IR

HESES . TP39] XEEREED: A  XEHES:1673-4785(2018)04—0610—09

5| g BB, 2. A Bark SIS R H AR BRI E FJ]. SR RLFIR, 2018, 13(4): 610-618.
#5183 HUANG Hongkeng, LI Ying. Identifying low-SNR animal sounds based on Bark spectral projection[J]. CAAI
transactions on intelligent systems, 2018, 13(4): 610-618.

Identifying low-SNR animal sounds based on Bark spectral projection

HUANG Hongkeng, LI Ying

(College of Mathematics and Computer Science, Fuzhou University, Fuzhou 350116, China)

Abstract: In this paper, we consider the influence of complex background environments on the automatic recognition of
animal sounds with low signal-to-noise ratios (SNRs). We propose a method for identifying low-SNR animal sounds in
various background environments. In this method, the sound signal is decomposed by a Bark scale wavelet packet, and
the decomposition coefficient is used to generate a spectrogram of the reconstructed signal, which is projected onto a
spectrogram to generate a Bark spectral projection (BSP) feature. Random forests (RF) are then used to identify animal
sounds with low SNRs. We classified 40 common animal sounds with different SNRs in noise environments such as
flowing water, highway, wind, and loud speech. The experimental results show that by combining the proposed meth-
ods of short-time spectrum estimation, BSP, and RF in various background environments with different SNRs, the mean
identification rate for animal noises can reach 80.5%. In addition, a recognition rate above 60% can be maintained even
at—10 dB.
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Fig. 1 The process of animal sound recognition
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Fig.2 Wavelet packet decomposition of sound signal based on Bark scale
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Fig.3 The train and recognition process of random forests
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