40 5E 2 #
2021 £ 4 J

Mo o R
Technical Acoustics

Vol.40, No.2
Apr., 2021

SImE: BB, Hals,

KL, S S ISR E S I S ERER IS 2 T L[], HEEOR, 2021, 40(2): 254-259. [CHEN Dehao, LIN

Jianheng, YT Xuejuan, et al. Research on band energy extraction and classification of three kinds of fishes sound signals[J]. Technical Acoustics, 2021,

40(2): 254-259.] DOI: 10.16300/j.cnki.1000-3630.2021.02.017

_ﬂﬁﬁkmﬁ%%ﬁ
HRiE R

AR

(1. pERZER RS, JE5100049; 2. FERFARE R 26T 78 BT 700,

%ﬁ{ﬂmﬁﬂ’ﬁ TIPS

FHEC, IR

I ZT5 1 266114)

TR ML BRI T R AR 22 5 1 2R (K 70 FEGRGIBE N T @I EAR TR ARIE@RIAFR R, S

KE BN T BT =AARF SRR EES
i =l SR AE S (T BE R AL, JERIA RN R a AT 2026 45 RRIWA: = Fhfa (K K 75 15 5 40

(K732 FTF /DB MREARTER T AR TR BB

EER I

1t 300~800 Hz Z [H), H:F/Np Ao i Amas g mAFAEal SC 8l 3 Rl i 20028, Hop, MR o 28 88 R BEHL 7
2 T3 43 S 2R 10 0 R R U o 12T VR AT AR R Y R YR R RO R PR LR 45

KR ARRFEET; SOTEEE; NS SR, 3%
FESHES: TNI1LT XHAFRERD: A MEHS: 1000-3630(2021)-02-0254-06

Research on band energy extraction and classification of
three kinds of fishes sound signals

CHEN Dehao'’, LIN Jianheng’, YI Xuejuan’, JJANG Pengfei’
(1. University of Chinese Academy of Sciences, Beijing 100049, China;
2. Qingdao Branch, Institute of Acoustics, Chinese Academy of Sciences, Qingdao 266114, Shandong, China)

Abstract: The exploitation and utilization of marine fishery resources put forward urgent technical requirements for
classification and recognition of economic fishes. According to the different acoustic features of vocal fishes, the classi-
fication of vocal signals of three kinds of fishes is implemented by supervised machine learning in this paper. Based on
wavelet packet decomposition technique, the band energies of the vocal signals of yellow croaker, rice fish and yellow
drum are extracted and classified by different classifiers. The results show that the vocal signals of the three kinds of
fishes are mainly concentrated in the frequency bands of 300—800 Hz, and the band energies of vocal signals based on
wavelet packet decomposition can achieve effective classification for the three kinds of fishes. In different classifiers,
linear discriminant classifier and random subspace discriminant classifier have better classification results. This method

can provide services for the exploitation and utilization of marine fishery resources.
Key words: fish sound signal; band energy; wavelet packet decomposition; feature extraction; classification
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Fig.3 Time domain diagrams of the vocal signals of the three
kinds of fishes
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Fig.4 Time-frequency maps of the measured background
noise and vocal signals of the three kinds of fishes
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Fig.5 Band energy distribution of the vocal signals of the three
kinds of fishes
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Table 1 Feature sample division of the three kinds of fishes
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Table 2 Five classifiers with better output results and
corresponding overall accuracy
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Fig.6 Prediction scores of linear discriminant classifier and
random subspace discriminant classifier
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