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Classification of Whale Sounds using LPC and Neural Networks
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Abstract The underwater transients signals contain the characteristics of complexity, time varying, nonlinear, and short
duration. So it is very hard to model for these signals with reference patterns. In this paper we separate the whole length
of signals into some short duration of constant length with overlapping frame by frame. The 20th LPC(Linear Predictive
Coding) coefficients are extracted from the original signals using Durbin algorithm and applied to neural network. The 65%
of whole signals were learned and 35% of the signals were tested in the neural network with two hidden layers. The types
of the whales for sound classification are Blue whale, Dulsaec whale, Gray whale, Humpback whale, Minke whale, and

Northern Right whale. Finally, we could obtain more than 83% of classification rate from the test signals.
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Fig. 1. The stages of detection and classification
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Fig. 2. Flow chart of whale classification by sound signals
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Fig. 4. Feature extraction from whale sounds

(a) : Blue whale sound, (b) : Gray whale sound, (c) : Minke whale
sound, (d) : Right whale sound, (e) : Humpback whale sound, (f) :
Fin whale sound

Table, 1. LPC coefficients of blue whale sound

1~5 6~10 11~15 16~20
1.491633 0.057270 0.010677 | —-0.006421
0529297 | -0067776 | 0001142 0.012812
0233876 | 0018734 | 0027791 | -0.006753
~0.060840 | 0,022466 0.021928 0.012272
0111201 | -0.048777 | —0.004483 | _0,003696
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Table 2. The Sampling frequency and length of whale

sounds
Whales B D G H M R
Samp.
Frea.(KH2) 441 441 441 441 441 441
Length(KB) | 10,260 | 7,524 | 7,254 | 11,502 | 8982 | 9,054

B: Blue Whale, D: Dulsae whale, G: Gray Whale, H: Humpback
Whale, M: Minke Whale, R: Northern Right Whale

a7

AEdTt LPC 7 oIZet 12l A2)0 27

Table. 3. Classification Results of Whale Sounds

EPOCH
1,000
2,000
3,000
4,000

AVE | B D G H M R

81.15 | 59.3 | 89.8 | 99.4 | 845 | 96.2 | 57.7
82.65| 59.1 [ 89.8 | 99.6 | 90.4 | 99.7 | 57.3
848 | 591|989 | 994 | 922 | 997 | 594
8515| 59,1 | 99.4 | 99.4 | 930 | 99.7 | 60.3

Parameter
sL=30,
noF=1400,
noN=20,
tF=900

B: Blue Whale, D: Dulsae whale, G: Gray Whale, H: Humpback
Whale, M: Minke Whale, R: Northern Right Whale

Table. 4. Parameters of neural network

Parameters Configuration
Learning algorithm Back Propagation
Learning rate 0.01
Transfer function RelU
Training method Stochastic Gradient Descent
Performance function SoftMax
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