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Ship radiated noise recognition technology based on wavelet
packet decomposition and PCA-Attention-LSTM

WU Chengxi, WANG Biao, XU Qianchi, ZHU Yunan
(School of Electronic Information, Jiangsu University of Science and Technology, Zhenjiang 212100, Jiangsu, China)

Abstract: In order to improve the performance of the ship radiated noise classification system and further improve the
recognition accuracy, a method based on wavelet packet decomposition combined with multi-feature extraction in the
long short-term memory (LSTM) network is proposed in this paper. This method first uses wavelet packet decomposition
to extract multiple features of ship radiated noise in different frequency bands, and uses principal component analysis
(PCA) for data reduction of the extracted features. By the LSTM network added with the attention mechanism algorithm
the learning efficiency and recognition accuracy for radiated noise classification are improved. In order to extract the
features precisely, the features in time-frequency domain and the features of wavelet transform and Mel-frequency
cepstral coefficients (MFCC) of ship radiated noise are extracted in different frequency bands. Then, the performances of
the algorithm for features with and without frequency band partition, multi-features and single feature, and different
signal to noise ratios are compared. The experimental results show that the model based on wavelet packet decomposi-
tion and PCA-Attention-LSTM can effectively improve the performance of ship radiated noise classification and it is a
feasible classification method.

Key words: ship radiated noise; wavelet packet decomposition; feature extraction; principal component analysis; ship
recognition and classification
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Fig.2 Flow chart of radiated noise recognition based on wavelet packet decomposition and PCA-Attention-LSTM
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55.54 3.64 64.51
37.14 244 66.95
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Table 5 Comparison of recognition accuracies of different
models under different SNRs

I B 3
Sy ey __ WA HER R /%
JeME 10 dB 5dB 0dB -10dB
KNN 90.17 86.88 86.37 84.06 73.56
PCA-KNN 92.17 85.21 76.43 79.01 75.15
LSTM 92.86 93.13 90.64 91.04 79.05
PCA-LSTM 97.95 96.06 92.41 93.98 89.60
Attention-
LSTM 92.54 93.63 91.56 91.93 79.13
PCA-Attention-
LSTM 98.15 96.36 92.60 94.11 91.28
100
95.00
90.00
§
¥ 85.00F
= —=— KNN
& 80.00 F > PCA-KNN
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Fig.9 Comparison of recognition accuracies of different
models at different signal-to-noise ratios
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Table 6 Comparison of prediction accuracies of different
models under different SNRs
N KRR TROMAS E
B 8 M 10dB 5dB 0dB —10dB
Epus 02216 02579 02609 02819 0.3381
KNN Ey, 00491 0.0665 0.0681 0.0795 0.1147
R 0.7380 0.6454 0.6369 0.5761 0.3903
Epys 07922 0.7982 0.7836 0.8515 0.7847

PCA-

kNN Ewa 02154 02845 03391 03810 0.3485
R2 05055 04980 0.5163 04288 05149
Epys 01570 0.1558 0.1794 0.1792 0.2462
LSTM E,, 0.0467 0.0444 00617 0.0629 0.1217
R® 08696 08716 0.8296 0.8301 0.6794
Epys 00899 0.1234 0.1647 0.1492 0.1959
PCA- b 01575 00326 00561 0.0451 0.0772
LSTM  “wa : : : :

R? 09566 09184 0.8559 0.8808 0.7959
0.1616 0.1534 0.1721 0.1699 0.246 4
0.0508 0.0462 0.0567 0.0577 0.1189
0.8619 0.8755 0.8433 0.8472 0.678 8
0.0865 0.1199 0.1650 0.1484 0.1820
0.0156 0.0321 0.0582 0.0458 0.0689
09598 0.9230 0.8555 0.8821 0.8237
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Table 7 Comparison of operation time of different models

under different SNRs
. JE S A)/s
DRBR T
s . 10dB 5dB  0dB -10dB
KNN 271.82  356.45 400.30 262.15 571.61

PCA-KNN 2.17 3.51 423 5.56 5.88

LSTM 565.25 189.44 37031 323.79 420.60
PCA-LSTM 20.78 2128 2206 2029 2093
Attention-
LSTM 49359 309.23 595.57 561.06 580.12
PCA-Attention-
LSTM 22.39 2434 2175 2396 22.06
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