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Extraction of noise feature and classification of underwater tar-
gets based on variational mode decomposition algorithm
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Abstract: When there are intermittent phenomena caused by abnormal events in the signal, the traditional empirical
mode decomposition (EMD) algorithms often produce more severe mode aliasing, which significantly affects the per-
formance of target feature extraction. In this paper, the variational mode decomposition (VMD) algorithm is used in
the feature analysis and extraction of underwater target signals. This method can adaptively cut the signal frequency
band, which largely avoids the mode aliasing phenomenon produced by the traditional EMD algorithm, and improves
the accuracy of target feature extraction. At the same time, invalid calculations are avoided. In addition, the correlation
threshold is used to select the modes to eliminate the interference modes to a certain extent. Based on the Hilbert
transform of the mode function of each order of VMD, a VMD-HT feature set is proposed for target classification.
Four classifiers are used to classify and recognize three kinds of underwater target noise signals. The comparison of
classification results show that the VMD-HT feature set has better classification performance than other mode decom-
position algorithms.

Key words: underwater passive target; classification; variational mode decomposition(VMD); Hilbert transformation
(HT); classifier
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Fig.1 Flow chart of the classification algorithm for ship
radiation noise
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transform of simulation data and VMD-HT
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Fig.4 Original time domain signal and VMD decomposition result of fishing boat noise
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Fig.5 Correlation coefficients between each order of IMF and
original signal of fishing boat noise
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Table 1 Common kernel functions for SVM

PR AR MR B
LM k(x, y)=x"y+c
EATEW k(x, y)=(ax"y+c)*
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3 SEIRIGAE

3.1 FFAEEZEN
AHEEZKIE T VMD SRR e, 4
TEERY R of o7 Al B4, gk 2 fros.
%2 BHEXRBRMEEBHEKR

Table 2 Feature types and corresponding vector dimensions

¥ FEAESIA of N HREAE [ 2 AL
1 IMF 3477 1 1~3
2 IMF i K@i 4~6
3 VMD-HT i1 brifk & i & 7~9
4 VMD-HT 121 BR i £ KA 10~12
5 VMD-HT 2 BR 1% i KA 8] b 13~15
6 VMD-HT 1 it 5 e AR %8 16~18
7 VMD-HT i1 it s I AR 2 19~21

3.2 LIWEER

R SR € E/ L (SN EiE IR g/ L ak
ZHORFEI S AR H bR S e, o AR ECH AR
=5 EMD-HT. EEMD-HT PA 2 VMD-HT =Fh2 5
FHIEVE N B2 5N, 2 e K 4R 7 24s . Bl
PLARMR > 2588 D3R DU 0 SR8 DU Sl — X —k
P 5 B SR Rl B AL 22 2 A8 SL DU P 2R 88 3 AT X
tb o dir, &5k 3~5 Fiis.

7 BEIFHLIGIE VMD-HT EiEnaist, &
[ U AN LR I B U RS, 7 2Res )
& 6~8 Fix.

xS b o i 45 SR v] 0L, VMD-HT BEAT %

R 3 AEDAEBFET EMD-HT $HE 5 R4 RE—HUREIR)
Table 3 Classification results of different classifiers based
on EMD-HT features (data from a certain voyage)

ik LEIELES :
A B i C
KNN 0.652 0.819 0.625
RF 0.763 0.847 0.402
NB 0.833 0.777 0.486
SVM 0.819 0.819 0.708

FT4 AEHLEBRET EEMD-HT $HED RERE—HUREIE)
Table 4 Classification results of different classifiers based
on EEMD-HT features (data from a certain voyage)

R GEllils :
N B T
KNN 0.694 0.861 0.68
RF 0.750 0.736 0.722
NB 0.819 0.861 0.708
SVM 0.875 0.889 0.902

5 AEDHEZET VMD-HT $HE 5 LLERE—HFUREIE)
Table 5 Classification results of different classifiers based
on VMD-HT features (data from a certain voyage)

SRR AR ,
A B i i
KNN 0.708 1 0.916
RF 0.750 0.791 0.763

NB 0.847 0.958 0.861
SVM 0916 1 0.958

R 6 AREIDAESBIET EMD-HT $HIE D LR (B —HURHR)
Table 6 Classification results of different classifiers based
on EMD-HT features (data from another voyage)

PRBEE ARERH ,

A B i

KNN 0.708 0.791 0.402

RF 0.791 0.819 0.555

NB 0.898 0.986 0.708
SVM 0.805 0.916 1

=7 AR ABEET EEMD-HT $HED BLER(B—HUREIRE)
Table 7 Classification results of different classifiers based
on EEMD-HT features (data from another voyage)

] \ SRFEHE
Sy A : =

A B fii C i

KNN 0.935 0.791 0.819

RF 0.805 0.833 0.694

NB 0.847 0.833 0.736

SVM 0.888 0.944 0.972

R 8 AR AIBEET VMD-HT $HE 57 REER (B —HUREUER)
Table 8 Classification results of different classifiers based
on VMD-HT features (data from another voyage)

KA , /”\%Eﬁ%z
A fif B fifi C M
KNN 0.986 0.819 1
RF 0.962 0.888 1
NB 0.861 0.986 1
SVM 0.986 1 0.958

2 B bR 25 UET 2 L EMD-HT LL 2 EEMD-HT
A —E MR s . EEMD — & F2 5 ik
o TSR E W, RAEREE T — 2Tt
M VMD-HT Sk — 7 T 7 BZSTRE 1 A8,
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