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Comparison of two semi-supervised multiclass underwater
target recognition algorithm

DU Fang-jian, YANG Hong-hui
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Abstract: The underwater target recognition system based on the theory of supervised learning can recognize class
learned underwater targets’ samples and reject class unlearned underwater targets’ samples from class unknown testing
set. This paper describes and discusses two semi-supervised underwater target recognition algorithms based on Support
Vector Data Description(SVDD): Semi-supervised SVDD algorithm(SS-SVDD) and Semi-supervised SVDD ensemble
algorithm (SS-SVDDE). Four different classes of underwater targets’ samples are used in the experiment, the training
samples are 3-classes samples, the testing samples are 4-classes samples which contain one class of class unlearned
samples. By comparing the two algorithms’ experimental results, it is found that SS-SVDDE algorithm can recognize
class learned testing samples better than SS-SVDD algorithm and effectively reject class unlearned testing samples, but
SS-SVDDE algorithm’s time consumption and process complexity are higher than SS-SVDD algorithm.
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Fig.1 Flow chart of SS-SVDD algorithm
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Fig.2 Flow chart of SS-SVDDE algorithm
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Table 1 The experimental results of SS-SVDD algorithm and SS-SVDDE algorithm
It (SS-SVDD)ll A U IEHI %% (SS-SVDDE)MHASE Ul - %%
Ats Bts Cts D Ats Bts Cts D
A Ay 80.00 93.33 93.33 100
By 90.00 83.33 24.17 100 92.50 79.17 90.00 100
Cy 100 100 72.50 100
I WRREE U IE %% MR WU IE 4 % %
Ay Bis Dss c Ass B Dy c
4l Ay 80.00 93.33 100 93.13
By 90.00 91.67 24.17 76.88 92.50 79.17 100 90.42
Dy 91.67 90.83 90.00 97.71
1% ARG IE A %% ARG U IE A %%
Ats Cts Dts B Ats Cts Dts B
£y Ay 80.00 93.33 100 95.00
Cy 99.17 65.00 58.33 20.00 100 72.50 100 100
Dy 91.67 97.50 90.00 90.00
It DIRABE U IE A %% DIRABEH IE A %%
Bys Cs Dss A Bis Cs Dy A
g By 79.17 90.00 100 93.75
Cy 84.17 29.17 61.67 31.67 100 72.50 100 99.79
Dy 90.83 97.50 90.00 90.63
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