%7 5% 24 FEFESKT A Vol. 7, No.?2
2024 4 4 A DIGITAL OCEAN & UNDERWATER WARFARE Apr., 2024

(SIA& ] stk TR~ A bt 0K A5 (55 BRI L (], 8O SOk R X, 2024, 7 (2): 225-230.

HeTRPR = 2] B g 25 K H 5 s HAR RO ik

¥ ok
- 1

(RFMiIFERAELERE, LT K& 116013)

W E EENIBFITEAERERRHASZ ZANENEZBWE W, FHAKFEREE B ARKIRIEHE
. M—MAEFIEFEARE R, A EANEHRE, THEALERERE. MRFI O HBELAR
BNEAMAERS, EAHMEAFLMBRANKESES BRG], MEMARL g2 HER®, ZHEN
BEDERD, BURFIORBEEEZNATAECS BRI Y, HELERWE WL B 4EHEFR R F
IHR A FEHATA L, FREW: BRENTERKEET AR ERERM, B4R ERE,

XER XKFEFEARI; RMRFIBHDE; ERHENL

FESES TB556 XEFRIRAS A NEHRS  2096-5753(2024)02-0225-06

DOI  10.19838/j.issn.2096-5753.2024.02.012

A Target Recognition Method for Underwater Acoustic Signals Based on Extreme
Learning Autoencoder

CAO Lin
( Underwater Test and Control Laboratory, Dalian 116013, China )

Abstract Traditional machine learning methods are easily influenced by subjective experience during feature
extraction, which leads to low recognition accuracy of underwater acoustic targets. However, deep learning algorithm
models are relatively complex, which usually have the disadvantages of time-consuming training and high
computational complexity. Extreme learning autoencoder has strong non-linear processing ability, which is suitable
for recognition of underwater acoustic signals with nonlinear characteristics. Moreover, the model has significant
advantages such as fast learning speed and strong generalization ability. In this paper, the extreme learning
autoencoder algorithm is applied to underwater acoustic signal recognition, and is compared with convolutional
neural networks, autoencoders, and extreme learning machine recognition methods. The results show that the
proposed method has the best accuracy in target recognition of underwater acoustic signals and needs shorter training
time.
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Fig. 1 ELM model structure diagram
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Fig. 2 Autoencoder model structure diagram
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Fig. 3 ELM-AE model structure diagram
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Table 1 Sample distribution of underwater
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Table 2 The ELM-AE network model structure
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Fig.4 Training loss curve diagram of ELM-AE model
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Table 3 Recognition results of ELM model
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