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Ship radiation noise prediction method based
on neural network

HUANG Xin'?, XU Rong—wu'?, LI Rui—biao'?
(1. Institute of Noise and Vibration, Naval University of Engineering, Wuhan 430033, China; 2. National Key Laboratory
on Ship Vibration and Noise, Wuhan 430033, China)

Abstract: In view of the numerous and complex structures of ship machinery, equipment and the coupling of
vibration transmission paths, a method of underwater radiated noise prediction based on BP(Back
Propagation) neural network was proposed in this paper. A BP neural network based on gradient descent
algorithm and Bayesian regularization algorithm was constructed respectively. Vibration data was taken as
input, hull radiation noise was taken as output, and root mean square error (egysg) and mean absolute error
(emap) were taken as evaluation indexes of model prediction accuracy. The results show that the
generalization and robustness of Bayesian regularization BP neural network is better than that of gradient
descent algorithm BP neural network. The error of Bayesian regularization is less than 3 dB, and the proposed
method has good applicability in the field of ship radiation noise prediction.
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Fig.4 Comparison of predicted and measured radiation noise values in Operating Conditions #1 and #2 ( Model 1)
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Fig.6 Absolute error of radiation noise prediction
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Tab.3 Evaluation indexes of neural network prediction results
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BT 1# TOLR TR A B 2# 00, IR i858 14 10, B 7 28 1# 00T A 4R S s K
T MR ) 1/3 AR g, 6 8 A 1# T LA B R tb . FiIE 7. & 8 mI L, 1# T OISR 4
HTUBE AR SR S A 5 ATl R (B LL R T 6 dB IR 2K .

125 30
——1# T
120 e Ty
115
Q el
2 110f S
8 =
i =
g 105 dic
100
95
90 . . -5 : .
10 10? 10° 10! 10? 10°
SR /Hz 2R /Hz
B 7 1# 0L T BRI R s 8 I# IR
Fig.7 Radiated noise and background noise in Fig.8 Signal to noise ratio in Operating Condition 1#

Operating Condition 1#
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Fig.10 Comparison of absolute errors of radiation noise prediction before and after correction (Operating Condition 1#)
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Tab.4 Evaluation indexes of prediction results before and after modification for Operating Condition 1#
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Fig.11 Neural network training results of 16 Hz band for Model 1 before and after correction
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