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Abstract: Deep-sea ambient noise levels are an important factor affecting underwater target
detection, underwater acoustic communications, as well as ocean ambient monitoring and
animal protection. To predict the deep-sea ambient noise spectral level, a prediction method
is established combined with Variational Mode Decomposition (VMD) and Long Short-Term
Memory Networks (LSTM). It can predict the ambient noise level under the condition of few
training samples in the frequency band of 20 Hz - 10 kHz. The test data verify that the level of
the ambient noise in the next 7 days can be predicted by using the current 3 days of deep-sea
ambient noise data. The frequency and time trends of the forecast results are consistent with
the measured noise trends. The average of the root mean square error (RMSE) is less than 1
dB in both the prediction band and the prediction time.
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1. INTRODUCTION

Forecasting the temporal variations of ocean ambient noise enables the formulation of
targeted strategies to mitigate its adverse impacts on marine organisms and ecosystems [,
while also enhancing the performance of sonar systems 2! and improving the safety of
maritime search and rescue operations and navigation systems.

Ocean ambient noise is influenced by multiple natural factors, including wind speed,
waves, ocean currents, temperature and so on, leading to significant temporal variability .
The interplay of these environmental parameters introduces high uncertainty and complexity
into the generation and propagation of ocean ambient noise, posing challenges for temporal
forecasting, particularly under limited sample conditions.

Conventional approaches to ambient noise intensity prediction primarily rely on physical
sound field modelling and statistical empirical models. By integrating dynamic sound field
modelling [ with noise source analysis, it becomes feasible to forecast ocean ambient noise
fields. In recent years, the development and application of deep learning technology in
underwater acoustics have provided new approaches for ocean ambient noise forecasting.
Currently, neural networks have made achievements in underwater noise classification 561,
ship radiated noise identification "1 and sound source localization [1*!!l. Ocean ambient
noise forecasting with machine learning integration has also yielded preliminary successes.
Song implemented a Long Short-Term Memory (LSTM)-based approach to predict deep-sea
ambient noise, achieving a prediction error of <1 dB for the 20 Hz - 5 kHz frequency band
using 2,712 samples with a 9:1 training-test split ratio ['2. Yuan developed a linear time-
series model for long-term ambient noise prediction. Based on 20 days of measured data, they
achieved wide-band ocean ambient noise prediction ['*!. It should be specially noted that the
two methods above rely on long-term training samples to achieve robust performance.

This paper proposes an ocean ambient noise spectral level (NL) forecasting method for
deep-sea environments under limited training samples by integrating Variational Mode
Decomposition (VMD) and LSTM networks. The method enables prediction of ambient
noise intensity across the 20 Hz to10 kHz and has been validated through sea trials.

2. VARIATIONAL MODE DECOMPOSITION OF AMBIENT NOISE

Variational Mode Decomposition is a fully non-recursive and adaptive variational mode
decomposition method. It determines the number of decomposed modes based on the
intrinsic characteristics of the signal. It also optimally matches the central frequency and
finite bandwidth for each mode adaptively, thus effectively decomposing the Intrinsic Mode
Functions (IMFs). Here, VMD is primarily employed to decompose the ambient noise
spectral level at a specific central frequency into subcomponents.
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Fig.1: VMD decomposition results of NL and the trend of wind
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As wind is one of the main factors of deep-sea ambient noise, the ambient noise spectral
level time series is decomposed into two subcomponents - NL wind and NL other -via
VMD, which means the wind-speed-related subcomponent and the composite subcomponent
accounting for other environmental factors.

Fig. 1 displays the three subcomponents derived from VMD decomposition of the ambient
noise spectral level at 10 kHz. Analytical results indicate that IMF3 exhibits long-term trend
alignment with wind speed, therefore IMF3 is denoted as NL _wind , whereas the remaining

components (IMF1, IMF2, and the residual) are summed to form NL other .

3. VMD-LSTM-BASED AMBIENT NOISE PREDICTION METHOD

Building upon the decomposition of ambient noise subcomponents, the LSTM network is
integrated to predict ambient noise intensity.

Let the two decomposed subcomponents of the noise spectral level at a specific central
frequency f. be denoted

as NL_wind, ={NL_wina’ﬂ,},t=1,2,...,n and NL _other, ={NL_0therf;t},t=1,2,...,n .

The two time-series subcomponents are used as inputs to the network and output the noise
spectral level through the forecasting model. Specifically, the network utilizes two historical
subcomponent sequences NL_wind,, and NL _other,, over a temporal window L=l to

predict NL, Then .the predicted NL,

Je Je

is decomposed via VMD into updated

(t+L) (t+L)

subcomponents NL _wind and NL _other,,. These updated subcomponents are then fed

fu(t+L)
back into the LSTM to predict NL

of spectral level across the frequency range of 20 Hz to 10 kHz, so that the variation curve of
NL with frequency is obtained.

Fig. 2 illustrates the architecture of the deep-sea ambient noise intelligent learning and
forecasting model, which comprises an input layer, LSTM layer, fully connected layer,
and output layer. A dropout layer is incorporated between the LSTM layer and the fully
connected layer to mitigate overfitting. The model is constructed with the following
hyperparameters: 128 hidden neurons, dropout rate of 0.2, and initial learning rate of 0.0005.

F(s001) This iterative process enables extended forecasting
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Fig.2: The prediction netwo;fk of ambient noise intensity.
To assess the performance of the forecasting model, two mean root-mean-square errors
(RMSESs) are defined in the frequency domain and time domain, respectively:
e Frequency-Averaged RMSE (denoted as RMSE F): The RMSE between predicted

and ground-truth NL is averaged over N frequency bands across the entire forecasting
duration.

RMSE_F =1/N Z\/ZZI(NLW (i,j) - NL,,, (i,j))z/T (1)




e Time-Averaged RMSE (denoted as RMSE T ): The RMSE between predicted and

ground-truth NL is averaged over T forecasting time steps across the entire frequency
band.

RMSE_T =T Y \[3), (ML, (1)~ MLy (3)) [N @

Where NL,,, (i, Jj ) is the predicted noise spectral level at thei —th frequency band and j—th

time step, and NL,,, (i, ) is the measured noise spectral level at the i —th frequency band
and j —thtime step,

4. RESULTS AND ANALYSIS

4.1 Data Acquisition and Processing

The ambient noise data utilized in this study were collected in a deep-sea region using
a subsurface hydrophone deployed at a depth of 2,672 meters. The system operated at
a sampling rate of 64 kHz from 00:00 May 20 to 00:00 May 30, yielding 240 hours of valid
data. Synchronous meteorological parameters (e.g., wind speed, temperature) were measured
using meteorological sensors during the noise acquisition period.

For processing, the raw ambient noise data were segmented into 1-hour intervals. Spectral
levels were computed for 1/3-octave bands within the 20 Hz -10 kHz frequency range,
generating a 240-hour time series of noise spectral levels. Then it was decomposed into two
subcomponents NL _wind and NL _other .

4.2 Prediction Results Analysis
The two subcomponents ( NL wind and NL other ) were partitioned into a training

set (30%, 72 samples) and a test set (70%, 168 sample points). These subcomponents served
as inputs to the LSTM network, generating forecasts of the ambient noise spectral level
(denoted as the VMD-based method). For comparison, a baseline model using the ambient
noise spectral level (NL) as input was also evaluated (denoted as the NL-based method).
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Fig.3: Comparison of Ambient Noise Spectral Level Predictions at Representative
Frequencies (Left: NL-based method | Right: VMD-based method).

The Fig. 3 depicts the predicted noise intensity profiles obtained from the NL-based (left
panels) and VMD-based (right panels) methods at 1 kHz. As can be seen from the figure, the
VMD-based method significantly outperforms the NL-based approach.

Predictions were generated for all 1/3-octave bands within the 20 Hz -10 kHz range. The
RMSEs between predicted and ground-truth values were analyzed, yielding frequency-
dependent RMSE profiles shown in Fig. 4. Overall, the VMD-based method outperforms the

NL-based approach. The frequency-averaged RMSE RMSE F for the two methods
are 2.23 dB (NL-based) and 0.96 dB (VMD-based), respectively.



Fig. 5 compares measured and predicted frequency-dependent noise spectral levels at hour
168 of the test set. The solid blue line represents the measured NL, and the dotted red line
represents the predicted NL. The VMD-based predictions (fright figure) exhibit closer
alignment with measured spectral trends across frequencies. At hour 168, the NL-based
method has a RMSE of 1.94 dB, while the VMD-based method's RMSE is 1.07 dB.

o— NLinput
o— VMD-input

N

Error-RMSE(dB)
~

102 10 ° 10 ¢

Frequency(Hz)

Fig.4: Frequency variation curve of RMSE for ambient noise forecasting.
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Fig.5: Frequency variation curves of forecasted ambient noise spectral level and the truth
(Left: NL-based method | Right: VMD-based method).
Fig. 6 shows the RMSE variation over time across the entire frequency band. Overall, the
VMD-based method outperforms the NL-based method. The time-averaged RMSE

RMSE T of the two methods are 2.50 dB and 0.93 dB, respectively.
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Fig.6: Time variation curve of RMSE for ambient noise forecasting.
In summary, the VMD-based method exhibits enhanced performance in terms of
frequency-domain errors as well as temporal errors under the condition of small-samples
compared to the NL-based baseline.

5. CONCLUSIONS

This study proposes a VMD-LSTM integrated method for forecasting deep-sea ambient
noise spectral level, validated using 240 hours of field-measured marine data. The forecasting
performance of the VMD-based and NL-based methods was comparatively analyzed across
two dimensions: temporal variations at individual frequencies as well as frequency-dependent
variations across the 20 Hz - 10 kHz band under limited training samples. Results show that
the VMD-based method demonstrates superior performance with limited training data. Under
a 3:7 training-test split ratio (i.e., using 3-day historical data to forecast the next 7 days), the
model achieves:

e Frequency-averaged RMSE: 0.96 dB (across the entire forecasting duration).



e Time-averaged RMSE: 0.93 dB (across the 20 Hz -10 kHz band).
Both RMSE metrics are below 1 dB, underscoring the method’s reliability for practical
applications.
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