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Highlights

What are the main findings?

e NA-MEMD jointly decomposes SWH, WSPD, GST, and APD into scale-aligned intrin-
sic mode functions, alleviating mode mixing and avoiding the component-matching
problem caused by separate decomposition of multiple input variables.

e  Permutation entropy-guided grouping assigns fast-varying and slow-varying compo-
nents to WaveNet and LSTM, respectively, achieving improved 1-24 h SWH prediction
performance compared with benchmark models.

What are the implications of the main findings?

e  Multivariate adaptive decomposition and dual-path deep learning can effectively
model nonlinear and non-stationary SWH time series.

e  NAMD-Net exhibits robustness under complex wave conditions, as supported by error
accumulation, sea-state dependence, and seasonal variation analyses.

Abstract

Accurate prediction of significant wave height (SWH) is essential for ocean engineering
safety, maritime transportation, and wave energy utilization. To address the nonlinear and
non-stationary characteristics of SWH time series, this paper proposes a hybrid forecasting
model that integrates signal decomposition, mode grouping and reconstruction, and deep
learning. First, the model employs noise-assisted multivariate empirical mode decompo-
sition (NA-MEMD) to adaptively decompose the multivariate time series into intrinsic
mode functions (IMFs) to alleviate the problem of mode mixing. Subsequently, permu-
tation entropy is employed to assess the complexity of the mode components and guide
their grouping into two branches. Finally, WaveNet and long short-term memory (LSTM)
networks are used to model and forecast the relatively high-complexity (fast-varying) and
low-complexity (slow-varying) components, respectively, and the final forecast is generated
by superimposing the predictions of all components. The proposed model was validated
using measured data from two buoy stations, and evaluated by four metrics: root mean
square error (RMSE), mean absolute error (MAE), symmetric mean absolute percentage er-
ror (SMAPE), and correlation coefficient (R). Experimental results show that the proposed
model achieves lower RMSE, MAE, and sMAPE, and higher R compared with the baseline
models across all evaluated forecast horizons and buoy sites.
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1. Introduction

Significant wave height (SWH), as the most fundamental parameter for describing
ocean wave fields [1], serves as a key indicator for assessing the safety of marine engineering
projects, optimizing maritime navigation, evaluating the risks of marine disasters, and
quantifying the potential of wave energy resources [2-5]. Accurate prediction of SWH is
not only an urgent requirement for enhancing marine environmental safety but also holds
significant theoretical value for advancing marine science [6].

Currently, SWH prediction methods are primarily divided into two major categories:
numerical methods and data-driven methods [7]. The former have a solid theoretical
foundation with fluid mechanics and energy balance equations as their core, but the high
computational cost and complex modeling process limit their flexibility in practical applica-
tions [8]. To overcome this limitation, data-driven methods have emerged which rely only
on historical observations and make predictions by mining the intrinsic laws of the data.
Within the framework of data-driven methods, these can be further subdivided into tradi-
tional statistical models and machine learning models. These traditional statistical models
(such as autoregressive moving average (ARMA)) perform well when handling SWH time
series that satisfy the linearity and stationarity assumptions [9]. However, constrained by
the linearity assumptions in the models themselves and the strict requirements for data
stationarity, such methods struggle to effectively capture the nonlinear and non-stationary
characteristics in ocean wave processes [10-12]. In recent years, machine learning models
such as support vector machine (SVM) [13], random forest (RF) [14], artificial neural
network (ANN) [15], and long short-term memory (LSTM) have been widely applied in
SWH forecasting due to their nonlinear fitting capabilities, robust adaptive learning abilities,
and reasonable generalization performance [16].

Fan et al. [16] employed an LSTM network for SWH prediction and compared it with
other models such as residual network (ResNet), back propagation neural network (BPNN),
and extreme learning machine (ELM). Similarly, Lou et al. [17] also utilized an LSTM
network for SWH prediction. In the context of SWH forecasting, Hao et al. [18] conducted
a comprehensive comparison of three network models: recurrent neural network (RNN),
gated recurrent unit (GRU), and LSTM. While these standalone machine learning models
outperform traditional methods in handling the nonlinear characteristics of SWH time
series and achieve relatively high forecasting accuracy, they face challenges in modeling
non-stationary data [19,20].

Recently, a novel method that combines signal processing techniques with machine
learning has been proposed for SWH forecasting to mitigate the impact of non-stationary
features. For example, Zhou et al. [21] employed empirical mode decomposition (EMD)
to decompose SWH time series into several intrinsic mode functions (IMFs), followed by
forecasting using LSTM network. Feng et al. [22] introduced wind speed as an auxiliary
variable and combined EMD with LSTM for multivariate prediction. Lv et al. [23] also
introduced wind speed as an auxiliary variable, decomposed the time series using EMD,
and then employed WaveNet network for prediction. Song et al. [24] employed ensemble
empirical mode decomposition (EEMD) along with LSTM network to mitigate the impact
of mode mixing in EMD. Huang and Dong [25] utilized improved complete ensemble
empirical mode decomposition with adaptive noise (ICEEMDAN) combined with LSTM
network to further address the residual noise issue in the decomposed IMFs. Wang and
Ying [26] introduced variational mode decomposition (VMD) to decompose SWH time
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series, reconstructed the decomposed sub-sequences using refined composite multiscale
fuzzy entropy (RCMFE), and then performed predictions using GRU network. Pang and
Dong [12] incorporated wind speed and wind direction as auxiliary variables, combining
ICEEMDAN with recurrence quantification analysis (RQA), and similarly employed LSTM
for the final prediction.

Although the aforementioned hybrid methods have improved the prediction accuracy
of SWH, several critical issues remain to be addressed:

1. Most studies decompose only a single SWH time series, neglecting the impact of
multiple ocean variables highly correlated with SWH on its prediction and losing the
dependencies among these variables [27].

2. Inscenarios with multiple input variables, if each variable is decomposed separately,
the number of IMFs generated for each variable often varies, making it impossible to
directly map oscillations at the same scale. Traditional multivariate hybrid methods rely
on methods such as stochastic components decomposition (DSD) [12], dynamic time
warping (DTW) [28], and K-means to resolve this issue through manual theoretical
clustering [29]. This not only significantly increases computational complexity but
may also introduce subjective bias, reducing cross-variable scale consistency.

3. Most traditional hybrid methods employ a single prediction model (e.g., LSTM) to uni-
formly process all IMFs, failing to account for the dynamically different characteristics
among IMF components. Relatively fast-varying components contain more complex
local fluctuations, whereas slow-varying components preserve longer-term temporal
dependencies. Since fast-varying components require capturing local nonlinear pat-
terns, while slow-varying components are better suited for fitting using long-range
dependencies, a single model struggles to optimally adapt to both simultaneously [28].

To overcome the above limitations, this paper proposes a noise-assisted multivariate
decomposition network (NAMD-Net) for SWH buoy forecasting. Its core idea is as fol-
lows. First, noise-assisted multivariate empirical mode decomposition (NA-MEMD) is
employed to jointly decompose the multivariate time series [30]. By introducing common
auxiliary noise channels, NA-MEMD performs multivariate sifting within a shared projec-
tion space, which facilitates the generation of scale-aligned IMFs among different variables.
This characteristic reduces the need for additional component matching or regrouping
procedures required after multivariate decomposition in traditional hybrid methods, pre-
serving the temporal-scale consistency among multivariate components. NA-MEMD has
already been applied in the fields of photovoltaic power forecasting and carbon price fore-
casting [31,32]. Second, permutation entropy is introduced to characterize the complexity
of the decomposed components and guide their grouping. Permutation entropy offers
high computational efficiency and noise robustness, and it effectively captures the local
dynamic characteristics of and complexity changes in nonlinear time series. It has been
widely used in fault detection [33,34]. Finally, a dual-path parallel forecasting strategy is
adopted. Complexity-guided fast-varying IMFs that contain more local fluctuations and
abrupt changes are fed into WaveNet, a dilated convolutional network that excels at captur-
ing local details and transient patterns [35]. Complexity-guided slow-varying IMFs that
exhibit long-term dependencies are fed into LSTM network, which performs exceptionally
well in capturing temporal dependencies in time series data [36]. The prediction results
from the two paths are then summed to obtain the final SWH forecast [21].

2. Data Description

This study utilized standard meteorological data from the national data buoy center
(NDBC) [37]. To minimize the random influence of individual station samples on the
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prediction results, two buoy stations in the Atlantic, namely buoy 41,013 and buoy 41,046,
were selected for SWH prediction and their geographical locations are shown in Figure 1.

40°N

Gt

85°W 80°W 75°W 70°W 65°W
Figure 1. Specific locations of two buoy stations in the Atlantic.

The buoy records contain ten meteorological and wave-related variables. The first four
are related to wind and waves: SWH, wind direction (WDIR), wind speed (WSPD), and
wind gust (GST). The next three describe wave period and direction: dominant wave period
(DPD), average wave period (APD), and dominant wave direction (MWD). The remaining
three are atmospheric and water parameters: sea level pressure (PRES), air temperature
(ATMP), and water temperature (WTMP). For missing observations, linear interpolation
was applied to isolated one-hour gaps. To satisfy the continuity requirement of NA-MEMD,
longer gaps were also interpolated strictly for the purpose of decomposition. However,
during the subsequent sliding-window construction, any window containing temporal
gaps (including those over the interpolated long gaps) was discarded, so that artificially
interpolated values did not enter model training or testing. For feature screening, the ten
variables from the training period (2017-2019) were individually quality-controlled and
temporally aligned, and the Pearson correlation analysis was performed on this training
period to examine their relationships with SWH [38]. The calculation process for the
pearson correlation coefficient of data sequences X and Y is expressed as

O E[X = px) (Y — py)]
B Ox0y

Px,y (1)
where 0y and oy represent the standard deviations of X and Y, respectively; ux and puy,
their mean values; and E, the expectation.

The specific analysis results are shown in Figure 2. According to the principles of
pearson correlation analysis, a larger absolute value of the pearson correlation coefficient
indicates a stronger linear relationship between variables, and typically implies that the
feature has more direct predictive value for the target variable. Here, historical SWH, WSPD,
GST, and APD were selected as model inputs since their pearson correlation coefficients
with SWH are above 0.4 at both stations. Weakly correlated variables were excluded.

Table 1 presents the basic data information for the two buoy stations and the descriptive
statistics of the main input variables, including the data study period, water depth, and the
minimum, maximum, mean, and variance of SWH, WSPD, GST, and APD. Figure 3 further
illustrates the temporal variation characteristics of SWH at the two buoy stations during
the study period. The SWH time series at both stations exhibit distinct fluctuations and
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intermittent spikes, with fluctuations predominantly at low values accompanied by a few
high-value peaks.

(a) 41,013 (b) 41,046
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Figure 2. Pearson correlation coefficients between SWH and other variables. (a) At station 41,013.
(b) At station 41,046.

Table 1. Specifications of the two buoy stations.

S}a- Period Depth Variable Min Max Mean Vari-

tion ance

41,013  2017-2021 33 m SWH (m) 0.28 698 134 043
WSPD (m/s) 0.33 26.40 6.59 10.21
GST (m/s) 0.10 39.20 842 15.63

APD (s) 3.02 1143 5.11 0.69

41,046 2017-2021  5553m  SWH (m) 016 937 168 046
WSPD (m/s) 010 2480 582 549
GST (m/s) 021 3550 749 777

APD (s) 3.68 1341 6.15 1.06
r — 41,013
9: —— 41,046
8 -
7 -
~ 6_
é -
= 5T
z
75}

1 ' 1 1 1 1 1
0 10,000 20,000 30,000 40,000
Time (h)

Figure 3. Time series of SWH at two buoy stations.

https://doi.org/10.3390/rs18213686


https://doi.org/10.3390/rs18213686

Remote Sens. 2026, 18, 3686

60f 28

3. Methodology

This section respectively introduces the NA-MEMD algorithm, the permutation entropy
algorithm, and the WaveNet and LSTM models. Finally, it presents the overall framework
of NAMD-Net.

3.1. NA-MEMD Algorithm

EMD and its multivariate extension MEMD are widely used for adaptive signal decom-
position, but both suffer from mode mixing [39,40]. To overcome this, Rehman et al. [30]
proposed the NA-MEMD algorithm. By adding auxiliary Gaussian white noise channels
to the multivariate time series and leveraging the inherent binary filter bank property
of MEMD, NA-MEMD can alleviate mode mixing by improving scale separation among
multivariate oscillatory components. After decomposition, the noise-channel IMFs are dis-
carded, and the signal-channel IMFs are retained, yielding improved scale separation among
modes. This method shows adaptability and robustness, providing stable decomposition
performance under noisy conditions.

Assume that the original multivariate time series is denoted as x(t) € R™T where t is
the time index, # is the number of original input variables, and T is the length of each time

series. An auxiliary Gaussian white noise sequence is generated as s(t) € R7™T

, Where g
denotes the number of auxiliary noise channels. The original signal and the auxiliary noise
sequence are combined to form an augmented multivariate signal z(t) € R"*P*T_ Here,
z(t) represents the composite signal used for MEMD decomposition, and 7 + g is the total
number of channels after adding the auxiliary noise.

For the augmented multivariate time series z(t), the Hammersley sequence sampling
method is used to generate a set of direction vectors in the multivariate space. The projection
of z(t) onto the k-th direction vector X is denoted as Proj, (t), where k=1,...,1,and I
represents the total number of direction vectors. The time locations ¥ corresponding to the
extrema of Projk (t) are then identified, where i denotes the extrema index.

Based on the extrema points [ti.‘, z(t;‘) ], multivariate spline interpolation is performed
to construct the envelope curve EX(t) corresponding to the k-th direction vector. To reduce
boundary effects during envelope construction, two extrema were symmetrically extended
at each end of the signal before cubic spline interpolation. After the envelope curves are
obtained for all projection directions, their local mean function L,, (t) is calculated as

1d
Ln(h = 3> EXb), 2)
k=1

A candidate IMF can be extracted after the L,, () is removed from the current signal.
A threshold-based stopping criterion with a threshold vector of (0.075, 0.75, 0.075) was
adopted; if the candidate satisfies the stopping criterion of a multivariate IMF, it is extracted
as one mode; otherwise, the sifting operation is repeated, with a maximum of 1000 itera-
tions imposed to avoid non-convergence. After each IMF is obtained, the corresponding
residual is used for the next decomposition round until no further meaningful oscillatory
component remains.

After NA-MEMD decomposition, the auxiliary noise-channel IMFs are discarded, and
only the IMFs of the original variables are retained. In this way, different time series can
produce an equal number of IMFs, and IMFs at comparable temporal scales remain aligned
across different time series. This characteristic facilitates that subsequent machine learning
models can learn consistently on IMFs with similar frequency features, thereby helping
improve NAMD-Net's ability to predict SWH and its accuracy when processing complex
marine environmental data.
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3.2. Permutation Entropy Algorithm

Permutation entropy is used to characterize the irregularity and dynamic variations
in time series [33]. It quantitatively assesses the complexity contained within a signal
sequence and offers robust noise resistance and high computational efficiency [34]. The
main calculation process is summarized below.

Set x = {x1, Xy, ..., X;} be a time series, define the embedding dimension 4, the delay
time U,, and K = | — (a — 1)U, to construct the signal space matrix Zp as

X1 Xipu, v Y+@-nuy
X2 Xopu, v X4@-1Uy
Zp =\ X Xeru, v Xex@-1)U4,
Xk Xk+u, 7 XYK+@-DHuy,

Each row of the signal space matrix Z, corresponds to a reconstructed vector, forming
the set of time series v = {vy, vy, ..., vx}. To reflect the relative ordering of elements, each com-
ponent must be sorted according to its temporal relationship. Here, (cy, ¢y, ..., c,) denotes
the index sequence after the elements are ranked in ascending order. The corresponding
ordinal relation is expressed as

X+ —-DU; <x;+ (o -DU; < ... < x;+ (¢, — 1)Uy

Let P. denote the occurrence probability of the c-th ordinal pattern, where at most a!
different ordinal patterns exist. Next, the probability corresponding to the set of time series
vis Py, P,, ..., P,. The permutation entropy of the original time series is then defined as

Hy, =—) P.InP, (3)
c=1

For convenience, permutation entropy typically requires normalization. The normal-
ized permutation entropy H(a) is

H Hpe
@ = D

(4)

The embedding dimension a and delay time U, are set to 3 and 1, respectively. For
equal values within a reconstructed vector, their original temporal order is retained when
determining the ordinal pattern [34].

Furthermore, permutation entropy is used as a complexity-based criterion for grouping
the decomposed components. First, the time series of the four variables are decomposed
into multiple IMF components using NA-MEMD decomposition. For each IMF component,
the corresponding permutation entropy H (a) is calculated. Subsequently, the H (a) values
of the IMF for all variable channels are averaged. This averaging operation reduces the
influence of random fluctuations in individual IMF entropy values and provides a more
stable complexity measure. Finally, by averaging the mean H(a) of all variable channels,
the result is used as a benchmark for determining complexity-guided fast-varying and slow-
varying components: components with H(a) above and below the average are assigned to
the two prediction groups, respectively. Their spectral characteristics are further examined
in Section 4.2.

3.3. WaveNet

WaveNet is a convolutional sequence modeling architecture built on stacked dilated
causal convolution layers [35]. The causal convolution mechanism restricts that the output
at each time step depends only on current and historical inputs, thereby preserving temporal
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causality in sequence prediction. By introducing dilation factors between adjacent kernel
elements, dilated convolution enlarges the receptive field without increasing the kernel size
or substantially increasing the number of trainable parameters [41].

As shown in Figure 4, the dilation factor increases progressively from 1 to 8 across
the stacked convolutional layers. This hierarchical receptive-field structure enables
WaveNet to capture multi-scale temporal dependencies and local dynamic variations in
time series, making it suitable for modeling short-term oscillations and abrupt changes
in SWH prediction [23]. The corresponding mathematical formulation is provided in
Van Den Oord et al. [35].

0000000000000000 5,
oS Hidden L
0000 00000000 hma

Hidden Layer
Dilation =2

Hidden Layer
Dilation = 1

Input

Figure 4. Schematic illustration of dilated causal convolutional layers.

3.4.LSTM

RNN can adjust its current hidden state using information from previous states and
present input, making it applicable across various fields [42]. However, when dealing with
large time intervals between input and target output, RNN encounters gradient vanishing
or exploding. To mitigate this problem, Hochreiter et al. [36] developed LSTM by introduc-
ing a memory cell capable of retaining relevant information while discarding redundant
information. As shown in Figure 5, the LSTM cell uses three gate units to control the flow of
information across time steps. The LSTM gate activations and state updates are formulated
in (5)—(10), following Hochreiter et al. [36].

fi = sigmoid(Wych;,_y + WX, + by) (5)
i, = sigmoid (Wy,_1 + Wy X; + b;) (6)
C; = tanh(W),ch;_; + Wy X, + be) (7)
Ci=f-Ca+i-C (8)
o0, = sigmoid (W, h;_1 + Wx,X; + b,) 9)
h; = o, - tanh(C,) (10)

where f;, i;, and o, represent the forget gate, input gate, and output gate, respectively, X,
denotes the input vector, d denotes the candidate vector, C, denotes the current vector,
and /i, denotes the hidden state at time step t. The activation functions sigmoid and tanh
correspond to the logistic sigmoid and hyperbolic tangent, mapping their inputs to (0,1) and
(—1,1), respectively. Here, W,,, and Wy, denote the recurrent and input weight matrices
for the corresponding candidate-state update, respectively, and b, denotes the associated
bias vector.
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Figure 5. Diagram of LSTM memory cell structure.

Through the gated state-transition mechanism, LSTM can selectively preserve useful

historical information and update temporal representations. This makes it suitable for

modeling slowly varying components and long-term dependencies in time series, providing

an appropriate prediction module for slow-varying components in the proposed framework.

3.5. NAMD-Net Framework

The NAMD-Net model prediction process for SWH is divided into five distinct stages.

The complete process is shown in Figure 6.

1.

The four input variable time series (SWH, WSPD, GST, and APD) selected via pearson
correlation analysis are decomposed together using the NA-MEMD algorithm, yielding
four corresponding subsets of time series

S = {IMFs,,IMFs,, ..., IMFsy, R}
W = {IMFy,, IMFyys, ..., IMFyyn, Ry}
T = {IMFy,,IMFyy, ..., IMF7y, Ry}

A = {(IMF 4, IMF 45, ..., IMF 4, R4}

where N denotes the number of IMFs decomposed for each variable, and R denotes
the residual component.

The permutation entropy algorithm is used as a complexity-based criterion to group
the corresponding components of the four subsets S, W, T, and A into two groups,
denoted as Gy and G;:

Gy = {GP,GD,...,GB}

GL = {G]%+1, G]?/I-%—Z""’ G£+l}

where GP denotes the i-th group, with each group containing the scale-aligned IMF
components of the four variables after decomposition. Specifically, G, ; denotes the
residual component group, comprising the residual components of the four variables
Rg, Ry, Ry, and R,.

Each time series in the fast-varying group Gy and slow-varying group G; is split into
corresponding training, validation, and testing datasets.

For each component in the fast-varying group Gy, train WaveNet model using the train-
ing dataset, and use the validation set to tune model parameters and select the optimal
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model. Finally, input the test set into the optimal model to obtain the corresponding
fast-varying prediction results

Yy = {YH YH, . Yy

For each component in the slow-varying group G;, train LSTM model using the training
dataset, and use the validation set to tune model parameters and select the optimal
model. Finally, input the test set into the optimal model to obtain the corresponding
slow-varying prediction results

Y1 = YVinen Yinea s Yian)

5. The final SWH prediction is obtained by summing the corresponding components of
the fast-varying predictions Y and the slow-varying predictions Y; . This summation
is essentially a mathematical reconstruction of the SWH time series and does not
involve a physical decomposition of wave energy or a separation between wind-sea
and swell.

oo

[

: Start

[

\

Decomposition

Figure 6. Flowchart of the NAMD-Net model.

In this study, NA-MEMD is performed offline on the available multivariate record

before model training. Therefore, the current framework should be regarded as an offline

decomposition-based forecasting framework rather than a strictly causal online decomposi-

tion scheme.
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4. Experimental Background and Setup
4.1. NA-MEMD Decomposition Results

Since the selected variables have different physical units and magnitude ranges, all vari-
ables were normalized before NA-MEMD decomposition to reduce scale imbalance during
multivariate processing. Normalization was performed using the min—-max normalization
method, calculated independently for each feature, as

of = 2 Omin_ (11)
Omax — Omin
where o denotes the original value; o,,;, and o,,,,, the minimum and maximum values used
for feature scaling, respectively; and o', the normalized value, ranging from 0 to 1.

In the NA-MEMD decomposition, white Gaussian noise with an intensity of 0.1 was
added. The number of auxiliary noise channels was set to 4, and the number of direction
vectors was set to 50. The added noise channels were only used to assist the multivariate
decomposition process and were not interpreted as physical components.

Figures 7 and 8 respectively show the decomposition results obtained using the NA-
MEMD algorithm after normalization for SWH from buoys 41,013 and 41,046. As shown in
the figures, the SWH time series from buoys 41,013 and 41,046 were decomposed into seven-
teen IMFs and one residual component (Res). The other three variables were decomposed
into the same number of IMF components due to the multivariate decomposition property
of NA-MEMD. Since NA-MEMD introduces auxiliary Gaussian noise channels, the robust-
ness of the decomposition against different noise realizations was further examined. Five
random seeds were selected while keeping all other decomposition parameters unchanged.
As summarized in Table 2, the number of extracted IMFs remained identical for both buoy
stations under all noise realizations, indicating that the decomposition structure is stable
with respect to the stochastic perturbations introduced by the auxiliary noise.
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Figure 7. NA-MEMD decomposition of the normalized SWH time series at buoy 41,013, including
17 IMFs and Res.
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Figure 8. NA-MEMD decomposition of the normalized SWH time series at buoy 41,046, including
17 IMFs and Res.

Table 2. Stability analysis of the number of extracted IMFs from NA-MEMD under different ran-
dom seeds.

Buoy Seed 9 Seed 43 Seed 44 Seed 64 Seed 75
41,013 17 17 17 17 17
41,046 17 17 17 17 17

To further examine the mode-separation characteristics of NA-MEMD, the normalized
power spectral densities (PSDs) of the first five SWH IMFs at buoy 41,013 were compared
with those obtained using conventional EMD. Following the frequency-domain compar-
ison approach in [43], the PSD of each IMF was estimated using Welch’s method with a
512-sample Hann window, 50% overlap, and a 4096-point fast Fourier transform (FFT) at
an hourly sampling frequency of f, = 1 h=1. Each PSD was normalized by its corresponding
maximum value to facilitate comparison among IMFs. As shown in Figure 9, the EMD
components exhibit broader spectral overlap among adjacent IMFs, whereas the NA-MEMD
components show a clearer sequential separation of their dominant frequency ranges.

1

@ | (b)
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Normalized PSD
Normalized PSD

025+

L . \ \ \ ) — :
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Figure 9. Normalized Welch PSDs of the first five SWH IMFs at buoy 41,013, where each PSD was
normalized by its corresponding maximum value. (a) EMD. (b) NA-MEMD.
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4.2. Permutation Entropy and Spectral Analysis

Permutation entropy was employed as a complexity-based criterion for grouping the
decomposed components. For each component index, the normalized permutation entropy
values of the four variables were averaged, and the mean value of all retained components
was used as the grouping threshold. The Res was included because it forms part of the
complete NA-MEMD representation and is subsequently modeled and incorporated into
the final reconstruction. As shown in Figure 10, under the adopted parameters 2 = 3 and
U, = 1, IMF1 to IMF6 were above the corresponding threshold at both stations, whereas
IMF7 to Res were below it. Accordingly, the components were assigned to the two pre-
diction branches. Here, permutation entropy measures ordinal-pattern complexity rather
than spectral frequency itself. Therefore, the permutation entropy results are treated as a
complexity-guided grouping criterion.
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Figure 10. Permutation entropy analysis results for the IMFs and Res of each variable. (a) Buoy 41,013.
(b) Buoy 41,046.

To evaluate the sensitivity of the grouping criterion, the embedding dimension was
varied from 3 to 7 and the delay time from 1 to 3, resulting in 15 parameter combinations.
At both buoy stations, when Res was included in the threshold calculation, the group-
ing boundary occurred between IMF6 and IMF7 in 10 cases, between IMF5 and IMF6 in
four cases, and between IMF7 and IMFS8 in one case. When Res was excluded, the boundary
occurred between IMF6 and IMF7 in nine cases and between IMF5 and IMF6 in six cases.
Excluding Res changed the boundary in only three of the 15 settings at each station, with
a shift of one adjacent IMF. Under the baseline setting, IMF6 changed branch assignment
when Res was excluded. These results indicate that the exact assignment of the transition
component is sensitive to the threshold definition, whereas the overall complexity ordering
remains confined to a narrow IMF5-IMF7 transition region.

For an independent quantitative characterization of the temporal scales of all decom-
posed components, the spectral centroid of each of the 17 oscillatory IMFs was calculated
from its Welch PSD. A longer segment length of 8192 samples with 50% overlap was
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adopted to provide finer frequency resolution. Res was excluded because it represents the
non-oscillatory residual trend. The spectral centroid was calculated as

f__ZmQ%)

COXNQf)
where Q(f;) denotes the Welch PSD at frequency f;. The spectral centroid represents the
power-weighted mean frequency and provides a compact measure of the temporal scale
of each IMF [44]. As shown in Figure 11, the spectral centroids decrease systematically
with increasing IMF index at both stations, while the corresponding components of SWH,
WSPD, GST, and APD exhibit closely matched frequency scales. The IMF5-IMF7 transition
region therefore represents a continuous transition from relatively faster to slower tem-
poral variations rather than indicating a sharp physical frequency cutoff. These spectral
results provide independent temporal-scale support for the permutation entropy-guided
branch grouping.
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Figure 11. Spectral diagnostics of NA-MEMD components. The spectral centroid of each IMF was
calculated using Welch power spectral density analysis. The shaded region represents the transition
region (IMF5-IMF?7) identified by the permutation entropy algorithm sensitivity analysis. (a) Buoy
41,013. (b) Buoy 41,046.

4.3. Model Training Settings

After offline NA-MEMD decomposition, the components were grouped by permutation
entropy and then chronologically divided into training, validation, and testing subsets at a
ratio of 3:1:1. The first 60% was used for training, the following 20% for validation, and the
final 20% for testing. For buoy 41,013, the training, validation, and testing subsets contained
26,010, 8670, and 8670 temporal records, covering 1 January 2017-26 December 2019, 26 De-
cember 2019-28 December 2020, and 28 December 2020-31 December 2021, respectively. For
buoy 41,046, the corresponding subsets contained 25,749, 8583, and 8583 records, covering
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1 January 2017-2 January 2020, 2 January 2020-1 January 2021, and 1 January-31 December
2021, respectively. Sliding-window samples were then constructed independently within
each subset using a 48-h historical input and a 24-h forecast horizon. Any window contain-
ing a temporal gap was discarded, and no window was allowed to cross subset boundaries.
For model training, min—-max scaling parameters were estimated only from the training
subset and subsequently applied unchanged to the validation and testing subsets [45].

In the WaveNet branch, six gated dilated causal convolution blocks with residual and
skip connections are used to construct a multi-scale receptive field, while moderate dropout
is adopted to suppress overfitting to local noise. In the LSTM branch, two stacked LSTM
layers are used for temporal modeling, and dropout is employed to improve generalization.
To support training stability and reproducibility, both branches share consistent training
strategy settings (such as batch size, patience, early stopping strategy, loss function, opti-
mizer, and learning rate). The specific values for each parameter are detailed in Table 3.
For reproducibility, all neural-network experiments were conducted with a fixed random
seed of 42.

Table 3. Key Parameter Settings for WaveNet and LSTM.

Parameter WaveNet LSTM
Hidden layers 6 2
Hidden size - 128
Kernel size 2 -
Dilation rate 1,2,4,8,16,32 -
Residual channels 48 -
Skip channels 32 -
Dropout rate 0.15 0.5
Batch size 64 64
Epochs 150 150
Patience 30 30
Loss function MSE MSE
Optimizer Adam Adam
Learning rate 0.002 0.002

4.4. Evaluation Metrics

Four metrics, including root mean square error (RMSE), mean absolute error (MAE),
symmetric mean absolute percentage error (sSMAPE), and the correlation coefficient (R),
are adopted for model performance assessment. These metrics quantify the discrepancy
between predicted and observed values, as defined in (13)-(16) [46].

1 &
RMSE = \Jn— > (oby — prg)? (13)
S d=1
1 &
MAE = — > lob; — pryl (14)
1 d=1
1 & 2lob, —
SMAPE = L 3" 2% = Pral 000, (15)
ng &= loby| + [pr4l
"s [(oby — ob)(pry — pr
R= 2421 (0by )(prg —pr)] (16)

VXl (0by — 0b)2 Yl (pry — pir)?

where 0b,; and pr; denote the d-th observed and predicted values, respectively; ob and pr
denote the means; and n, denotes the number of samples.
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5. Results and Discussion
5.1. Results

Figure 12 shows the scatter plot results of NAMD-Net for buoys 41,013 and 41,046
at different lead times (1 h, 6 h, 12 h, and 24 h). The model adopts a direct multi-output
strategy, using a 48-hour historical input sequence to directly generate a 24-dimensional
forecast vector in a single run. No autoregressive iterative prediction is used during infer-
ence. Statistical analysis was performed on the 1st, 6th, 12th, and 24th output dimensions,
corresponding to lead times of 1 h, 6 h, 12 h, and 24 h, respectively. At both stations, for
all four lead times, most data points cluster near the 1:1 reference line, indicating close
agreement between forecast and observed values. As lead time increases from 1 h to 24 h,
scatterplot dispersion grows, especially for larger SWH values where more samples deviate
from the reference line. This lead-time-dependent degradation reflects the increasing diffi-
culty of longer-horizon forecasting [47]. Nevertheless, an excellent fit is maintained across
the four lead times at both stations, indicating consistent forecasting performance at the
two Atlantic stations.
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Figure 12. Scatter plot density distributions of observed SWH versus predicted SWH for buoys 41,013
and 41,046 under different lead times.

To comprehensively evaluate the proposed model, ten methods were compared:
BP, RF, Transformer, Autoregressive with exogenous inputs (ARX), WaveNet, LSTM,
MEMD+LSTM (ML), NA-MEMD+LSTM (NML), NA-MEMD+WaveNet (NMW), and
NAMD-Net. These methods cover conventional machine-learning models, standalone
deep-learning forecasting models, and decomposition-based forecasting models.

For a consistent comparison, all comparison models used the same chronological data
partitions and forecasting setup wherever applicable. The BP model employed two hidden
layers with 128 and 64 neurons. RF used 200 trees with the square-root feature-selection rule.
The Transformer contained two encoder layers with a model dimension of 64, four attention
heads, a feed-forward dimension of 128, and a dropout rate of 0.1. For ARX, the lag order was
selected from 12, 24, 36, and 48 h according to the validation mean squared error. WaveNet
and LSTM used the corresponding configurations listed in Table 3. ML and NML employed
the same LSTM configuration after MEMD and NA-MEMD decomposition, respectively,
whereas NMW applied the same WaveNet configuration to all NA-MEMD components.

At buoy stations 41,013 and 41,046, four forecast lead times (1 h, 6 h, 12 h, and 24 h)
were set to compare the ten models using RMSE, MAE, sMAPE, and R. Tables 4 and 5 and
Figures 13 and 14 present the results.
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Table 4. Evaluation Metrics for Buoy 41,013 Across Various Lead Times.

Hour Index BP RF Transformer ARX WaveNet LSTM ML NML NMW NAMD-Net
1 RMSE (m) 0.123 0.120 0.097 0.091 0.146 0.153 0.046 0.045 0.046 0.042
MAE (m) 0.093 0.086 0.068 0.065 0.110 0.109 0.035 0.034 0.035 0.031
sMAPE (%) 8.26 7.13 5.45 5.27 9.19 8.90 3.10 3.10 3.08 2.61
R 0.977 0977 0.985 0.987 0.972 0962 0997 0.997 0.997 0.997
6 RMSE (m) 0.284 0.281 0.272 0.262 0.288 0.384 0.082 0.078 0.077 0.072
MAE (m) 0.204 0.201 0.187 0.186 0.204 0.270 0.061 0.057 0.059 0.052
sMAPE (%) 16.88 16.35 14.99 14.95 16.55 20.87 5.19 4.88 4.82 432
R 0.859 0.862 0.875 0.885 0.856 0.725 0989 0.990 0.991 0.992
12 RMSE (m) 0437 0.414 0.401 0.396 0.438 0.532 0.117 0.110 0.109 0.102
MAE (m) 0.324 0.305 0.289 0.292 0.314 0.385 0.085 0.080 0.078 0.075
sMAPE (%) 26.17 2441 23.27 23.25 24.96 29.88 7.28 6.70 6.67 6.26
R 0.631 0.663 0.686 0.710 0.624 0.444 0977 0980 0.981 0.984
24 RMSE (m) 0.556 0.520 0.516 0.507 0.563 0.643 0.186 0.171 0.167 0.155
MAE (m) 0.423 0.397 0.381 0.386 0.419 0.483 0.141 0.125 0.122 0.111
sMAPE (%) 33.12 31.49 30.60 30.64 32.34 3754 11.70 1040 10.03 9.15
R 0.293 0.364 0.377 0.425 0.304 0196 0946 0949 0.951 0.958

Table 5. Evaluation Metrics for Buoy 41,046 Across Various Lead Times.

Hour Index BP RF Transformer ARX WaveNet LSTM ML NML NMW NAMD-Net
1 RMSE (m) 0.121 0.126 0.115 0.106 0.136 0.126 0.078 0.047 0.047 0.045
MAE (m) 0.086 0.084 0.084 0.076 0.098 0.095 0.063 0.035 0.034 0.031
sMAPE (%) 5.26 5.04 5.17 4.60 6.20 5.94 4.15 2.33 2.23 1.92
R 0.978 0.975 0.980 0.982 0.973 0980 0995 0.997 0.997 0.997
6 RMSE (m) 0223 0.218 0.212 0.208 0.224 0.221  0.095 0.094 0.090 0.077
MAE (m) 0.145 0.144 0.140 0.137 0.149 0.158 0.070 0.071  0.067 0.056
sMAPE (%) 8.59 8.70 8.42 8.31 9.14 9.61 4.36 471 4.46 3.44
R 0.922 0.922 0.927 0.930 0.919 0929 0987 0.987 0.988 0.991
12 RMSE (m) 0.310 0.305 0.303 0.296 0.329 0.307 0.110 0.102 0.101 0.093
MAE (m) 0.208 0.205 0.207 0.197 0.223 0.218 0.078 0.073 0.074 0.066
sMAPE (%) 1237 1243 12.44 11.99 13.30 13.11 4.77 454 4.61 4.00
R 0.843 0.844 0.849 0.854 0.821 0.854 0981 0.985 0.983 0.987
24 RMSE (m) 0.438 0.437 0.430 0.419 0.481 0.424 0.160 0.147 0.144 0.135
MAE (m) 0.295 0.303 0.301 0.294 0.324 0.306 0.108 0.100 0.099 0.089
sMAPE (%) 1742 18.15 17.86 17.71 18.93 18.30 6.47 6.31 6.08 5.28
R 0.665 0.661 0.686 0.694 0.592 0.693 0962 0.969 0.970 0.974

As shown in these tables and figures, the proposed model yields the lowest RMSE,
MAE, and sMAPE, and the highest R at all lead times at both stations. At buoy 41,013, its
RMSE values for lead times of 1, 6, 12, and 24 h are 0.042, 0.072, 0.102, and 0.155, with R
values of 0.997, 0.992, 0.984, and 0.958. At buoy 41,046, the proposed model yields RMSE
values of 0.045, 0.077, 0.093, and 0.135, with R values of 0.997, 0.991, 0.987, and 0.974. The
visual comparison in Figures 13 and 14 corroborates these quantitative results.

With increasing lead time from 1 h to 24 h, all models show increasing RMSE, MAE,
sMAPE, and declining R. This degradation is especially severe for BP, RF, and LSTM at 12 h
and 24 h. In contrast, the metrics of ML, NML, NMW, and the proposed model change
more gradually.
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Figure 13. Comparison of the performance of multiple models using four evaluation metrics for
buoy 41,013.

Lz

= -
Z 020
= -
0.15 o
010f o
" W
6h 12h 12h

SMAPE (%)

Ml

1.0 7T T ey

24h
I 0.8 (]
0.6
~
0.4
6h 12h 12h 24h

24h 00 1h h

[ BP [ Transformer [ WaveNet [ ML 3 NMw
[ RF [ ARX [ LST™M 3O NML [0 NAMD-Net

Figure 14. Comparison of the performance of multiple models using four evaluation metrics for
buoy 41,046.

As shown in Tables 4 and 5, the forecasting results at buoys 41,013 and 41,046 are
in line with the design motivation of NAMD-Net for nonlinear and nonstationary SWH
prediction. The original SWH-related sequence contains both rapid local fluctuations and
slower temporal evolution, which are difficult to represent using a single direct forecasting
structure. NAMD-Net alleviates this difficulty by decomposing the multivariate signal
into scale-aligned components and applying complexity-guided branch modeling. The
comparison between ML and NML reflects the benefit of NA-MEMD over MEMD under
the same LSTM forecasting structure. The WaveNet branch captures rapidly varying com-
ponents, whereas LSTM models slowly varying components. Furthermore, the NML and
NMMW variants, which uniformly apply LSTM and WaveNet to all NA-MEMD components,
respectively, perform consistently worse than NAMD-Net at both buoys, supporting the
use of component-specific dual-branch modeling. Therefore, the long-lead forecasting
advantage of NAMD-Net is associated with both multivariate scale-aligned decomposition
and the differentiated modeling of components with different temporal characteristics.
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Furthermore, forecasting performance at buoy 41,046 is slightly better than at buoy
41,013. For the 24 h forecast, the proposed model reduces RMSE, MAE, and sMAPE
at buoy 41,046 by 12.9%, 19.8%, and 42.3% relative to buoy 41,013, while R increases
from 0.958 to 0.974. The results also indicate modest site-dependent differences in
forecasting performance [48,49].

To further assess the robustness of the reported improvements, multi-seed experiments
and statistical significance analyses were conducted for the key model comparisons. Table 6
reports the RMSE averaged over five independent runs (random seeds 42, 43, 44, 64, and 75)
together with the sample standard deviation (reflecting multi-seed training variability) [50];
while the paired RMSE differences are evaluated over the test set sequence (to account for
temporal autocorrelation) with 95% confidence intervals [51] and Diebold-Mariano (DM)
test [52] results.

Table 6. Multi-seed RMSE statistics and statistical significance analysis.

Buoy Hour Transformer NML NAMD-Net NAMD-Transformer NAMD-NML
RMSE (£SD) RMSE (£SD) RMSE (£SD) ARMSE [95% CI],p ARMSE [95% CI], p
41,013 1h 0.0957 + 0.0016  0.0520 + 0.0123  0.0479 + 0.0070 —0.0478 —0.0041
[—0.0525, —0.0432] [—0.0052, —0.0030]
p < 0.001 p < 0.001
41,013 6h 0.2692 + 0.0023 0.0790 £+ 0.0062  0.0761 % 0.0056 —0.1931 —0.0029
[—0.2072, —0.1743] [—0.0038, —0.0020]
p < 0.001 p < 0.001
41,013 12h 0.4018 + 0.0033 0.1106 + 0.0043  0.1050 % 0.0029 —0.2968 —0.0056
[—0.3238, —0.2701] [—0.0071, —0.0041]
p < 0.001 p < 0.001
41,013 24h 0.5157 £ 0.0067 0.1639 £+ 0.0066 0.1572 + 0.0044 —0.3585 —0.0067
[—0.3999, —0.3157] [—0.0071, —0.0062]
p < 0.001 p < 0.001
41,046 1h 0.1127 + 0.0018  0.0496 + 0.0079  0.0451 + 0.0034 —0.0676 —0.0045
[—0.0746, —0.0611] [—0.0057, —0.0033]
p < 0.001 p < 0.001
41,046 6h 0.2123 £ 0.0016  0.0867 £ 0.0069 0.0797 £ 0.0023 —-0.1326 —0.0070
[—0.1549, —0.1106] [—0.0083, —0.0058]
p < 0.001 p < 0.001
41,046 12h 0.3030 £ 0.0036 0.1051 £ 0.0062 0.0966 + 0.0036 —0.2064 —0.0085
[—0.2422, -0.1722] [—0.0104, —0.0064]
p < 0.001 p < 0.001
41,046 24 h 0.4306 + 0.0036  0.1445 + 0.0040 0.1371 + 0.0024 —0.2935 —0.0074
[—0.3463, —0.2451] [—0.0098, —0.0051]
p < 0.001 p < 0.001

As shown in Table 6, SD denotes the sample standard deviation of RMSE over the five
independent runs. In the last two columns, the three values in each cell denote the ARMSE,
the 95% confidence interval, and the p-value, respectively. Negative ARMSE indicates a
lower RMSE for NAMD-Net than for the baseline. NAMD-Net significantly outperforms
Transformer at both buoys and all forecast horizons. Compared with NML, NAMD-Net
yields lower RMSE across all evaluated horizons and both stations, with the DM test
indicating statistically significant differences (p < 0.001).

Further analysis using time series is required to examine local peaks, abrupt changes,
and dynamic details in the ocean wave evolution process. Taking buoy 41,013 as an example,
a representative continuous segment from the test set was selected to depict comparison
curves of observed and predicted time series for different models, as shown in Figure 15.
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Figure 15. Comparison of time series data for buoy 41,013 between model forecasts and observed
values at different lead times. (a) 1 h. (b) 6 h. (¢) 12h. (d) 24 h.

It can be observed that the non-decomposed model tends to underestimate the SWH
at local abrupt changes and high-value peaks, resulting in a smooth curve. Furthermore,
a certain time shift occurs as the forecast lead time increases. In contrast, NAMD-Net is
able to stably track the observed sequence, maintaining a robust response particularly near
high-value peaks, indicating that it not only captures the overall trend but also reconstructs
local abrupt changes.

To further evaluate forecasting performance under extreme wave conditions, the 95th-
percentile (P95) of the observed SWH during the test period at buoy 41,013 (2.24 m) was
used as the threshold, yielding 358 extreme-wave samples at each forecast horizon [53,54].
NAMD-Net was compared with NML and Transformer at 1 h, 6 h, 12 h, and 24 h horizons,
and the results are summarized in Table 7.
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Table 7. Quantitative evaluation of predictive performance under extreme sea states for buoy 41,013
across different lead times.

Model Index 1h 6h 12h 24 h
RMSE (m) 0.229 0.672 1.074 1.443
Transformer MAE (m) 0.184 0.541 0.933 1.313
SMAPE (%) 6.88 22.68 42.77 64.07
R 0.942 0.664 0.510 0.254
RMSE (m) 0.085 0.155 0.218 0.355
NML MAE (m) 0.066 0.127 0.169 0.283
sMAPE (%) 2.40 4.54 6.28 10.97
R 0.990 0.967 0.938 0.864
RMSE (m) 0.081 0.150 0.189 0.304
MAE (m) 0.063 0.122 0.146 0.243
NAMD-Net
N SMAPE (%) 2.25 413 5.49 9.46
R 0.991 0.970 0.948 0.898

The results show that NAMD-Net achieved the lowest RMSE, MAE, and sMAPE
among the three models under extreme-wave conditions, particularly as the forecast
horizon increased.

In addition, extreme-wave samples exceeding the P95 threshold were grouped into
independent events based on the autocorrelation-derived independence interval, and only
events lasting more than 3 h were retained [53], resulting in 22 independent extreme-
wave events.

These events were further examined at the representative 6 h forecast horizon. The
mean absolute peak-SWH errors of NAMD-Net, NML, and Transformer were 0.1478, 0.1878,
and 0.3132 m, respectively, while the corresponding mean absolute peak-timing errors were
1.23,1.50, and 5.05 h [55].

To further evaluate the practical forecasting capability of the proposed model, wave
products from the European Centre for Medium-Range Weather Forecasts (ECMWF)
were introduced as an additional physics-based benchmark [56]. For buoys 41,013 and
41,046, the ECMWF SWH fields in the test period (2021) were bilinearly interpolated to
the buoy coordinates and temporally aligned with the hourly observations, with only
matched timestamps retained. Using the buoy observations as ground truth, the 1 h SWH
predictions of NAMD-Net were then compared with the corresponding ECMWEF estimates.
The ECMWEF results yielded an RMSE of 0.197 m and an R of 0.937 at buoy 41,013, and
an RMSE of 0.214 m and an R of 0.932 at buoy 41,046. The comparison results are shown
in Figure 16.

To evaluate the computational efficiency of NAMD-Net and examine the trade-off
between forecasting accuracy and computational cost, the trainable parameter count, train-
ing time, and average inference time were compared with those of representative baseline
models on buoy 41,013. As shown in Table 8, NAMD-Net contains 2.97 million trainable
parameters, fewer than the 3.67 million parameters of NML, indicating that its improved
forecasting performance is not simply attributable to increased model capacity. Its training
time is comparable to that of NML (2218.1 s versus 2116.3 s), while its average inference
time is lower (0.254 versus 0.877 ms/sample). Compared with NMW, NAMD-Net requires
more parameters but substantially less training time. Although Transformer has the lowest
computational cost, its forecasting accuracy is lower than that of the decomposition-based
models. These results indicate that NAMD-Net achieves improved forecasting accuracy
with a moderate additional computational cost.
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Figure 16. Scatter plots of observed versus predicted 1 h SWH for NAMD-Net and ECMWE. (a) Buoy

41,013. (b) Buoy 41,046.

Table 8. Computational cost and 24 h forecasting accuracy of different models at buoy 41,013.

Trainable Training Average
Model . Inference Time 24 h RMSE (m)
Parameters Time (s)
(ms/Sample)
Transformer 87,136 55.334 0.0077 0.516
NML 3,668,400 2116.317 0.8767 0.171
NMW 1,579,536 3734.352 0.1303 0.167
NAMD-Net 2,972,112 2218.093 0.2540 0.155

5.2. Analysis

To examine the contribution of multivariate information, an auxiliary comparison was
conducted at buoy 41,046, with the quantitative results shown in Table 9. The physical
reason can be explained by the wave energy definition.

SWH H; represents the integrated energy level of the wave spectrum and is related to
its zeroth spectral moment 1, by

H, = 4‘/%.

Wave-spectrum evolution is governed by propagation together with physical source
terms including wind input, nonlinear wave-wave interactions, and dissipation [57]. WSPD
and GST provide information on the intensity and short-term variability of atmospheric forc-
ing, whereas APD characterizes the temporal scale of the wave field. Therefore, the selected
variables provide complementary information on wind forcing and the corresponding
wave-state response.

Table 9. RMSE comparison for different input configurations at buoy 41,046.

Model Input 1h 6h 12h 24h
LSTM SWH 0.164 0.287 0.380 0.559
LSTM SWH + WSPD + GST + APD 0.126 0.221 0.307 0.424

NAMD-Net SWH + WSPD + GST + APD 0.045 0.077 0.093 0.135

As shown in Table 9, the multivariate LSTM clearly outperforms the SWH-only LSTM,
indicating the value of additional wind-wave information. NAMD-Net further improves the
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results, suggesting that joint multiscale decomposition can exploit these coupled variables
more effectively than direct multivariate input.

To further examine the geographical applicability of the proposed framework, an addi-
tional validation was conducted at Pacific buoy 46,028 (35.763°N, 121.900°W; water depth:
1136 m) using data from 2020-2024 under the same preprocessing procedure, input vari-
ables, forecasting setup, and model configurations as the preceding experiments. To keep
this additional validation concise, Transformer and NML were selected as representative
non-decomposition and decomposition-based baselines, respectively, for comparison with
the proposed model. The corresponding results are presented in Table 10. Similar to the
visualization for the Atlantic buoys, the corresponding scatter density plots of observed
versus predicted SWH at buoy 46,028 are shown in Figure 17.

Table 10. Forecasting performance at Pacific buoy 46,028.

Model Index 1h 6h 12h 24 h
RMSE (m) 0.192 0.372 0.539 0.742

Transformer MAE (m) 0.136 0.261 0.379 0.550
SsMAPE (%) 5.97 11.57 16.82 24.32
R 0.978 0.913 0.807 0.605
RMSE (m) 0.103 0.154 0.202 0.277

NML MAE (m) 0.076 0.111 0.150 0.198
sMAPE (%) 3.52 5.13 7.31 9.88
R 0.994 0.986 0.979 0.958
RMSE (m) 0.082 0.143 0.167 0.229
MAE (m) 0.053 0.101 0.120 0.162

NAMD-Net sMAPE (%) 2.39 453 5.37 7.43
R 0.996 0.988 0.983 0.969

- 3 buoy 46,028 & buoy 46,028 B 3 buoy 46,028 TSR O buoy 46,028 S 1.0
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Figure 17. Scatter density distributions of observed versus predicted SWH for buoy 46,028 under
different lead times.

The variation in forecasting performance with increasing lead time at buoy 46,028 is
consistent with that observed at the two Atlantic buoys, with the proposed model main-
taining the same overall advantage over the comparison models. This consistent pattern
provides additional support for its applicability under different geographical conditions.

To further analyze the predictive performance of the proposed NAMD-Net model
under different sea state conditions, this paper groups the test samples based on SWH, with
SWH < 1.25 m, defined as low sea state, 1.25 < SWH < 2.5 m as moderate sea state, and
SWH > 2.5 m as high sea state [58]. The RMSE under different sea state conditions is shown
in Figure 18. It can be seen that the RMSE values at both buoy stations are below 0.32 m, with
overall smooth variations and no abnormal fluctuations. Meanwhile, RMSE exhibits a clear
increasing trend: it increases with longer forecast lead times and progressively rises as sea
state varies from low to high. This indicates that prediction errors are influenced not only
by the length of the time horizon but also by increasing sea state complexity. Particularly
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under high sea state conditions, ocean wave fluctuations are stronger and local peaks are
more frequent, which will significantly increase the difficulty of long-term forecasting.

030~ 1h ] | 030k ]
3 6h 3 6h
0.25- 0.25-
[ 12h [ 12h
0.20- 1 24h 0.20- CJ 24h
0.15~ 0.15+-
0.10- 0.10-
0.00 Low Moderate High 0.00 Low Moderate High
(a) 41,013 (b) 41,046

Figure 18. RMSE results for buoys 41,013 and 41,046 under different sea conditions and forecast
lead times.

In addition to differences in sea conditions, seasonal background also influences the
distribution of prediction errors. A further analysis of the RMSE results of the NAMD-Net
model across seasons and forecast lead times is shown in Figure 19. It can be observed
that the errors for the two buoys vary with season and forecast lead time, with the overall
error levels being highest in winter, which is consistent with previously reported seasonal
variability in SWH and wave climate [59,60]. For NAMD-Net specifically, the RMSE at both
buoys exhibits a clear horizon-dependent increase across all evaluated horizons.

Spring Spring

1h 1h
0.18 6h 0.18 6h
015 12h 015 12h
0.12 24h 0.12 24h
0.09 0.09
0.06 0.06
0.03 0.03

Winter: 0.00 Summer Winter: 0.00 Summer
Autumn Autumn
(a) 41,013 (b) 41,046

Figure 19. RMSE results for buoys 41,013 and 41,046 under different seasonal conditions and forecast
lead times.

To assess the effect of future-information leakage associated with NA-MEMD, an
additional causal re-decomposition experiment was conducted following the methods
in [23,61,62]. Since NA-MEMD must be recalculated independently for each forecast origin,
forecast origins were set at fixed 24 h intervals throughout the 2021 test period, yielding
365 candidate origins over the full year. At each origin, NA-MEMD was performed using
only the observations available up to that time. The decomposed components from the
preceding 48 h were then used as model inputs to directly generate the subsequent 24 h
SWH forecast. Forecast origins containing temporal gaps longer than 3 h within the 48 h
input window or the subsequent 24 h forecast period were excluded, yielding 346 valid
forecast origins. This leakage-control experiment is illustrated using buoy 41,046, where
the causal and offline results were evaluated on these same retained origins, as shown
in Table 11.
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Table 11. Comparison between offline and causal NA-MEMD implementations for NAMD-Net.

Hour  Metric LSTM Transformer NAMD-Net (Offline) = NAMD-Net (Causal)

1h RMSE 0.137 0.111 0.052 0.064
R 0.975 0.981 0.996 0.994
6h RMSE 0.224 0.203 0.084 0.112
R 0.929 0.939 0.991 0.984
12h RMSE 0.293 0.275 0.103 0.151
R 0.868 0.880 0.985 0.968
24h RMSE 0.404 0.400 0.141 0.214
R 0.720 0.728 0.970 0.931

The results show that causal NA-MEMD yields higher RMSE and lower R than the
offline implementation, suggesting that leakage may lead to optimistic accuracy estimates.
Nevertheless, the causal NAMD-Net still achieves lower RMSE than the baselines at all
horizons, indicating that its relative advantage is largely preserved despite the leakage effect.

6. Conclusions

This paper proposed the NAMD-Net model, grounded in multivariate adaptive de-
composition and a dual-path deep neural network, for accurate prediction of SWH. The
principal findings of this study are as follows:

1. SWH, WSPD, GST, and APD from buoy observations are jointly exploited so that cross-
variable dependence in ocean-wave processes can be retained during decomposition
and prediction.

2. NA-MEMD is employed to decompose the selected variables into scale-aligned IMFs,
which alleviates mode mixing and avoids the component-matching problem caused
by separate decomposition of multiple input variables.

3. A dual-branch architecture based on complexity-guided grouping and spectral vali-
dation is designed to assign fast-varying components to WaveNet and slow-varying
components to LSTM, enabling the model to separately learn local abrupt variations
and long-term trend information.

4.  Extensive experiments on two Atlantic buoy stations indicate the effectiveness of the
proposed model for 1 h to 24 h forecasts in the offline decomposition setting. In addition
to overall accuracy comparisons, the analysis of lead-time-dependent error growth,
the dependence of RMSE on sea state, and the seasonal variation in RMSE further
indicate its robustness under complex wave conditions. Notably, the strictly causal re-
decomposition experiment confirms that the relative advantage of NAMD-Net remains
largely preserved.

A limitation of this study is the inherent optimistic bias of the offline decomposition
framework. Although the strictly causal re-decomposition indicates that the relative ad-
vantage of NAMD-Net persists, a fully online decomposition framework remains an open
research direction. Future research will explore integrating NAMD-Net with operational
ocean reanalysis products and extending the current offline NA-MEMD framework toward
real-time causal deployment in marine environmental monitoring networks.
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