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Abstract

Ocean wave evolution reflects delayed wind forcing, nonlinear wind-wave interactions,
and wave persistence, which complicate multi-horizon significant wave height (SWH)
forecasting. This study analyzes wind—wave lag relationships and wave memory char-
acteristics in the South China Sea and the Bay of Bengal using ERA5 data from 2022 to
2024, leading to region-specific input windows of 12 h and 21 h. Based on these findings,
SSA-STLSTM-LT integrates Wind-Wave Lag Attention, ST-LSTM, a Temporal Transformer,
and spatial self-attention within a direct six-horizon forecasting framework. Feature abla-
tion further identifies a nine-variable input configuration. Under a common ERA5-based
evaluation protocol, the model achieved horizon-averaged RMSE values of 0.098 m and
0.065 m in Regions A and B, respectively. It obtained the lowest MAE and RMSE across all
six horizons in Region A. In Region B, it achieved the lowest RMSE from 3 to 24 h, remained
comparable to the best model at 48 h, and was less accurate than the LT-enhanced recurrent
baselines at 72 h. Independent altimeter validation further showed favorable observational
consistency relative to PredRNN-LT and TrajGRU-LT, with smaller differences in Region B.
The results indicate strong but region- and horizon-dependent forecasting advantages.

Keywords: significant wave height; wind-wave lag; lag-aware modeling; spatiotemporal
deep learning; multi-horizon forecasting; wave prediction; ERA5; satellite altimeter
validation

1. Introduction

Significant wave height (SWH) is one of the most important parameters describing
ocean surface conditions and is fundamental to maritime transportation, offshore engineer-
ing, marine renewable energy, and coastal hazard mitigation. Accurate SWH forecasting
provides critical support for route planning, operational scheduling, and safety assessment,
particularly under extreme conditions such as tropical cyclones and storm surges, during
which wave fields evolve rapidly and exhibit strong spatiotemporal variability [1,2]. There-
fore, developing reliable multi-horizon wave forecasting methods remains an important
challenge in ocean prediction.

Operational wave forecasting primarily relies on third-generation spectral wave mod-
els, such as WAM, SWAN, and WAVEWATCH III [3-5]. These models simulate wave
generation, propagation, nonlinear interactions, and dissipation by solving the wave action

Appl. Sci. 2026, 16, 7447

https:/ /doi.org/10.3390/app16157447


https://crossmark.crossref.org/dialog?doi=10.3390/app16157447&domain=pdf&date_stamp=2026-07-28
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0006-5531-8755
https://doi.org/10.3390/app16157447

Appl. Sci. 2026, 16, 7447

2 of 45

balance equation and therefore provide physically consistent representations of wave evo-
lution. However, high-resolution regional applications can be computationally demanding
and depend strongly on the quality of atmospheric forcing, initial and boundary conditions,
and empirical source-term parameterizations [6,7]. With the increasing availability of
reanalysis and observational datasets, data-driven deep learning methods have emerged as
complementary tools for learning nonlinear relationships between historical environmental
conditions and future wave states [8].

Recurrent neural networks and their variants have been widely applied to wave
forecasting. LSTM networks can represent long-term temporal dependencies [9,10], while
convolutional long short-term memory (ConvLSTM) extends this capability to gridded
spatiotemporal fields through convolutional operations [11-13]. Trajectory gated recurrent
unit (TrajGRU) further improves the representation of non-stationary spatial propagation
by learning location-dependent recurrent connections [14,15]. More recently, Transformer-
based and hybrid spatiotemporal architectures have been introduced for regional wave
forecasting [16,17]. These studies have demonstrated the feasibility of using deep learning
to predict the temporal evolution of wave fields. Therefore, the novelty of the present study
does not lie simply in applying deep learning to SWH forecasting. Instead, it focuses on
the explicit representation of delayed wind—-wave interactions and the physically guided
selection of region-dependent historical input windows.

Although existing spatiotemporal models can learn spatial correlations and temporal
dependencies, the delayed response of wave evolution to wind forcing has not been
sufficiently represented. In reality, wave development depends on delayed energy transfer,
cumulative wind forcing, swell propagation, and wave persistence. Recent studies on wave
source terms and satellite observations have also emphasized the importance of wind input,
swell dissipation, and observational validation in wave modeling [18,19]. Moreover, the
strength and temporal structure of wind—wave lag relationships can vary among ocean
regions because of differences in wave persistence, swell propagation, and environmental
conditions. Consequently, applying an identical historical input window to all regions
may not adequately represent regional wave dynamics, particularly at longer forecast
horizons. Physically informed regional analyses are therefore needed before determining
the temporal context used by a forecasting model.

In this study, both the wave-related input variables and the SWH prediction targets are
derived from ERAD5 reanalysis. The proposed framework should therefore be interpreted as
a data-driven model for forecasting the spatiotemporal evolution represented in the ERA5
data domain, rather than as a replacement for operational spectral wave models. Regional
wind-wave lag relationships, wave memory characteristics, and cumulative wind forcing
effects are first quantitatively analyzed using ERA5 data from the South China Sea and
the Bay of Bengal. These analyses provide a physical basis for selecting region-specific
historical input windows and guide the subsequent model design.

Based on these findings, a wind-wave lag-aware spatiotemporal forecasting model,
termed SSA-STLSTM-LT, is developed. The framework integrates a Wind-Wave Lag
Attention mechanism with ST-LSTM, a Temporal Transformer, and spatial self-attention
to represent delayed wind forcing, long-range temporal dependencies, and non-local
spatial wave field structures. Six horizon-specific Bayesian-regularized prediction heads
then generate the 3, 6, 12, 24, 48, and 72 h SWH point forecasts directly from a shared
spatiotemporal representation.

The main contributions of this study are summarized as follows.

Wind-wave lag relationships, wave memory characteristics, and cumulative wind
forcing effects are systematically quantified in two contrasting ocean regions. The diag-
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nosed regional response characteristics provide a physical basis for selecting region-specific
historical input windows.

A Wind-Wave Lag Attention module is developed to explicitly represent the delayed
influence of historical wind forcing on wave evolution. This lag-aware representation is
integrated with spatiotemporal recurrent learning, spatial self-attention, and long-range
temporal modeling in a direct multi-horizon forecasting framework.

The proposed framework is comprehensively evaluated using selected data-driven
benchmark models, feature ablation and input window sensitivity experiments, and inde-
pendent satellite altimeter observations. These experiments assess forecasting accuracy,
model component contributions, and observational consistency in the South China Sea and
the Bay of Bengal.

2. Materials and Methods
2.1. Study Regions

This study selects two representative ocean regions, the South China Sea (Region
A) and the Bay of Bengal (Region B). Figure 1 shows the study area (bathymetry from
ETOPOL1 is shown as background for geographical reference). Region A (110-130° E,
10-25° N) is mainly affected by seasonal monsoon systems, resulting in relatively regular
wind forcing and smoother wave field evolution. Region B (80-100° E, 5-20° N), located
in the northern tropical Indian Ocean, is frequently influenced by monsoons, tropical
cyclones, and convective systems, leading to stronger non-stationarity and more abrupt
SWH variations.

-5586 -4966 -4345 -3724 -3103 -2483 -1862 -1241 -621 0
Depth (m)

Figure 1. Locations and spatial domains of Region A in the South China Sea and Region B in the Bay
of Bengal.
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These two regions represent contrasting wave environments, providing a suitable
basis for evaluating the forecasting accuracy and regional generalization capability of the
proposed model.

2.2. Datasets

This study utilizes the Fifth-generation European Centre for Medium-Range Weather
Forecasts (ECMWF) Reanalysis dataset (ERA5) [20]. ERAS provides temporally contin-
uous and physically consistent atmospheric and oceanic fields through advanced data
assimilation and has been widely applied in ocean wave forecasting studies.

Hourly ERAS5 data from 2022 to 2024 were used in this study. The selected variables
include significant wave height (SWH), mean wave period (MWP), mean wave direction
(MWD), and the 10 m zonal and meridional wind components (U10 and V10). All variables
have a temporal resolution of 1 h and a spatial resolution of 0.25° x 0.25°.

2.3. Data Preprocessing

To enhance the representation of wave state evolution and wind-wave interactions,
several physically meaningful descriptors were derived from ERA5 variables. MWD
was transformed into sine and cosine components (MWD_sin and MWD_cos) to avoid
discontinuities at the 0°/360° boundary [21]. Wave energy and wave steepness were further
derived to describe wave energy state and wave development characteristics [2,5].

The initial feature set contained 11 variables: SWH, MWP, MWD, MWD _sin,
MWD_cos, wave energy, wave steepness, U10, V10, height change rate, and sea state
index. Based on feature ablation results, height change rate and sea state index were
removed due to limited additional contribution and feature redundancy. The final input
configuration therefore included nine variables: SWH, MWP, MWD, MWD _sin, MWD_cos,
wave energy, wave steepness, U10, and V10.

All variables were spatially cropped, grid-aligned, and checked for missing values.
Wind fields were interpolated onto the wave grid. Each variable was normalized using
a robust median-IQR scheme to reduce the influence of outliers, and wave energy was
logarithmically transformed before normalization. Sliding temporal windows were then
used to construct input—-output samples for SWH prediction at lead times of 3, 6, 12, 24, 48,
and 72 h.

2.4. Independent Altimeter Observations

Independent Level-3 along-track SWH observations from Copernicus Marine were
used for external observational validation. The available altimeter archive covered
2022-2024 within Regions A and B; however, to preserve temporal independence from
model development, only observations collocated with forecasts from the temporally held-
out test period of 20 July—31 December 2024 were retained for evaluation. Invalid records,
missing values, and outliers were removed through quality control. The gridded model
predictions and corresponding ERAD5 fields were collocated with the altimeter observations
using bilinear spatial interpolation and a temporal tolerance of +1 h. All evaluated models
were assessed using the same sets of matched observations at each region and forecast lead
time. Negative predicted SWH values were clipped to zero before evaluation. Bias, MAE,
RMSE, and PCC were then calculated from the matched pairs to provide an independent
observational comparison complementary to the ERA5-based gridded evaluation.

2.5. Physical Characterization of Wind—Wave Lag

Understanding the temporal relationship between wind forcing and wave evolution is
essential for physically meaningful wave forecasting. Besides instantaneous wind forcing,
wave development is influenced by delayed energy transfer, cumulative wind input, and
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wave memory effects associated with propagation and swell processes [19,22,23]. To
quantify these characteristics and determine appropriate historical input windows, analyses
of wind-wave lag correlation, wave memory, cumulative wind forcing, and input-window
sensitivity were conducted for both study regions.

2.5.1. Wind-Wave Lag Correlation

Figure 2 illustrates the lag correlation between wind forcing and regional mean SWH.
Both regions exhibit clear delayed wind-wave responses, with the highest correlation
occurring approximately 7 h after wind forcing under all-sample conditions, indicating
that wave evolution is primarily controlled by previous rather than concurrent wind
conditions [24].

Wind-SWH lag correlation in Region A Wind-SWH lag correlation in Region B
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Figure 2. Wind-SWH lag correlation in Regions A and B.

For high-wave events, as shown in Table 1, the peak lag remains approximately 7 h in
Region A but decreases to approximately 4 h in Region B, suggesting a faster response of
extreme waves to recent wind forcing in the Bay of Bengal.

Table 1. Summary of wind-SWH lag correlation statistics for the two study regions.

Region All-Sample Peak Lag (h)  High-Wave (P90) Peak Lag (h)
Region A 7 7
Region B 7 4

2.5.2. Wave Memory Characteristics

Wave evolution also exhibits persistence due to swell propagation and energy stor-
age [25,26]. The autocorrelation function (ACF) of SWH was therefore examined to quantify
wave-memory characteristics. As shown in Table 2, SWH autocorrelation indicates strong
memory effects in both regions, with consistently longer persistence in Region B. The
autocorrelation coefficient decreases below 0.8 after approximately 28 h in Region A and
33 h in Region B, while the corresponding 0.5 threshold occurs after approximately 59
h and 64 h, respectively. These results indicate stronger wave memory characteristics in
Region B and suggest that longer historical information is required to adequately represent
wave evolution.

Table 2. Wave memory characteristics derived from the SWH autocorrelation analysis.

Metric Region A Region B
ACFat12h 0.962 0.956
ACFat24h 0.840 0.876

First lag below 0.8 (h) 28 33
First lag below 0.5 (h) 59 64
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2.5.3. Cumulative Wind Forcing

Wave growth depends on cumulative wind energy input rather than instantaneous
forcing alone [27]. As shown in Table 3, the cumulative correlation analysis indicates
that wind-wave correlation in Region A increases rapidly within the first 12-18 h before
approaching saturation, whereas Region B exhibits a more gradual increase over the
investigated period. This behavior indicates longer effective forcing timescales and stronger
cumulative wind energy effects in Region B.

Table 3. Correlations between cumulative wind forcing and SWH in the two regions.

Integration Window (h) Region A Region B
6 0.916 0.807
12 0.927 0.817
18 0.932 0.822
21 0.931 0.824
24 0.930 0.825

2.5.4. Determination of Region-Specific Input Windows

The above analyses indicate that historical input windows should consider not only
peak wind-wave lag but also wave memory persistence and cumulative wind forcing.
Sensitivity experiments were therefore performed using seven candidate input windows
(6,9,12,15, 18, 21, and 24 h), with the results summarized in Tables 4 and 5. Forecasting
performance was evaluated using mean absolute error (MAE), root mean square error
(RMSE), and the Pearson correlation coefficient (PCC).

Table 4. Validation set sensitivity of forecasting performance to the historical input window in

Region A.
Input Window (h) Mean MAE (m) Mean RMSE (m) Mean PCC
6 0.052 0.078 0.993
9 0.050 0.074 0.994
12 0.048 0.071 0.995
15 0.055 0.083 0.993
18 0.054 0.081 0.993
21 0.054 0.080 0.993
24 0.053 0.080 0.993

Table 5. Validation set sensitivity of forecasting performance to the historical input window in

Region B.
Input Window (h) Mean MAE (m) Mean RMSE (m) Mean PCC
6 0.043 0.068 0.995
9 0.035 0.054 0.997
12 0.034 0.052 0.997
15 0.032 0.049 0.998
18 0.032 0.049 0.998
21 0.030 0.046 0.998
24 0.036 0.055 0.997

Forecasting performance in Region A improved as the input window increased to
12 h, whereas longer windows provided no consistent additional benefit. In Region B, the
lowest validation errors were obtained using the 21 h input window, consistent with the
region’s longer wave memory and cumulative wind forcing timescales. Accordingly, 12 h
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was selected for Region A, while 21 h was retained as a physically guided representative
setting for Region B.

All physical diagnostics used to guide the input window selection were calculated
using the training and validation periods. The seven candidate input windows were
compared exclusively on the validation set, and the temporally held-out test set was not
accessed during model or input window selection.

To assess sensitivity to random initialization, the selected and neighboring input
windows were further evaluated using three random seeds: 42, 2024, and 3407. Specifically,
9,12, and 15 h were examined for Region A, while 18, 21, and 24 h were examined for
Region B. The same training and validation partitions were used across all seeds, and all
repeated-window results were calculated on the validation set. Results are reported as
mean = standard deviation. Seed-wise mean RMSE values, averaged across the 3, 6, 12,
and 24 h forecast horizons, were further examined using paired t-tests.

2.6. SSA-STLSTM-LT Framework
2.6.1. Overall Architecture

This study proposes a wind—wave lag-aware spatiotemporal model, termed SSA-
STLSTM-LT, for direct multi-horizon significant wave height forecasting. The model is
designed to capture nonlinear wind—wave interactions, spatial wave field structures, and
temporal evolution processes.

As shown in Figure 3, the framework takes multivariate marine environmental fields
as input, including wave state descriptors and wind forcing variables. A three-layer
spatiotemporal long short-term memory (ST-LSTM) backbone is first employed to extract
hierarchical spatiotemporal representations from the observed historical sequence. Spatial
self-attention, Wind-Wave Lag Attention, and a Temporal Transformer are subsequently
used to enhance non-local spatial dependency modeling, lag-aware wind—-wave interaction
learning, and long-range temporal representation, respectively.

SSA-STLSTM-LT Model Architecture Diagram
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Figure 3. Overall architecture of the proposed SSA-STLSTM-LT model. The shared three-layer
ST-LSTM, spatial self-attention, lag-aware wind-wave modeling, and Temporal Transformer modules
extract a common spatiotemporal representation from the historical nine-channel input sequence. Six
horizon-specific Bayesian-regularized prediction heads directly generate the 3, 6, 12, 24, 48, and 72 h
SWH point forecasts in parallel without recursive feedback between forecast horizons.
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The model adopts a direct multi-horizon forecasting strategy. The historical input
sequence is processed by the shared feature extraction backbone to obtain a fused spatiotem-
poral representation Z;. This representation is distributed in parallel to six horizon-specific
Bayesian-regularized prediction heads corresponding to lead times of 3, 6, 12, 24, 48, and
72 h:

Zy = Fo(Xi—T+41:4)
Yitr, = gu(Zt), h=1,...,6, Th € {3,6,12,24,48,72} 1)

where X;_141,+ denotes the observed historical input sequence, Fg(-) represents the shared
feature extraction backbone, Z; is the resulting fused spatiotemporal representation, and
<1 (+) denotes the Bayesian-regularized prediction head for the h-th forecast horizon. All six
heads operate directly on the same shared representation. Predictions at shorter lead times
are not fed back into the model to generate longer-lead forecasts. Therefore, the proposed
model follows a non-recursive direct multi-horizon strategy and avoids autoregressive
error propagation across forecast horizons.

2.6.2. ST-LSTM

The spatiotemporal long short-term memory network (ST-LSTM) was originally intro-
duced in PredRNN to model spatiotemporal dependencies through recurrent memory units.
Compared with a conventional LSTM, which primarily represents temporal dependencies,
ST-LSTM introduces an additional spatial memory state. This dual-memory design enables
the model to represent both the temporal evolution and spatial structure of regional wave
fields, making it suitable for SWH forecasting.

For clarity, Equations (2)—(12) describe the state update process of a representative
ST-LSTM unit. The layer index is omitted to simplify the notation, while the same update
mechanism is applied to the stacked ST-LSTM units illustrated in Figure 4.

X Xers Xei2
ik cL HE 3 L L
il —s ST LSTM Ce. e | ST LSTM Cera Herg ST—LSTM
Unit Unit Unit >
Layer I ST-LSTM ‘ Cl H! ST-LSTM ¢, H!, ST-LSTM
(1<I<L) Unit 44 Unit [ 9 Unit
Layer1— | STLSTM |ctHi | STLSIM |c},, Hif ST-LSIM
i Unit Unit
T -1 1
M, — M4 M, )s —
1 . :
X Xt Xesa

Figure 4. Temporal and vertical state propagation within the stacked ST-LSTM backbone. The
horizontal recurrence represents the encoding of the observed historical input sequence, while the
vertical connections represent information transmission among the stacked ST-LSTM units. The
temporal cell state, hidden state, and spatial memory state are propagated through the recurrent
backbone to construct hierarchical spatiotemporal representations. The horizontal unfolding does
not represent recursive generation of the six future forecast horizons, which are produced directly
and in parallel by the horizon-specific prediction heads shown in Figure 3.
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Let t denote the current time step. The input field, previous hidden state, and previous
temporal cell state are denoted by X;, H;_1, and C;_1, respectively. These variables are
spatial feature tensors with channel, height, and width dimensions. The notation [H;_1, X¢]
represents concatenation along the channel dimension.

The temporal cell state is updated using a forget gate, an input gate, and a candidate
temporal state:

fe = o (Wp s [Hio1, Xi) + by ) 2)
it = o(W; * [Hp1, X¢| + b;) ©)
Cy = tanh(W, % [Hy_1, Xe] + be) @)
Ct:ftQthl‘f'it@Et ®)

Here, o(-) denotes the sigmoid activation function, tanh(-) denotes the hyperbolic
tangent function, * represents convolution, and ©® denotes element-wise multiplication.
The variables f; and i; represent the forget gate and input gate of the temporal memory
branch, respectively. The symbols Wy, W;, and Wc denote learnable convolution kernels,
while b Iz b;, and b, denote their corresponding bias terms.

The candidate temporal cell state is represented by C;, whereas C; denotes the updated
temporal cell state. The forget gate controls the amount of information retained from C;_j,

while the input gate determines the contribution of the candidate state C .

In addition to the temporal cell state, the ST-LSTM unit maintains a spatial memory
state. In the following compact unit-level formulation, M;_; denotes the incoming spatial
memory, while M; denotes the updated spatial memory. The spatial memory branch is
expressed as

it = o (W Xe + U« M1 +5) 6)
f9 =W s X+ U « My +b)) %
M; = tanh (wc(s) f X+ U« M, + bés)) ®)
M= 9 o M1 +i® oM, 9)

Here, the superscript (s) distinguishes the gates and parameters associated with the
spatial-memory branch from those associated with the temporal memory branch. The
(s)

variables i;”’ and ft(s) denote the spatial input gate and spatial forget gate, respectively.
The kernels Wl.(s), W(S), and WC(S) transform the current input field X;, whereas Ul.(s),
u', and UC(S) transform the incoming spatial memory state M;_;. Their corresponding
) b9, and bl
The candidate spatial memory state is denoted by M;, and M; denotes the updated

bias terms are denoted by b

spatial memory state. The spatial input gate controls the incorporation of the candidate
state, while the spatial forget gate determines how much information is retained from the
incoming spatial memory. In the stacked ST-LSTM backbone, the spatial memory state is
propagated through the recurrent units as illustrated schematically in Figure 4.

The updated temporal and spatial memories are then fused to generate the current
hidden state. The output gate is calculated as

0 = O’(on * Xy + Who * Hy_q + Weo % [Ct, Mt] + bo) (10)
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and the current hidden state is obtained as
H; = oy © tanh(Wy, * [Cy, M| + by,) (11)

Here, o; denotes the output gate, and [C;, M;] represents the concatenation of the
updated temporal and spatial memories along the channel dimension. The convolution
kernels Wy,, Wy,, and W, transform the current input, previous hidden state, and concate-
nated memory states, respectively, while b, is the output gate bias.

The kernel W), and bias by, transform the fused temporal-spatial memory represen-
tation. The resulting hidden state H; contains information from the current input, the
previous hidden representation, the updated temporal cell state, and the updated spatial
memory state.

The hidden state is subsequently mapped into a feature representation

F = ¢(W, x Hy + by) (12)

where F; denotes the feature representation derived from the current hidden state. The
symbols W, and b, denote the learnable kernel and bias of the feature projection operation,
respectively, and ¢(-) denotes its nonlinear activation function.

The parameters W), and b, are distinguished from Wy and by in Equation (2), which
are associated specifically with the temporal forget gate. This distinction avoids using the
same symbols for different model operations.

The prediction error is quantified using a reconstruction loss jointly calculated over
the six directly predicted forecast horizons:

1 ~
Lree =~ Yy Yy MSE(Yip Yie), K =6 (13)

where N denotes the number of training samples and K = 6 denotes the number of forecast
horizons. The variables Y and ?i,k represent the reference and predicted SWH fields,
respectively, for training sample i at forecast horizon k. The field-level MSE is calculated
over the corresponding spatial grid points.

The six target horizons correspond to lead times of 3, 6, 12, 24, 48, and 72 h. The
reconstruction loss is calculated jointly over the six horizon-specific predictions generated
from the same shared spatiotemporal representation.

For the deterministic model variants, L. is directly used as the training objective. For
SSA-STLSTM-LT equipped with Bayesian-regularized prediction heads, L. constitutes the
reconstruction component of the complete variational objective defined in Equation (29).

The horizontal unfolding shown in Figure 4 represents recurrent state propagation dur-
ing encoding of the observed historical sequence. It does not indicate recursive generation
of the six future forecast horizons. Once the historical sequence has been encoded, all six
SWH forecasts are generated directly and simultaneously by the parallel horizon-specific
Bayesian-regularized prediction heads shown in Figure 3. Predictions at shorter lead times
are not fed back into the model to generate forecasts at longer lead times.

2.6.3. Spatial Self-Attention

To capture non-local spatial dependencies, a spatial self-attention (S5SA) module is
introduced based on the standard attention mechanism [28]. SSA computes correlations
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among all spatial locations and adaptively aggregates information across the wave field.
The calculation is expressed as Equation (14):

SSA(Q,K,V) = softmax(QKT> 14 (14)

o Vi

where Q, K, and V denote the query, key, and value matrices, respectively, and dj denotes
the dimension of the key vectors. This module enables the network to represent large-scale
spatial interactions, high-wave regions, and gradient transition zones that are difficult to
capture using local convolution alone.

2.6.4. Lag-Aware Temporal Modeling
Wind-Wave Lag Representation

The analysis in Section 2.5 shows that wave evolution responds to wind forcing with
a measurable time lag. To represent this delayed response, a Wind—Wave Lag Attention
module is designed to adaptively learn the contribution of historical wind forcing to the
current wave state.

Assuming that the current time step is ¢, the wave state feature at this time is repre-
sented as x;, and the corresponding historical wind field feature sequence is defined as

ut = [utl U1,y uth]

where u;_; denotes the wind field feature at time t — i and L denotes the maximum lag
time step.

To adaptively model the contributions of wind fields at different lag time steps, this
study adopts a Query—Key mechanism. Specifically, the current wave state feature x; is
used as the Query, while the historical wind field sequence U; is used as both the Key and
the Value. The corresponding linear mapping forms can be expressed as Equations (15)
and (16):

Q= x:Wo (15)

Ki = ut_l-WK, Vl = ut_l-WV, i= 0, 1, e ,L (16)

where W, Wk and Wy denote the learnable mapping matrices for Query, Key and Value,
respectively.

Subsequently, the correlation score is calculated according to the similarity between
the Query and the Key of each lagged wind field feature, as shown in Equation (17):

_QKf
Vg

where d; denotes the dimension of the Key vector.

€i

(17)

The correlation scores are further normalized using the Softmax function [29], as

expressed in Equation (18):
) -

Zj:O exp(e j)
where «; represents the relative contribution of the wind field at time t — i to the current
wave state x;.

The lag-aware wind representation is obtained by weighted aggregation, as shown in
Equation (19):

L
=Y aV; (19)
i=0
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where 1; denotes the lag-aware wind representation.
Finally, the lag-aware wind field representation is fused with the current wave state
feature to obtain the joint wind-wave feature, as expressed in Equation (20):

z" = Concat <xt, ﬂt) (20)

where z["” denotes the fused wind-wave feature, and Concat(-) represents the feature
concatenation operation. This representation is then fed into the subsequent network
modules to further model the coupled evolution process of wind and waves.

This design explicitly incorporates delayed wind forcing information into the spa-
tiotemporal representation, thereby enabling the network to model lagged wind-wave
interactions. The overall architecture of the Wind-Wave Lag Attention module is illustrated
in Figure 5.

Wave Tokens
AT | (R =t t
Wave Encoder Sequence .
ﬂ (o ]l
] s a
— 2 — Wind Tokens -d— — %
Wind Encoder Sequence & 8

TR o it t
e [ - |

\ \ ] Historical Time Sequence

EEE - e

]

Figure 5. Structure of the Wind—Wave Lag Attention module. Wave state features are used as queries,
while the historical wind feature sequence provides the keys and values. The resulting cross-attention
weights represent the temporal correspondence between the evolving wave state and preceding
wind forcing, and the attention-weighted wind context is subsequently combined with the wave
representation. In the implementation, the wave and wind feature sequences are spatially pooled
into temporal tokens before cross-attention, and the final lag-aware token is used as the wind-wave
lag context in the subsequent multi-source fusion.

Temporal Transformer

The Temporal Transformer is introduced to model long-range temporal dependencies
in wave evolution [28]. Unlike recurrent networks, it enables parallel computation and
global dependency modeling through self-attention.

Given an input feature sequence

X =[x1,x2,...,x7], Xt € R4
A learnable positional embedding P € RT* is added:
X=X+P (21)

The temporal self-attention operation is defined as

T
Attention(Q, K, V) = softmax (?/%) 74 (22)

Furthermore, a multi-head attention is calculated as
MultiHead(Q, K, V) = Concat(head, . .., head,;,)W° (23)

head; = Attention (QWiQ, KWK, le.V) (24)
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where the projections are parameter matrices: Wl-Q € Rmoder ¥l WK e Refmoder <, WY e
Rdmadel xdy and WO c thvx‘imodel .

The model uses the feed-forward neural network to further perform nonlinear feature
transformation, as expressed in Equation (25):

FFN(x) = WoGELU(Wyx + by) + by (25)

where GELU denotes the Gaussian Error Linear Unit activation function [30]. Through
global temporal attention, the Temporal Transformer captures persistent wind forcing,
wave energy accumulation, and long-term propagation effects.

The output of the Temporal Transformer is denoted by Zien,, which summarizes
the long-range temporal dependencies contained in the top-layer ST-LSTM hidden-state
sequence. In parallel, the Wind-Wave Lag Attention module produces a lag-aware wind—
wave representation Z,,, while Hy denotes the final hidden feature map generated by the
top ST-LSTM layer at the last observed time step.

Before fusion, Zen, and Zsq are expanded over the spatial dimensions to match Hj .
The three representations are then concatenated and processed by a multi-source fusion
block. Spatial self-attention and a subsequent feature projection operation are applied to
obtain the final fused spatiotemporal representation Z;:

quse = ¢<Wf * [H?/Zlag/ Ztemp} + bf) (26)

7 = 4><wo +SSA (zfm) + bo) 27)

Here, [-] denotes channel-wise concatenation, Wf and W, denote learnable convolu-
tional mappings, and ¢(-) denotes the nonlinear feature transformation. The final represen-
tation Z;, rather than the isolated output of the Temporal Transformer, is supplied to the six
horizon-specific Bayesian-regularized prediction heads.

2.6.5. Bayesian-Regularized Multi-Horizon Prediction Head

To regularize the horizon-specific predictors and reduce overfitting, a lightweight
Bayesian-regularized multi-horizon prediction head is introduced after the shared feature
extraction backbone [31]. The final fused spatiotemporal representation Z;, obtained after
multi-source fusion, spatial self-attention, and feature projection, is distributed in parallel
to six horizon-specific Bayesian-regularized prediction heads. Each head has its own
prediction parameters and is responsible for one predefined forecast horizon.

For the h-th forecast horizon, the prediction obtained under the m-th stochastic weight
sample is expressed as

" = fi (Zt} W,E’")) (28)

where y}(lm) denotes the SWH prediction for the h-th forecast horizon under the m-th
stochastic evaluation, and W}Em) denotes the corresponding random weight sample. Each
head directly maps the shared representation to its designated forecast horizon, and no
output from one head is used as the input to another head.

The Bayesian-regularized model is trained using

Ltotal = Lyec + 5tDKL [lM) (w) || p(w) ] (29)

where Ly is the joint six-horizon reconstruction loss defined in Equation (13), W represents
the collection of random weights in the prediction heads, q4(w) denotes their variational
posterior distribution, and p(w) denotes the corresponding prior distribution. The KL
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divergence term constrains the variational posterior and acts as a regularizer for the
horizon-specific prediction parameters. The coefficient B; controls the contribution of the
KL divergence term. A KL warm-up strategy is adopted, in which B; is gradually increased
during the early training epochs to improve optimization stability.

During inference, the Bayesian prediction heads are evaluated M times using in-
dependently sampled weights. The final point forecast is obtained by Monte Carlo
model averaging:

i = 2i L " 30)

In this study, M = 20 stochastic evaluations are used to reduce the sampling variability
of the final point prediction. Within each evaluation, all six forecast horizons are generated
directly from the same shared representation. Therefore, the repeated stochastic evaluations
constitute model averaging rather than recursive multi-step forecasting. The forecasting
performance is evaluated using Bias, MAE, RMSE, and PCC. The architecture and inference
procedure of the six Bayesian-regularized horizon-specific prediction heads are illustrated

in Figure 6.
Bayesian-Regularized Prediction Heads Direct Multi-Horizon
- SWH Outputs
M=20 Monte
;s ‘ Stochastic Output A‘ir“:;ng 3h
i Head 1 T Weiglht —>| Mapping SWH Prediction
”””””” Samples |
M=20 Monte
Fused Foo N Stochastic Output AVE:‘:;M 6h
Spatiotcmpqral L Ilead2_> Weight |~ Mapping >. SWH Prediction
Repres;ntatlon Shared fused ~ Samples
| ' representation —
distribution
M:zo h Monte
,,,,,,,,,, . Carl
) Stochastic Output /\Ve:ug?ng 48h
HeadS 1==>""Weight ! Mapping SWH Prediction
Samples
M:20 Monte
,,,,,,,,, . Carly o
’H 46 . Stochastic . Output i Averaging 72h
el Weight Mapping SWH Prediction
Samples e

Figure 6. Architecture of the Bayesian-regularized direct multi-horizon prediction heads. The fused
spatiotemporal representation Z; is provided in parallel to six horizon-specific heads corresponding
to lead times of 3, 6, 12, 24, 48, and 72 h. Within each head, the input representation undergoes a
horizon-specific feature transformation followed by stochastic sampling of the Bayesian output-layer
weights. During inference, M = 20 stochastic forward evaluations are performed for each horizon,
and the resulting mean predictions are averaged to obtain the reported deterministic SWH point
forecast. The six forecast horizons are generated independently without recursive feedback between
heads. Each prediction head internally produces mean and scale outputs; however, only the Monte
Carlo-averaged mean is used for the deterministic evaluation reported in this study, and the scale
output is not interpreted as calibrated predictive uncertainty.

2.7. Experimental Settings

All experiments were implemented in Python 3.10 using the PyTorch framework and
trained on an NVIDIA GeForce RTX 3060 Ti GPU with 8 GB of memory.

The ERAD reanalysis dataset described in Section 2.2 was used for model training
and evaluation. Based on the physical analyses presented in Section 2.5, region-specific
historical input windows of 12 h for Region A and 21 h for Region B were adopted. The
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final input configuration consisted of nine variables, and SWH forecasts were generated at
lead times of 3, 6, 12, 24, 48, and 72 h.

2.7.1. Temporal Data Partitioning

To avoid information leakage caused by the strong temporal autocorrelation of SWH
and the overlap between adjacent sliding windows, the raw hourly records were divided
chronologically before sample generation. The training, validation, and temporally held-out
test periods were 1 January 2022-6 February 2024, 7 February-19 July 2024, and 20 July-31
December 2024, respectively. Sliding windows were constructed independently within
each period, and no input or forecast target was allowed to cross the subset boundaries.
With input lengths of 12 h for Region A and 21 h for Region B, the training, validation,
and test sets contained 18,325, 3853, and 3877 samples for Region A, and 18,316, 3844, and
3868 samples for Region B, respectively. No random sample-level splitting was applied,
and all normalization parameters were estimated exclusively from the training period and
subsequently applied unchanged to the validation and test sets.

2.7.2. Benchmark and Reference Models

The proposed SSA-STLSTM-LT model was compared with Linear, ConvLSTM, Tra-
jGRU, PredRNN, TrajGRU-LT, PredRNN-LT, Informer, and FEDformer. A persistence
forecast was additionally introduced as a non-trainable reference baseline to assess whether
the evaluated models provided predictive value beyond the strong temporal persistence
of SWH.

In this study, Linear was implemented as a pixel-wise autoregressive linear model.
For each spatial grid point (i, j), the historical sequence containing T time steps and C =9
input variables was flattened into a TC-dimensional feature vector z;(i, j). A shared affine
transformation was then applied to generate the one-step-ahead SWH prediction:

Hi1(i,7) = w2 (i, ) + b (31)

where w and b are trainable parameters shared across all spatial grid points. Thus, the
Linear model captures linear temporal relationships between the historical predictors and
SWH but does not explicitly model spatial interactions between neighboring grid points.
Multi-step forecasts were generated recursively. After each prediction, the predicted SWH
replaced the SWH channel in the latest input frame, whereas the remaining predictor
variables retained their latest available values. The historical window was then shifted
forward by one step, and the same linear mapping was repeatedly applied until the required
forecast horizon was reached.

For a forecast initialized at time ¢, the persistence prediction at lead time h was
defined as

HY'Y, (i, ) = Hi(i, ) (32)

where H;(i, j) is the latest observed SWH at grid point (i,f). The same initial SWH field was
used for all forecast lead times. Persistence and all trainable models were evaluated using
the same temporally held-out test samples, ocean masks, valid grid points, and inverse
normalization procedure.

The forecast generation strategy followed the design of each model. Linear, ConvL-
STM, TrajGRU, PredRNN, TrajGRU-LT, and PredRNN-LT generated continuous hourly
forecasts recursively, and their outputs at 3, 6, 12, 24, 48, and 72 h were extracted for eval-
uation. The recurrent baselines followed the same feedback rule as Linear: the predicted
SWH was fed back into the SWH channel, while the remaining predictor channels retained
their latest available values. Informer and FEDformer directly generated the continuous
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future sequence in a single forward pass, from which the six target horizons were selected.
SSA-STLSTM-LT directly generated the six predefined forecast horizons from the shared
representation without recursive feedback. The persistence baseline directly assigned the
latest observed SWH field to each target horizon.

2.7.3. Training and Implementation Details

To improve reproducibility, a fixed random seed of 42 was used for Python, NumPy
1.26.4, PyTorch 2.0.0, and CUDA 11.8, and deterministic cuDNN 8.7.0 execution was
enabled. For the main multi-model comparison, each trainable model was evaluated using
one controlled training run with the common random seed of 42. This protocol was adopted
to maintain consistent randomization control across the evaluated architectures. However,
a common fixed seed does not quantify run-to-run variability. Therefore, the differences
reported in the main benchmark tables are interpreted as numerical comparisons under the
controlled fixed-seed setting rather than as statistically significant cross-seed differences.
The repeated-seed experiments in the present study were limited to the input window
robustness analysis. All trainable models were optimized using Adam with an initial
learning rate of 1 x 10~* and a maximum training budget of 80 epochs. The benchmark
models were trained for the full 80 epochs without early termination, whereas SSA-STLSTM-
LT employed validation-based early stopping with a patience of 15 epochs. In all cases,
checkpoint selection relied exclusively on the validation set, and the temporally held-out
test set was used only for final evaluation without further parameter adjustment. The main
architectural and training configurations of SSA-STLSTM-LT are summarized in Table 6.

Table 6. Main architectural and training configurations of SSA-STLSTM-LT.

Item Setting
Input channels 9
Input length 12 h for Region A; 21 h for Region B
Wave/wind channels 7/2
Hidden dimension 64
ST-LSTM layers 3
Convolution kernel size 3x3
Lag attention dimension 64
Transformer heads/layers 4/2
Transformer FFN dimension 256
Head dropout rate/Transformer dropout rate 0.3/0.1
Inference Monte Carlo samples 20
Prediction horizons 3,6,12,24,48,72 h
Optimizer Adam
Initial learning rate 1x1074
Weight decay 1x1074
Learning rate scheduler Cosine annealing with warm restarts
Maximum epochs 80
Early stopping patience 15
Gradient clipping norm 1.0
KL warm-up 10 epochs
Random seed 42

To ensure consistent comparisons, all models used the same chronological data par-
titions, nine predictor variables, region-specific input lengths, forecast lead times, ocean
masks, inverse normalization procedure, and evaluation metrics. For the Linear and deter-
ministic recurrent models, including ConvLSTM, TrajGRU, PredRNN, TrajGRU-LT, and
PredRNN-LT, the checkpoint with the lowest aggregate validation MSE across the six target
horizons was retained. For Informer and FEDformer, the checkpoint with the lowest valida-
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tion loss was selected. For SSA-STLSTM-LT, training was terminated when the validation
variational loss did not decrease for 15 consecutive epochs, and the checkpoint with the
lowest validation variational loss was retained for final evaluation.

The principal architectural configurations, forecast generation strategies, batch sizes,
and computational costs of the evaluated models are summarized in Table 7.

Table 7. Principal architectural configurations, forecast strategies, and computational costs of the
evaluated models.

Training Training
Model Batch Principal Hidden Kernel Heads FFN Forecast Timein  Time in
Size Layers Dim. Size Dim. Strategy Region Region
A (h) B (h)
Shared Recursive
Linear 16 pixel-wise — — — — ~1.692 ~1.642
: hourly
linear layer
ConvISTM 16  2iayerencoder 5, 3x3 — — Recursive 509 3.13
2-layer decoder hourly
2-layer encoder 3x3 Recursive
TrajGRU 16 Y 32 gates; 5 — — ~10.132 ~9.87°%
2-layer decoder hourly
x 5 flow
PredRNN 16  2iayerencoder 5, 3x3 — . Reaursive ;1550 10970
2-layer decoder hourly
TrajGRU
. backbone 3x3 .
TrajGRU- 2-layer 32 gates;5 4 256 Recursive - jh3ga 12069
LT hourly
temporal x 5 flow
Transformer
PredRNN
backbone ;
PredRNN- - ¢ 2layer 32 3%3 4 256 Recursive 13552 13169
LT hourly
temporal
Transformer
2-layer encoder 3x3 clc:))rlll’;ierfltl—
Informer 8 Y 64 spatial 4 128 13.35 13.18
1-layer decoder ous
stem
sequence
2-layer encoder 3x3 clo)rﬁieritl—
FEDformer 8 y 64 spatial — 128 8.75 8.62
1-layer decoder ous
stem
sequence
SSA- 3 Sg_]“ei:M Direct
STLSTM- 8 Y 64 3x3 4 256 Six- 18.50 18.03
2 Transformer .
LT horizon
layers
Note: “—” indicates that the setting is not applicable. “Principal layers” refers to the main recurrent or Transformer

blocks; auxiliary embedding, projection, normalization, and fusion layers are not counted. “Recursive hourly
indicates that hourly predictions were generated sequentially and that the six target horizons were subsequently
extracted. “Direct continuous sequence” indicates that the complete future sequence was generated in one
forward pass, whereas “Direct six-horizon” indicates that the six predefined horizons were produced directly
without recursive feedback. The symbol “~” denotes approximate training time, and superscript “*” identifies
the corresponding approximate values.

2.7.4. Evaluation Metrics

Model performance was evaluated using bias, mean absolute error (MAE), root mean
squared error (RMSE), and the Pearson correlation coefficient (PCC). Let i, and ¥, denote
the observed and predicted SWH values, respectively, and let N denote the total number of
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valid prediction—observation pairs over all test samples and valid ocean grid points. The
metrics were calculated as

. 1 ~
Bias :ﬁzlil (Jx — vx) (33)
1 ~
MAE :Nzgzl |k — Y| (34)
1 ~
RMSE —\/NZf_l(yk — )’ (35)

o (- 7) e =)

o (5 7) Va9

Positive bias indicates systematic overestimation, whereas negative bias indicates

PCC =

(36)

underestimation. MAE and RMSE are expressed in metres, while PCC is dimensionless. All
metrics were computed after transforming the normalized predictions and observations
back to the physical SWH scale and were evaluated only over valid ocean grid points.

Because SWH exhibits strong temporal persistence, high PCC and low absolute errors
alone may not establish whether a model provides predictive value beyond persistence.
Therefore, an RMSE-based skill score was introduced:

RMSEmodel

T VT I (37)
RMSEpersistence

SSrmse =1

A positive SSpymse indicates that the evaluated model outperforms persistence,

whereas SSgyse = 0 indicates equivalent performance. A negative value indicates in-

ferior performance relative to persistence. For example, SSgysg = 0.20 corresponds to

a 20% reduction in RMSE. The skill score was calculated separately for each region and
forecast lead time.

3. Results
3.1. Overall Comparison

Tables 8 and 9 summarize the overall forecasting performance of the evaluated models
in Regions A and B, respectively. Prediction errors generally increase with forecast lead
time, reflecting the decreasing predictability of wave evolution at longer forecast horizons.
However, the relative performance of the models varies between the two study regions.

In Region A, SSA-STLSTM-LT achieves the lowest MAE and RMSE values across all
six forecast horizons and maintains the highest or jointly highest PCC values. Its relative
advantage becomes more evident at medium and extended lead times. TrajGRU-LT and
PredRNN-LT remain the strongest recurrent comparison models, but their errors increase
more rapidly than those of SSA-STLSTM-LT as the forecast horizon extends.

In Region B, SSA-STLSTM-LT achieves the lowest RMSE values over the 3-24 h
horizons. At 48 h, its RMSE is comparable to that of PredRNN-LT at the reported precision,
while its MAE remains slightly lower. At 72 h, PredRNN-LT and TrajGRU-LT achieve lower
RMSE and MAE values, whereas SSA-STLSTM-LT remains competitive.

The recurrent models generally outperform the Linear and Transformer-based base-
lines at medium and extended lead times, highlighting the value of explicitly representing
spatiotemporal wave evolution. Informer remains competitive at short lead times, particu-
larly in Region B, whereas the errors of Informer and FEDformer increase more rapidly at
longer lead times.
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Table 8. Overall performance comparison of the evaluated models in Region A.
) Prediction Horizon (h)
Model Metric 3 p 12 1 45 -
Bias (m) 0.000 —0.001  —0.001  —0.001 0.001 0.004
Perist MAE (m) 0.055 0.101 0.175 0.287 0.421 0.481
ersistence RMSE (m) 0.099 0.181 0.313 0.501 0.705 0.794
PCC 0.995 0.983 0.955 0.900 0.825 0.790
Bias (m) —0.003  —0.004 —0.006  —0.005 0.000 —0.005
L MAE (m) 0.075 0.112 0.180 0.272 0.385 0.436
thear RMSE (m) 0.089 0.113 0.167 0.241 0.305 0.334
PCC 0.995 0.986 0.961 0.901 0.797 0.743
Bias (m) 0.000 0.001 —0.003 0.001 0.026 0.034
ComvLSTM MAE (m) 0.059 0.073 0.106 0.154 0.204 0.228
onv RMSE (m) 0.072 0.098 0.147 0.205 0.239 0.247
PCC 0.996 0.994 0.986 0.971 0.953 0.944
Bias (m) —0.003  —0.005 —0.008 —0.014  —0.006 0.003
TeaiGRU MAE (m) 0.052 0.065 0.081 0.119 0.131 0.143
) RMSE (m) 0.079 0.091 0.130 0.163 0.191 0.206
PCC 0.997 0.995 0.989 0.982 0.975 0.972
Bias (m) —0.007 —0.010 —0014 —0025 —0.027  —0.033
PredRNN MAE (m) 0.041 0.055 0.082 0.116 0.140 0.149
re RMSE (m) 0.063 0.086 0.128 0.179 0.208 0.216
PCC 0.997 0.995 0.988 0.977 0.968 0.966
Bias (m) 0.001 0.001 0.002 0.004 0.008 0.010
MAE (m) 0.051 0.079 0.131 0.214 0.311 0.379
Informer
RMSE (m) 0.067 0.105 0.177 0.286 0.409 0.496
PCC 0.997 0.995 0.985 0.960 0.915 0.873
Bias (m) 0.011 0.022 0.044 0.090 0.189 0.327
FEDS MAE (m) 0.054 0.089 0.155 0.254 0.416 0.604
ormer RMSE (m) 0.072 0.118 0.205 0.339 0.524 0.611
PCC 0.997 0.994 0.981 0.946 0.887 0.798
Bias (m) —0.001  —0.002 —0.003 —0.010 —0.011  —0.003
— MAE (m) 0.042 0.054 0.077 0.099 0.113 0.123
Traj GRU-LT RMSE (m) 0.064 0.084 0.118 0.152 0.167 0.181
PCC 0.997 0.995 0.990 0.984 0.980 0.976
Bias (m) 0.000 —0.001  —0.002  —0.002 0.003 0.008
MAE (m) 0.041 0.053 0.076 0.104 0.120 0.128
PredRNN-LT RMSE (m) 0.062 0.082 0.119 0.160 0.178 0.187
PCC 0.997 0.995 0.990 0.982 0.977 0.974
Bias (m) —0.001  —0.002 0.001 0.002 0.008 0.016
MAE (m) 0.030 0.040 0.055 0.073 0.095 0.110
SSA-STLSTM-LT RMSE (m) 0.046 0.060 0.081 0.106 0.136 0.157
PCC 0.998 0.997 0.994 0.989 0.983 0.976

Note: Bias values displayed as 0.000 m have absolute values below 0.0005 m after rounding and should not be
interpreted as exactly zero. The trainable model results were obtained using one controlled run with the common
random seed of 42. The reported differences represent numerical comparisons under this fixed-seed protocol and

do not quantify cross-seed variability.
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Table 9. Overall performance comparison of the evaluated models in Region B.
) Prediction Horizon (h)
Model Metric 3 p 12 1 45 -

Bias (m) 0.000 0.000 0.000 —0.002  —0.002  —0.002
Perist MAE (m) 0.035 0.061 0.099 0.149 0.227 0.276
ersistence RMSE (m) 0.061 0.103 0.163 0.247 0.369 0.443
PCC 0.997 0.992 0.982 0.966 0.936 0.917
Bias (m) 0.001 0.001 0.001 0.000 —0.001 0.000
L MAE (m) 0.040 0.059 0.088 0.127 0.189 0.222
thear RMSE (m) 0.063 0.093 0.140 0.202 0.296 0.344
PCC 0.996 0.991 0.980 0.956 0.902 0.864

Bias (m) —0.001  —0.001  —0.005 —0.011  —0.012  —0.014
ConvLSTM MAE (m) 0.029 0.040 0.058 0.075 0.086 0.095
onv RMSE (m) 0.046 0.064 0.090 0.111 0.124 0.136
PCC 0.998 0.996 0.991 0.987 0.984 0.980

Bias (m) 0.000 0.001 0.003 0.003 0.001 —0.008
TeaiGRU MAE (m) 0.029 0.038 0.053 0.061 0.068 0.072
J RMSE (m) 0.045 0.060 0.080 0.090 0.090 0.105
PCC 0.998 0.996 0.993 0.991 0.990 0.988
Bias (m) —0.004 —0.007 —0.009  —0.010 0.000 0.009
PredRNN MAE (m) 0.026 0.036 0.052 0.063 0.069 0.073
re RMSE (m) 0.041 0.058 0.079 0.092 0.094 0.102
PCC 0.998 0.996 0.993 0.991 0.990 0.989
Bias (m) 0.001 0.001 0.002 0.003 0.004 0.006
g MAE (m) 0.030 0.046 0.069 0.095 0.139 0.172
nrormer RMSE (m) 0.039 0.060 0.093 0.133 0.190 0.229
PCC 0.998 0.996 0.991 0.981 0.961 0.943
Bias (m) 0.005 0.009 0.017 0.033 0.062 0.082
DS MAE (m) 0.035 0.057 0.086 0.124 0.209 0.287
ormer RMSE (m) 0.045 0.071 0.110 0.158 0.241 0.358
PCC 0.998 0.995 0.989 0.976 0.936 0.862
Bias (m) 0.000 0.000 0.004 0.010 0.024 0.007
— MAE (m) 0.027 0.036 0.050 0.058 0.064 0.066
TraGRU-LT RMSE (m) 0.042 0.057 0.076 0.086 0.093 0.095
PCC 0.998 0.997 0.994 0.993 0.992 0.990
Bias (m) —0.004 —0.010 —0015 —0.019 0.003 0.008
MAE (m) 0.025 0.035 0.049 0.058 0.063 0.065
PredRNN-LT RMSE (m) 0.040 0.056 0.074 0.084 0.091 0.092
PCC 0.998 0.997 0.995 0.993 0.992 0.991

Bias (m) 0.002 0.001 0.000 —0.002  —0.007  —0.004
MAE (m) 0.019 0.027 0.036 0.048 0.062 0.070
SSA-STLSTM-LT RMSE (m) 0.032 0.042 0.055 0.070 0.091 0.102
PCC 0.999 0.998 0.997 0.995 0.993 0.990

Note: Bias values displayed as 0.000 m have absolute values below 0.0005 m after rounding and should not be
interpreted as exactly zero. The trainable model results were obtained using one controlled run with the common
random seed of 42. The reported differences represent numerical comparisons under this fixed-seed protocol and
do not quantify cross-seed variability.

Overall, SSA-STLSTM-LT achieves the lowest horizon-averaged RMSE in both study
regions. Nevertheless, the results do not indicate universal superiority at every region-lead
time combination, because the LT-enhanced recurrent baselines remain more accurate at the
72 h horizon in Region B. The relative model advantages should therefore be interpreted as
region- and horizon-dependent.
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Because the main benchmark comparison was conducted using one controlled run for
each model, small numerical differences should be interpreted cautiously. In particular, SSA-
STLSTM-LT and PredRNN-LT have the same reported RMSE of 0.091 m at 48 h in Region B,
indicating comparable performance at the reported precision. At 72 h, the ordering among
SSA-STLSTM-LT, PredRNN-LT, and TrajGRU-LT should likewise not be interpreted as a
statistically significant cross-seed ranking. Although the Region A differences are generally
larger, no cross-seed significance claim is made for the main model comparison.

3.2. Forecast Skill Relative to Persistence

Because SWH is strongly autocorrelated, the persistence forecast retains high PCC
values, particularly at short lead times. This indicates that a high correlation coefficient
alone is insufficient to establish forecast skill beyond persistence. The RMSE-based skill
scores relative to persistence are summarized in Table 10.

Table 10. RMSE-based forecast skill scores relative to persistence in Regions A and B.

Region Model 3h 6h 12h 24h 48 h 72h
Linear 0.10 0.38 0.47 0.52 0.57 0.58

ConvLSTM 0.27 0.46 0.53 0.59 0.66 0.69

TrajGRU 0.20 0.51 0.58 0.67 0.74 0.75

PredRNN 0.36 0.52 0.59 0.65 0.71 0.73

Region A Informer 0.32 0.42 0.43 0.43 0.42 0.37
FEDformer 0.28 0.35 0.34 0.32 0.26 0.23

TrajGRU-LT 0.35 0.54 0.62 0.70 0.76 0.77

PredRNN-LT 0.37 0.55 0.62 0.68 0.75 0.76

SSA-STLSTM-LT 0.54 0.67 0.74 0.79 0.81 0.80

Linear —0.04 0.10 0.14 0.18 0.20 0.22

ConvLSTM 0.25 0.38 0.45 0.55 0.66 0.69

TrajGRU 0.26 0.42 0.51 0.64 0.76 0.76

PredRNN 0.32 0.44 0.51 0.63 0.76 0.77

Region B Informer 0.35 0.42 0.43 0.46 0.48 0.48
FEDformer 0.25 0.32 0.33 0.36 0.35 0.19

TrajGRU-LT 0.31 0.45 0.53 0.65 0.75 0.79

PredRNN-LT 0.34 0.46 0.55 0.65 0.75 0.78

SSA-STLSTM-LT 0.48 0.59 0.66 0.72 0.75 0.77

SSA-STLSTM-LT achieves positive RMSE skill scores in both regions and at all forecast
lead times. Based on the recalculated values, its skill scores range from approximately 0.54
to 0.81 in Region A and from approximately 0.48 to 0.77 in Region B. These values indicate
substantial RMSE reductions relative to persistence, particularly at medium and extended
lead times.

The positive skill scores demonstrate that the forecasting performance of SSA-STLSTM-
LT cannot be explained solely by the intrinsic temporal persistence of SWH. Nevertheless,
the relative ranking among learning-based models varies by region and forecast horizon.
The negative skill score of Linear at the 3 h horizon in Region B also illustrates that persis-
tence remains a competitive reference for strongly autocorrelated short-range forecasts.

3.3. Spatial Forecasting Performance
3.3.1. Spatial Error Distribution

Figures 7-10 present the spatial distributions of Bias and RMSE for different models in
the two study regions. Overall, prediction errors increase with forecast lead time, although
the spatial growth patterns vary substantially among models.
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Figure 7. Full-test-set spatial distribution of mean Bias in Region A. Bias is calculated at each valid
ocean grid point over all temporally held-out test samples.

In Region A, the largest errors are concentrated near coastlines, island-dense areas,
and regions with strong SWH gradients. Compared with the evaluated benchmark models,
SSA-STLSTM-LT generally maintains lower RMSE values and comparatively homogeneous
spatial error patterns across the selected forecast horizons.

In Region B, several benchmark models develop broader regions of systematic bias and
elevated RMSE as lead time increases. SSA-STLSTM-LT preserves relatively extensive low-
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error areas at short and medium lead times, although the differences among the strongest
models narrow at the longest horizon.

ConvLSTM

TrajGRU

TrajGRU-LT

PredRNN

PredRNN-LT 12.5°N+
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Figure 8. Full-test-set spatial distribution of mean Bias in Region B. Bias is calculated at each valid
ocean grid point over all temporally held-out test samples.
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Figure 9. Full-test-set spatial distribution of mean RMSE in Region A. RMSE is calculated at each
valid ocean grid point over all temporally held-out test samples.
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Figure 10. Full-test-set spatial distribution of mean RMSE in Region B. RMSE is calculated at each
valid ocean grid point over all temporally held-out test samples.

These spatial patterns are consistent with the aggregate metrics reported in
Tables 8 and 9. They indicate that SSA-STLSTM-LT can preserve large-scale wave field
structures while limiting spatial error growth. However, the maps should be interpreted as
spatial diagnostic evidence rather than as direct proof of physical realism.

3.3.2. Case Studies

Figures 11 and 12 present representative forecasting cases from the two study regions
at multiple forecast lead times. Compared with statistical metrics, individual cases provide
a more intuitive assessment of each model’s ability to reconstruct wave field structures,
recover high-wave regions, and represent propagation processes.
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Figure 11. Spatial comparison for representative test sample 1732 in Region A. The panels show
the ERAS reference SWH fields and the corresponding model predictions at the forecast horizons
indicated in the figure.
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Figure 12. Spatial comparison for representative test sample 599 in Region B. The panels show
the ERAS reference SWH fields and the corresponding model predictions at the forecast horizons
indicated in the figure.

In Region A, which is characterized by complex coastlines, numerous islands, and
highly heterogeneous wave conditions, the differences among models are particularly
evident. SSA-STLSTM-LT successfully preserves the location, extent, and propagation
direction of major wave height bands throughout the forecasting horizon. In contrast,

https:/ /doi.org/10.3390/app16157447


https://doi.org/10.3390/app16157447

Appl. Sci. 2026, 16, 7447

28 of 45

the benchmark models exhibit varying degrees of displacement, amplitude distortion, or
structural fragmentation, especially at longer lead times.

In Region B, SSA-STLSTM-LT also maintains high consistency with the reference wave
fields, accurately reproducing dominant spatial gradients and the overall distribution of
high-wave regions. Although some benchmark models can capture the large-scale wave
field structure, they tend to produce excessive smoothing, local noise, or propagation path
deviations as the forecast lead time increases.

In the selected cases, SSA-STLSTM-LT preserves the dominant wave height gradients
and major high-wave areas more consistently than most benchmark models, particularly at
medium and extended lead times. Because these figures represent individual test samples,
they are interpreted as complementary qualitative evidence and not as a substitute for the
full-sample statistical comparison.

3.4. Seasonal Forecasting Performance

Figures 13 and 14 show the seasonal Taylor diagram evaluation results for the two
study regions at the 24 h forecast lead time. Seasonal variability influences model per-
formance to some extent; however, the overall ranking of the models remains largely
unchanged across seasons.

Spring Summer

Autumn

® ERAS reference B ConvLSTM Informer *  TraJGRU_LT
® SSA-STLSTM-LT ' TrajGRU FedFormer +  PredRNN_LT
A Linear PredRNN

Figure 13. Seasonal Taylor diagram comparison of the evaluated models in Region A at the 24 h lead
time. The angular coordinate denotes PCC, the radial distance denotes the standard deviation, and
the distance from the ERA5 reference point represents the centered RMSE.
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® ERAS reference B ConvLSTM # Informer *  TrajGRU_LT
® SSA-STLSTM-LT ¢ TrajGRU FedFormer PredRNN_LT
A Llinear PredRNN

Figure 14. Seasonal Taylor diagram comparison of the evaluated models in Region B at the 24 h lead
time. The angular coordinate denotes PCC, the radial distance denotes the standard deviation, and
the distance from the ERA5 reference point represents the centered RMSE.

Region A exhibits more pronounced seasonal performance variations, with larger
model dispersion during winter than during spring and summer. In Region B, the
model points are more concentrated, indicating smaller seasonal differences under the
ERA5-based evaluation.

In most seasonal panels, SSA-STLSTM-LT lies close to the ERAS reference point and
shows a favorable balance among PCC, centered RMSE, and standard deviation. The
relative positions of the LT-enhanced recurrent models vary among seasons, indicating that
the benefit of lag-aware temporal modeling is not identical under all seasonal conditions.

Overall, SSA-STLSTM-LT maintains competitive and generally stable seasonal per-
formance in both regions. These results support its adaptability across different seasonal
wave regimes without implying uniform superiority in every seasonal subset.

3.5. Ablation Study
3.5.1. Model Component Ablation

Table 11 presents the configurations corresponding to the ablation experiments.
Tables 12 and 13 summarize the ablation study results for different model configurations.
Although forecasting errors increase with lead time for all configurations, the relative
performance differences clearly reveal the contributions of individual model components.
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Table 11. Component ablation configurations of SSA-STLSTM-LT.
Experiments Model Configuration
I SSA-STLSTM
II SSA-STLSTM + Transformer
I SSA-STLSTM + Bayesian
v SSA-STLSTM + Bayesian + Lag
A% SSA-STLSTM-LT
Table 12. Ablation study results in Region A.
Model Metric 3h 6h 12h 24h 48 h 72h
Bias 0.000 0.000 0.004 0.003 —0.002 —0.003
I MAE 0.045 0.061 0.089 0.122 0.161 0.198
RMSE 0.067 0.091 0.130 0.177 0.233 0.287
PCC 0.997 0.994 0.986 0.974 0.955 0.934
Bias —0.001 —0.002 0.001 0.011 0.015 0.010
I MAE 0.042 0.055 0.081 0.111 0.147 0.176
RMSE 0.062 0.083 0.118 0.160 0.210 0.254
PCC 0.997 0.994 0.988 0.978 0.962 0.945
Bias 0.003 0.003 0.004 0.001 —0.002 0.011
1 MAE 0.031 0.043 0.060 0.079 0.102 0.119
RMSE 0.048 0.065 0.088 0.116 0.146 0.169
PCC 0.998 0.996 0.993 0.987 0.979 0.972
Bias —0.001 0.000 0.003 0.004 0.001 0.027
v MAE 0.031 0.043 0.059 0.079 0.102 0.119
RMSE 0.048 0.064 0.086 0.115 0.146 0.171
PCC 0.998 0.996 0.993 0.988 0.980 0.973
Bias —0.001 —0.002 0.001 0.002 0.008 0.016
v MAE 0.030 0.040 0.055 0.073 0.095 0.110
RMSE 0.046 0.060 0.081 0.106 0.136 0.157
PCC 0.998 0.997 0.994 0.989 0.983 0.976

Note: Bias values displayed as 0.000 m have absolute values below 0.0005 m after rounding and should not be
interpreted as exactly zero.

The Temporal Transformer improves the performance of configuration I by introducing
long-range temporal dependency modeling. However, the magnitude of the improvement
varies with region and forecast horizon, indicating that temporal self-attention alone does
not fully represent the delayed coupling between wind forcing and wave evolution.

The Bayesian-regularized prediction heads further reduce the deterministic point fore-
cast errors. This improvement is consistent with a regularization and Monte Carlo model-
averaging effect, which may reduce overfitting and sampling variability in the horizon-
specific predictors. Because predictive uncertainty calibration was not evaluated, these
improvements should not be interpreted as evidence of calibrated probabilistic uncertainty.

Adding Wind-Wave Lag Attention to the Bayesian configuration produces modest
and region-dependent improvements when configurations III and IV are compared. The
complete configuration V achieves the best overall ablation performance, indicating comple-
mentarity among lag-aware wind-wave modeling, temporal Transformer encoding, spatial
self-attention, and Bayesian regularization rather than a uniformly dominant isolated
contribution from a single component.

The complete SSA-STLSTM-LT configuration achieves the best overall performance
among the evaluated ablation variants in both regions. This result indicates complemen-
tarity among spatial self-attention, long-range temporal modeling, lag-aware wind-wave
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representation, and Bayesian regularization with Monte Carlo model averaging. Collec-
tively, these components provide a more comprehensive representation of historical wave
states, wind forcing, delayed responses, and future wave evolution.

Table 13. Ablation study results in Region B.

Model Metric 3h 6h 12h 24 h 48 h 72 h
Bias —0.002 —0.001 —0.003 —0.002 —0.008 —0.002
I MAE 0.032 0.043 0.061 0.080 0.102 0.123
RMSE 0.048 0.065 0.090 0.115 0.146 0.174
PCC 0.999 0.997 0.994 0.989 0.982 0.976
Bias 0.008 0.008 0.010 0.010 0.005 —0.003
1 MAE 0.031 0.041 0.057 0.075 0.093 0.110
RMSE 0.045 0.060 0.082 0.107 0.130 0.158
PCC 0.999 0.997 0.994 0.990 0.985 0.979
Bias 0.002 0.003 0.004 —0.002 —0.007 —0.006
1 MAE 0.021 0.029 0.040 0.051 0.066 0.076
RMSE 0.034 0.045 0.060 0.076 0.097 0.111
PCC 0.999 0.998 0.997 0.995 0.992 0.988
Bias —0.001 —0.001 —0.001 —0.001 0.003 0.006
v MAE 0.021 0.028 0.038 0.050 0.065 0.075
RMSE 0.033 0.044 0.058 0.074 0.096 0.109
PCC 0.999 0.998 0.997 0.995 0.992 0.989
Bias 0.002 0.001 0.000 —0.002 —0.007 —0.004
v MAE 0.019 0.027 0.036 0.048 0.062 0.070
RMSE 0.032 0.042 0.055 0.070 0.091 0.102
PCC 0.999 0.998 0.997 0.995 0.993 0.990

Note: Bias values displayed as 0.000 m have absolute values below 0.0005 m after rounding and should not be
interpreted as exactly zero.

3.5.2. Input-Feature Ablation

To evaluate the contributions of different input variables to significant wave height
forecasting, an input feature ablation study was conducted using eight feature configu-
rations (FO-F7) derived from the complete SSA-STLSTM-LT framework. Specific feature
groups were progressively added or removed to investigate their relative importance for
wave forecasting.

Tables 14 and 15 summarize the ablation results for Regions A and B, respectively.
Overall, forecasting performance depends not only on the number of input variables but
also on the physical relevance of the information they provide. Compared with config-
urations using only the original wave and wind variables, the inclusion of directional
encodings and wave physics features consistently improves forecasting performance, indi-
cating that these variables provide complementary dynamical information for representing
wind-wave interactions.

The directional encodings (MWD_sin and MWD_cos) effectively eliminate the dis-
continuity associated with circular directional data and enhance the representation of
wave propagation characteristics. Meanwhile, Wave energy and Wave steepness provide
additional information regarding wave energy states and wave development conditions,
thereby improving the description of complex wave field evolution.

In contrast, Height change rate and Sea state index contribute relatively little to fore-
casting skill. In both study regions, removing these variables does not degrade performance
and instead yields the best overall results. This finding suggests that the information con-
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tained in these variables is already represented by other wave-related features and therefore
introduces limited additional predictive value.

Table 14. Input feature ablation results in Region A.

Configuration Feature Group MAE (m) RMSE (m) PCC
FO Full 11-channel 0.073 0.107 0.987
F1 Raw variables only 0.074 0.107 0.987
F2 Raw + Direction encoding 0.073 0.106 0.987
F3 Raw + Wave physics 0.073 0.106 0.987
F4 Raw + Dynamic sea state 0.074 0.108 0.987
F5 Full — Direction encoding 0.074 0.108 0.987
Fé6 Full — Wave physics 0.074 0.108 0.987
F7 Full — Dynamic sea state 0.070 0.098 0.989
Table 15. Input feature ablation results in Region B.
Configuration Feature Group MAE (m) RMSE (m) PCC
FO Full 11-channel 0.044 0.066 0.995
F1 Raw variables only 0.045 0.067 0.995
F2 Raw + Direction encoding 0.044 0.066 0.996
F3 Raw + Wave physics 0.044 0.066 0.995
F4 Raw + Dynamic sea state 0.045 0.067 0.995
F5 Full — Direction encoding 0.046 0.068 0.995
Fé6 Full — Wave physics 0.045 0.067 0.995
F7 Full — Dynamic sea state 0.044 0.065 0.996

Notably, both regions exhibit highly consistent feature contribution patterns. Configu-
ration F7 achieves the best overall performance in Regions A and B, demonstrating that
retaining directional encodings and wave physics variables while excluding the dynamic
sea state indicators provides a more effective feature combination.

Based on these results, a final nine-variable configuration consisting of SWH, MWP,
MWD, MWD_sin, MWD_cos, Wave energy, Wave steepness, U10, and V10 was adopted in
all subsequent experiments. This configuration reduces input redundancy while improving
forecasting accuracy and model interpretability.

Overall, the feature ablation results indicate that physically meaningful directional and
wave state descriptors substantially enhance the representation of wind—wave coupling
processes, whereas the contribution of empirical dynamic sea state indicators remains
limited. These findings highlight the importance of physically informed feature selection
for regional significant wave height forecasting.

3.5.3. Input Window Robustness Validation

To further examine whether the selected input windows were robust to random
initialization and stochastic model training, repeated experiments were conducted using
three random seeds (42, 2024, and 3407). For each region, the selected input window and its
neighboring windows were evaluated. Specifically, 9, 12, and 15 h were tested for Region
A, while 18, 21, and 24 h were tested for Region B. The same data partitions were used
across random seeds to isolate the influence of model training randomness. For each seed,
the evaluation metrics were first averaged over the 3, 6, 12, and 24 h forecast horizons, and
the final results are reported as mean =+ standard deviation in Table 16.
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Table 16. Repeated-seed validation of the selected and neighboring input windows using three

random seeds.

Region  Input Window Mean MAE (m) Mean RMSE (m) Mean PCC
Region A 9h 0.051 +£ 0.0008 0.076 £ 0.0010 0.993 £ 0.0006
Region A 12h 0.049 £ 0.0007 0.073 £ 0.0007 0.993 £ 0.0001
Region A 15h 0.055 + 0.0003 0.083 + 0.0005 0.993 + 0.0001
Region B 18 h 0.032 £ 0.0004 0.048 £ 0.0007 0.997+ 0.0002
Region B 21h 0.031 £ 0.0005 0.048 £ 0.0011 0.998 £ 0.0001
Region B 24h 0.034 £ 0.0036 0.052 £ 0.0029 0.997 £ 0.0004

Note: Values are reported as mean =+ standard deviation over three random seeds. For each seed, the metric was
first averaged over the 3, 6, 12, and 24 h forecast horizons.

As shown in Table 16, the repeated validation results in Region A are consistent with
the original input window sensitivity analysis. The 12 h input window achieved the lowest
mean MAE and RMSE, with values of 0.049 % 0.0007 m and 0.073 £ 0.0007 m, respectively.
Compared with the 9 h and 15 h windows, the 12 h window reduced the mean RMSE by
approximately 0.003 m and 0.010 m, respectively. The relatively small standard deviation
also indicates that the performance of the 12 h window was stable across different random
seeds. These results support the robustness of selecting 12 h as the representative historical
input window for Region A.

For Region B, the repeated validation results show that the 18, 21, and 24 h win-
dows produced comparable performance, although the 21 h window achieved the lowest
mean RMSE and the highest mean PCC. The mean RMSE values were 0.048 £ 0.0007 m,
0.048 £ 0.0011 m, and 0.052 % 0.0029 m for the 18, 21, and 24 h windows, respectively. The
difference between the 18 h and 21 h windows was very small, indicating that Region B
is relatively insensitive to input window variations within the 18-21 h range. The 24 h
window showed slightly larger errors and greater variability, suggesting that excessively
long historical inputs may introduce redundant or noisy information.

Paired t-tests based on seed-wise mean RMSE were further conducted to assess the
statistical robustness of the selected input windows. In Region A, the 12 h window showed
a statistically supported advantage over the neighboring windows, significantly outper-
forming both the 9 h window (p = 0.031) and the 15 h window (p = 0.017). These results
provide statistical support for the robustness of the 12 h input window across the three
evaluated random seeds. In Region B, although the 21 h window achieved the lowest
average error, its advantage over the neighboring windows was not statistically significant.
The p-values were 0.782 for 21 h versus 18 h, 0.165 for 21 h versus 24 h, and 0.290 for
24 h versus 18 h. Therefore, the Region B result should not be interpreted as a sharply
defined statistical optimum. Instead, it indicates a broad effective input window range
of approximately 18-24 h, within which the 21 h window was retained as a physically
guided representative setting because it is consistent with the stronger wave memory and
cumulative wind forcing characteristics identified in Region B.

Overall, the repeated-seed validation supports the robustness of the 12 h input window
in Region A, whereas Region B exhibits a wider effective historical input range. In Region
B, the 21 h window should therefore be regarded as a physically guided representative
setting rather than a statistically dominant optimum. This additional analysis quantifies the
influence of training randomness and provides a more reliable basis for the region-specific
input window selection.
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3.6. Extreme Event Forecasting
3.6.1. Extreme Sea States

To evaluate forecasting performance under severe wave conditions, the top 10% of test
samples ranked by spatially averaged significant wave height were selected as extreme sea
state cases. The performance of SSA-STLSTM-LT was compared with that of TrajGRU-LT
and PredRNN-LT across multiple forecast lead times.

Figures 15 and 16 show that RMSE generally increases and PCC decreases with
forecast lead time under the selected extreme-sea-state subset, indicating increasing forecast
difficulty at longer horizons. SSA-STLSTM-LT achieves lower RMSE and generally higher
PCC than the two LT-based recurrent comparison models at most evaluated horizons. The
differences are more pronounced in Region B, whereas the three models become more
similar at the 72 h horizon in Region A.
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Figure 15. Lead-time variation in (a) RMSE and (b) PCC under extreme sea conditions in Region A.
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Figure 16. Lead-time variation in (a) RMSE and (b) PCC under extreme sea conditions in Region B.

Regional comparisons show that the RMSE values under the selected extreme condi-
tions are generally higher in Region B than in Region A. Nevertheless, SSA-STLSTM-LT
exhibits a smaller increase in error than the two comparison models in Region B, indicating
favorable relative robustness under the evaluated severe wave conditions.

The density scatter distributions shown in Figures 17 and 18 further illustrate the
behavior of SSA-STLSTM-LT under extreme conditions. Strong linear consistency between
predictions and reference values is observed at all forecast lead times, with most samples
concentrated near the 1:1 reference line. Although scatter dispersion gradually increases at
longer lead times and slight underestimation appears in the highest wave range, the model
continues to capture the overall variability of extreme wave heights effectively.
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Figure 17. Density scatter comparison between SSA-STLSTM-LT predictions and ERA5 reference
SWH values under extreme sea conditions at different forecast lead times in Region A. The dashed
line denotes the 1:1 reference line, and the color scale represents point density.
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Figure 18. Density scatter comparison between SSA-STLSTM-LT predictions and ERA5 reference
SWH values under extreme sea conditions at different forecast lead times in Region B. The dashed
line denotes the 1:1 reference line, and the color scale represents point density.
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Overall, SSA-STLSTM-LT exhibits strong fitting capability and forecasting stability
under extreme sea states. These results suggest that lag-aware wind-wave representation
and long-term temporal dependency modeling contribute substantially to the prediction of
extreme wave events.

3.6.2. Typhoon Events

To further examine the generalization capability of the proposed framework under
unseen extreme weather conditions, two representative tropical cyclone events within the
temporally held-out test period were selected: Typhoon Trami over the South China Sea in
October 2024 and Cyclone Dana over the Bay of Bengal in October 2024. The two events
occurred in different marine environments and exhibited distinct wave field characteristics,
thereby providing complementary case studies under extreme sea states.

Figures 19 and 20 present representative 24 h forecasts for the two events. In the
selected snapshots, SSA-STLSTM-LT reproduces the principal location, spatial extent,
and intensity pattern of the high-wave regions. Compared with the reference fields, the
benchmark models exhibit larger localized deviations in wave intensity and peak wave
position, particularly near the centers of the high-wave areas.
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125 130 115 130
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Figure 19. Spatial distribution characteristics at a representative moment during Typhoon Trami
(06:00 on 30 October 2024, 24 h forecast lead time).

The corresponding error distributions show that the errors of SSA-STLSTM-LT are
mainly concentrated near local boundaries of the high-wave regions, whereas PredRNN-
LT and TrajGRU-LT exhibit broader deviations within some of the energetic wave areas.
These case-specific results suggest that SSA-STLSTM-LT retains the spatial structure of the
extreme wave fields more effectively under the two evaluated events.

Figures 21 and 22 illustrate the temporal evolution of the SSA-STLSTM-LT forecasts
during the two events. As the tropical cyclones evolved, the predicted high-wave regions
changed continuously in location, extent, and intensity. The model generally reproduced
the corresponding evolution of the reference wave fields, although localized differences
remained around the high-gradient regions.
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Figure 20. Spatial distribution characteristics at a representative moment during Tropical Cyclone

Dana (12:00 on 23 October 2024, 24 h forecast lead time).

Region A | Typhoon Trami | 24h Lead Time | Multi-time Comparison
Truth Truth Truth

I
30 October 2024, 00:00

Lat

Lon

SSA-STLSTM-LT
30 October 2024, 00:00

RMSE=0.175 m
Bi 29 m
PC Ty

Lat

Lon

SSA-STLSTM-LT Error
30 October 2024, 00:00

10
10.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

10
10.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

30 October 2024, 06:00

Lat

Lon

SSA-STLSTM-LT
30 October 2024, 06:00
168 m. Y
10 m

Lon

SSA-STLSTM-LT Error
30 October 2024. 06:00

10
10.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

10
10.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

rul
30 Octdber 2024, 12:00

10
110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

Lon

SSA-STLSTM-LT
30 October 2024, 12:00

Lon

SSA-STLSTM-LT Error
30 October 2024, 12:00

10
110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

ii(»f/’(/,'"
iy M@

e o

<

— A
K5

.5

10
110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0
Lon

10
110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

Lon

10
110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0

Lon

rror (m)

-0.50
-0.75

-1.00

Figure 21. Spatio-temporal evolution characteristics of SSA-STLSTM-LT during Typhoon Trami
(00:00, 06:00, and 12:00 on 30 October 2024, 24 h forecast lead time).

Overall, the two held-out case studies provide additional evidence that SSA-STLSTM-
LT can reproduce the principal spatial and temporal characteristics of extreme wave fields

under different regional conditions. Its advantages over the comparison models are more

evident in some high-wave and high-gradient areas. Nevertheless, these results are based

on two representative events and should be interpreted as complementary case evidence

rather than a comprehensive assessment of all tropical cyclone conditions.
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Figure 22. Spatio-temporal evolution characteristics of SSA-STLSTM-LT during Cyclone Dana (12:00
on 23 October, 06:00 and 18:00 on 24 October 2024, 24 h forecast lead time).

3.7. Independent Validation

To assess the observational generalization of the evaluated models, Level-3 along-
track significant wave height observations from Copernicus Marine were used as an
independent validation dataset. Unlike the gridded evaluation based on ERA5, the altimeter
measurements were not involved in model training, validation, or checkpoint selection.

The predictions of SSA-STLSTM-LT, PredRNN-LT, and TrajGRU-LT, together with
the corresponding ERAS fields, were collocated with the same altimeter observations
using identical temporal and spatial interpolation procedures. PredRNN-LT and TrajGRU-
LT were selected because they were the strongest learning-based comparison models in
the gridded evaluation and provide the most direct architectural comparisons with the
proposed method. For each region and lead time, all models were evaluated using the
same set of matched satellite observations.

Table 17 presents the resulting Bias, MAE, RMSE, and PCC values. In Region A, SSA-
STLSTM-LT achieves the lowest RMSE and the highest PCC among the three forecasting
models at all evaluated lead times. The differences become more evident at medium and
extended lead times, where PredRNN-LT and TrajGRU-LT exhibit stronger error growth.
In Region B, the differences among the models are smaller; nevertheless, SSA-STLSTM-LT
retains the lowest RMSE at every lead time and achieves the highest or jointly highest PCC.

The ERA5-altimeter error remains comparatively stable across lead times in both
regions. This behavior indicates that the absolute model-altimeter discrepancy contains
a background component associated with differences between ERAS5 and satellite ob-
servations, in addition to errors introduced by forecasting and spatiotemporal colloca-
tion. Therefore, the altimeter validation metrics should not be interpreted as pure model
forecast errors.
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Table 17. Independent validation of ERA5 and the three forecasting models against satellite altimeter

observations.

Region Lead Time MatF hed Model Bias(m) MAE(m) RMSE (m) PCC

(h) Points
ERA5 —0.116 0.205 0.286 0.968
5 563,200 PredRNN-LT ~ —0.118 0211 0.295 0.966
' TrajGRU-LT —0.122 0.214 0.297 0.966
SSA-STLSTM-LT ~ —0.119 0.208 0.290 0.968
ERA5 —0.113 0.201 0.282 0.968
; 438,437 PredRNN-LT ~ —0.113 0.209 0.291 0.965
, TrajGRU-LT —0.118 0211 0.294 0.965
SSA-STLSTM-LT ~ —0.116 0.205 0.286 0.967
ERA5 —0.118 0.207 0.290 0.968
PredRNN-LT ~ —0.121 0.226 0318 0.961
12 820,552 TrajGRU-LT  —0127 0226 0.318 0.962
Region A SSA-STLSTM-LT ~ —0.119 0.214 0.299 0.966
ERA5 —0.117 0.209 0.292 0.968
PredRNN-LT ~ —0.124 0.245 0.345 0.953
24 853,793 TrajGRU-LT ~0.130 0.244 0.343 0.958
SSA-STLSTM-LT ~ —0.119 0.222 0.309 0.963
ERA5 —0.118 0.210 0.294 0.967
PredRNN-LT  —0.111 0.253 0.352 0.949
48 836,365 TrajGRU-LT —0.128 0.256 0.356 0.950
SSA-STLSTM-LT ~ —0.114 0.231 0.317 0.959
ERA5 —0.116 0.206 0.287 0.968
PredRNN-LT  —0.106 0.254 0.348 0.947
72 820,826 TrajGRU-LT ~ —0130 0258 0.361 0.946
SSA-STLSTM-LT ~ —0.100 0.231 0.316 0.955
ERA5 —0.007 0.167 0.223 0.948
5 56 477 PredRNN-LT ~ —0.007 0.171 0.227 0.947
X TrajGRU-LT —0.012 0172 0.229 0.946
SSA-STLSTM-LT ~ —0.005 0.168 0.224 0.948
ERA5 —0.005 0.166 0.223 0.950
) 74,033 PredRNN-LT ~ —0.007 0.170 0.226 0.948
' TrajGRU-LT —0.011 0.171 0.229 0.947
SSA-STLSTM-LT ~ —0.006 0.167 0.223 0.949
ERA5 —0.008 0.166 0.223 0.949
PredRNN-LT  —0.005 0.175 0.233 0.944
12 769,346 TrajGRU-LT ~0.010 0.177 0.236 0.942
Region B SSA-STLSTM-LT ~ —0.009 0.171 0.228 0.947
ERA5 —0.008 0.166 0.222 0.951
PredRNN-LT ~ —0.004 0.179 0.237 0.944
24 786,922 TrajGRU-LT —0.009 0.181 0.241 0.942
SSA-STLSTM-LT ~ —0.013 0173 0.229 0.948
ERA5 ~0.003 0.167 0.223 0.950
PredRNN-LT ~ —0.005 0.181 0.239 0.942
438 783,246 TralGRU-LT ~ —0002  0.186 0.246 0.938
SSA-STLSTM-LT ~ —0.014 0.178 0.236 0.944
ERA5 —0.006 0.166 0.223 0.950
PredRNN-LT ~ —0.025 0.182 0.244 0.940
72 781,470 TrajGRU-LT —0.011 0.186 0.248 0.937
SSA-STLSTM-LT ~ —0.013 0.182 0.242 0.940

Figure 23 shows the lead time evolution of RMSE and PCC. The ERA5 curves remain
nearly unchanged, whereas the forecasting models generally exhibit increasing RMSE and
decreasing PCC as the forecast horizon extends. Relative to PredRNN-LT and TrajGRU-LT,

https:/ /doi.org/10.3390/app16157447


https://doi.org/10.3390/app16157447

Appl. Sci. 2026, 16, 7447

40 of 45

SSA-STLSTM-LT remains closer to the ERAD5 reference curve over most lead times, with
the clearest separation occurring in Region A. These results indicate that SSA-STLSTM-
LT exhibits the smallest increase in error relative to the ERA5 reference among the three
evaluated forecasting models.

=@ SSA-STLSTM-LT ~#-  PredRNN-LT —A- TrajGRU-LT -9+ ERAS5 reference
(a) Region A: RMSE (b) Region A: PCC
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Figure 23. Lead-time variation in (a) RMSE in Region A; (b) PCC in Region A; (¢) RMSE in Region B;
and (d) PCC in Region B, evaluated against the matched satellite altimeter observations.

Figure 24 presents the density scatter distributions at the representative 24 h lead time.
SSA-STLSTM-LT shows a more concentrated distribution around the 1:1 reference line,
particularly in Region A, whereas the two comparison models exhibit greater dispersion.
TrajGRU-LT performs slightly better than PredRNN-LT in Region A, while PredRNN-LT
shows a modest advantage in Region B, consistent with the region-dependent behavior
reported in Table 17.

All three forecasting models show increasing deviations under higher wave conditions.
A similar tendency is also present in the ERA5-altimeter comparison, suggesting that part
of the model-observation discrepancy is associated with the reanalysis target itself. The
additional dispersion of the model predictions reflects the combined effects of model
forecast error, satellite sampling and representativeness differences, and spatiotemporal
collocation uncertainty.

Overall, the independent validation provides comparative observational evidence
that SSA-STLSTM-LT generalizes more favorably than PredRNN-LT and TrajGRU-LT
under the evaluated conditions. However, the differences are region-dependent and are
smaller in Region B. Moreover, because the models were trained using ERA5 as the target,
their absolute agreement with satellite observations remains partly constrained by the
discrepancy between ERA5 and the altimeter measurements. The satellite analysis is
therefore interpreted as an independent comparative generalization assessment rather than
as a direct measurement of forecast error alone.
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Figure 24. Density scatter comparison against satellite altimeter observations at the 24 h lead time.

4. Discussion

SSA-STLSTM-LT provided positive forecast skill beyond persistence in both regions,
while its performance relative to the learning-based benchmarks varied between the two

regional wave regimes.
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4.1. Interpretation of the Lag-Aware Representation

The forecasting improvements can be attributed in part to the explicit representation
of delayed wind-wave interactions. Rather than assuming that historical wind forcing
and wave responses contribute synchronously, the Wind—Wave Lag Attention module
adaptively assigns different contributions to wind features at different preceding time steps.
The ablation results indicate that incorporating this lag-aware representation improves
the description of the temporal relationship between wind forcing and wave evolution.
In combination with the Temporal Transformer and spatial self-attention, the framework
represents delayed forcing, long-range temporal dependencies, and non-local spatial cor-
relations within a unified spatiotemporal architecture. This representation is particularly
relevant to longer forecast horizons, for which cumulative forcing and wave persistence
become increasingly important.

4.2. Regional Dependence of Historical Input Windows

The selected historical input windows differ between the two regions, consistent with
their distinct wave evolution characteristics. Region A exhibits a shorter wave memory
timescale and a more rapid saturation of cumulative wind forcing, for which a 12 h historical
window provides sufficient temporal context. In contrast, Region B exhibits stronger wave
persistence and a greater influence of swell propagation, supporting the use of a longer 21 h
input window. These findings suggest that the historical input length should be selected
according to regional wind-wave response characteristics rather than applying an identical
temporal setting to all regions.

4.3. Practical Implications and Limitations

Once trained, the proposed framework enables rapid inference and may serve as
a data-driven complement for regional multi-horizon SWH forecasting. Its relatively
low inference cost may be useful for applications requiring timely regional wave field
estimates, including marine navigation, offshore operations, and coastal risk assessment.
However, the input wave variables and prediction targets used in this study are derived
from ERAS5 reanalysis. Consequently, the model learns and extrapolates the spatiotemporal
evolution represented in the ERA5 data domain and does not independently simulate wave
generation, propagation, and dissipation processes.

The proposed model was not compared with operational forecasts produced by WAM,
SWAN, or WAVEWATCH III under matched atmospheric forcing, initialization, and bound-
ary conditions. Therefore, the present results demonstrate performance relative to the
selected data-driven benchmarks rather than superiority over operational spectral wave
models. In addition, the network does not explicitly impose physical conservation con-
straints. Although the satellite—altimeter comparison provides an independent assessment
of observational consistency, broader validation against buoy observations, additional
satellite datasets, and operational wave forecasts is still required. Future work will inves-
tigate physics-informed constraints, forecast atmospheric forcing, and evaluation under
operational forecasting conditions.

A further limitation is that the complete multi-model benchmark was conducted using
a common fixed random seed rather than repeated independently across multiple seeds.
The repeated-seed analysis in the present study focused on the input window robustness
experiment. Consequently, Tables 8 and 9 provide controlled numerical comparisons but do
not quantify the run-to-run uncertainty of the complete model ranking. Future work should
repeat the strongest architectures across additional random seeds and report cross-seed
variability and statistical comparisons for the complete benchmark.
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5. Conclusions

This study developed a wind-wave lag-aware deep learning framework, SSA-
STLSTM-LT, for multi-horizon significant wave height forecasting in the South China
Sea and the Bay of Bengal. Analyses of wind—-wave lag relationships, wave memory char-
acteristics, and cumulative wind forcing revealed distinct regional response timescales.
Based on these analyses, historical input windows of 12 h and 21 h were selected for the
two regions, respectively.

Guided by the diagnosed regional characteristics, the proposed framework integrates
ST-LSTM, Wind-Wave Lag Attention, a Temporal Transformer, and spatial self-attention to
represent delayed wind forcing, long-range temporal dependencies, and non-local spatial
wave field structures. Six Bayesian-regularized horizon-specific prediction heads directly
generate SWH point forecasts at lead times of 3, 6, 12, 24, 48, and 72 h from a shared
spatiotemporal representation. The feature ablation experiments further identified an
effective nine-variable input configuration.

Under the common fixed-seed ERA5-based evaluation protocol, SSA-STLSTM-LT
demonstrated positive forecast skill relative to persistence in both study regions and
achieved the lowest horizon-averaged RMSE among the evaluated models. In Region A,
it obtained the lowest MAE and RMSE values across all six forecast horizons. In Region
B, it achieved the lowest RMSE values over the 3-24 h horizons, remained comparable to
the best-performing model at 48 h, and was outperformed by the LT-enhanced recurrent
baselines at 72 h. Independent altimeter validation further indicated more favorable obser-
vational consistency for SSA-STLSTM-LT than for PredRNN-LT and TrajGRU-LT under the
matched evaluation conditions, although the differences were smaller in Region B.

These findings support the applicability of the framework across the two evaluated
regional settings while showing that its relative performance remains dependent on forecast
horizon and regional wave conditions. Because the main benchmark comparison was based
on one controlled training run per model using the common random seed of 42, the reported
rankings should be interpreted as numerical comparisons under the fixed-seed setting
rather than as statistically significant cross-seed conclusions. The framework should be
regarded as a data-driven complement for forecasting ERA5-represented regional wave
evolution rather than as a replacement for operational spectral wave models. Future work
should extend the complete benchmark to repeated independent training runs and evaluate
the framework using broader observational datasets and operational forecasting conditions.
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v1.0.1. The complete processed gridded datasets and full model output archives are not currently
deposited in a public repository. However, the released preprocessing procedures, variable definitions,
normalization settings, temporal split definitions, and model configurations support reconstruction
of the experimental inputs from the publicly available source datasets.
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Abbreviations

The following abbreviations are used in this manuscript:

ERA5 Fifth-generation ECMWF atmospheric reanalysis
ECMWEF European Centre for Medium-Range Weather Forecasts
SWH Significant wave height

MWD Mean wave direction

MWP Mean wave period

U10 10 m zonal wind component

V10 10 m meridional wind component

ST-LSTM Spatiotemporal long short-term memory

SSA Spatial self-attention

LT Lag-aware temporal module

KL Kullback-Leibler divergence

RMSE Root mean square error

MAE Mean absolute error

PCC Pearson correlation coefficient

FFN Feed-forward network

ACF Autocorrelation function

ConvLSTM  Convolutional long short-term memory

TrajGRU Trajectory gated recurrent unit
PredRNN Predictive recurrent neural network
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