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Abstract

Reliable one-hour-ahead wind-power forecasting can support scheduling and
energy-management decisions in renewable-to-hydrogen systems. We propose
WiseLSTM, a hybrid architecture combining two depthwise-separable tempo-
ral convolutional blocks with unidirectional Long Short-Term Memory (LSTM)
modeling. Using 40 years of hourly ERA5-derived meteorological conditions
and model-derived wind-farm power for Baie de Saint-Brieuc, evaluated with a
five-fold blocked repeated-holdout protocol, WiseLSTM achieves an RMSE of
33.91 & 3.70 MW, MAE of 20.40 & 3.00 MW, and R? = 0.9657 4 0.0076.



It reduces RMSE by approximately 5.0% relative to CNN-LSTM and 8.5% rela-
tive to one-hour persistence. At matched channel widths, the depthwise front-end
uses 65.8% fewer convolutional kernel weights than standard convolutions. Parti-
cle Swarm Optimization (PSO) and Whale Optimization Algorithm (WOA) are
further used to explore five mixed hyperparameters. The WOA-selected configu-
ration achieves an RMSE of 33.67 £ 1.24 MW and reduces the cross-fold RMSE
standard deviation by 66.5% relative to untuned WiseLSTM. These results high-
light the joint importance of efficient local feature extraction, recurrent temporal
modeling, and configuration stability for offshore wind-power forecasting.

Keywords: Wind power forecasting, Deep learning, Depthwise separable convolution,
CNN-LSTM, Metaheuristic optimization, Green hydrogen

1 Introduction

The transition toward low-carbon energy systems has increased interest in green
hydrogen as an energy carrier for storage, industrial processes, and sector coupling.
Hydrogen produced through water electrolysis powered by renewable energy can con-
tribute to this transition, but the operation of such systems depends strongly on
the availability and predictability of the renewable input [1-3]. Wind generation is
particularly relevant because of its deployment potential and high capacity factors,
yet its stochastic and non-stationary behavior introduces uncertainty into short-term
operational planning. Accurate wind-power forecasts can therefore provide anticipa-
tory information for energy allocation, electrolyzer scheduling, and power-to-hydrogen
management [4, 5]. The present study focuses on this upstream forecasting component
rather than on direct optimization of the hydrogen-production process.

Machine-learning and deep-learning methods have substantially expanded the
range of models available for renewable-energy forecasting [6, 7]. Recurrent architec-
tures such as LSTM networks are widely used to represent sequential dependencies,
while convolutional networks are effective at extracting local temporal structures.
Hybrid CNN-LSTM models combine these capabilities by first transforming short-
scale patterns and then modeling their temporal evolution [8]. More recently,
attention-based and transformer-based models have also shown strong forecasting per-
formance [9, 10]. These developments reinforce an important design question: improved
forecasting does not necessarily require increasing architectural complexity if local
feature extraction and temporal modeling can be organized more efficiently.

Conventional temporal convolutions may become parameter-intensive as the num-
ber of input and output channels grows. Depthwise separable convolution offers an
alternative factorization in which channel-wise temporal filtering is followed by point-
wise channel mixing [11]. At a fixed channel width, this reduces the number of
convolutional kernel weights while preserving a flexible feature-transformation stage.
Such a design is attractive for wind forecasting because local fluctuations, ramps, and
recurrent temporal structure coexist within the same input sequence.

A second challenge concerns model configuration. Deep-learning forecasting mod-
els remain sensitive to architectural and training hyperparameters, including hidden



dimension, number of recurrent layers, convolutional width, dropout, and learning
rate. Their joint tuning forms a mixed discrete—continuous and computationally expen-
sive search problem because evaluating a candidate configuration requires training a
complete network. Population-based metaheuristics provide one practical mechanism
for exploring this space [12-14].

Motivated by these considerations, this work proposes WiseLSTM, a hybrid
depthwise-CNN—-LSTM architecture for one-hour-ahead offshore wind-power forecast-
ing. The study evaluates WiseLSTM against recurrent, convolutional, conventional
hybrid, and persistence baselines using temporally ordered repeated holdouts. It
further characterizes the behavior of PSO and WOA when used to configure the
WiseLSTM hyperparameter space.

The main contributions are as follows:

® We propose WiseLSTM, a hybrid architecture that combines two depthwise—
pointwise temporal convolutional blocks with unidirectional LSTM modeling. At the
channel widths used in the proposed model, the separable front-end requires 65.8%
fewer convolutional kernel weights than standard convolutions of equal width.

® We provide a temporally ordered evaluation over five blocked repeated holdouts
spanning a 40-year offshore wind series and complement the neural comparison
with a strong one-hour persistence benchmark. WiseLSTM reduces mean RMSE by
approximately 5.0% relative to CNN-LSTM and 8.5% relative to persistence.

® We characterize a mixed discrete—continuous hyperparameter search using matched
30-agent PSO and WOA populations under the same nominal iteration budget. The
WOA-selected configuration primarily improves cross-fold stability, reducing RMSE
dispersion by 66.5% relative to the untuned WiseLSTM.

e We analyze the search-cost/generalization trade-off. In the reported executions,
WOA required 36.2% more wall-clock search time than PSO but selected a struc-
turally smaller configuration and exhibited a much smaller search-to-evaluation
RMSE gap (approximately 1.3% versus 16.6%). These observations characterize the
reported searches without implying universal optimizer superiority.

2 Related Work

Wind-power forecasting has been studied using statistical, machine-learning, and
deep-learning approaches because of its importance for grid operation and renewable
energy management [15, 16]. Classical autoregressive methods provide useful references
but may struggle to represent strongly nonlinear relationships among meteorologi-
cal variables. Machine-learning methods broaden this representation capacity, while
deep neural networks can directly learn temporal features from multivariate sequences
[17, 18].

Among deep-learning methods, recurrent networks remain common because wind
generation is naturally sequential. LSTM models mitigate the vanishing-gradient
problem and are able to retain information across an input window, whereas GRU
networks provide a simpler gated alternative. Hybrid CNN-LSTM architectures aug-
ment this sequential modeling with a convolutional stage that extracts local temporal



features before recurrent processing. Such designs have reported competitive results
in wind-power forecasting, including offshore settings [19].

Attention-based and transformer-oriented forecasting has further expanded the
range of available temporal models, particularly when longer contexts or multivariate
interactions must be represented [9, 10]. These developments provide an important
contemporary reference point, while also motivating continued study of compact
hybrid architectures when training cost, model size, and configuration stability are
relevant design considerations.

Architectural design alone does not determine forecasting performance. Hyperpa-
rameter selection affects model capacity, regularization, optimization dynamics, and
ultimately generalization. Population-based methods such as PSO and WOA have
therefore been investigated as alternatives to manual or exhaustive search [12, 13].
Their appeal in the present context lies in their ability to operate directly over mixed
search spaces without requiring differentiability of the hyperparameter objective.

The present study addresses the intersection of these two design dimensions. Rather
than treating architectural efficiency and hyperparameter selection independently,
WiseLSTM combines a depthwise-separable convolutional front-end with recurrent
temporal modeling and subsequently examines how population-based search config-
ures that architecture. The objective is not to establish universal superiority of one
metaheuristic, but to characterize the predictive behavior of the architecture and the
sensitivity of its performance to the hyperparameter configurations discovered under
the available search budget.

3 Methods

Figure 1 summarizes the experimental workflow and the temporal evaluation proto-
col. Particular emphasis is placed on chronological separation between model fitting,
validation, and final out-of-sample assessment.

3.1 Problem Formulation

Let X = {x1,Xa,...,x7} denote a multivariate sequence of wind-related predictors,
with x; € R?. The forecasting task is defined as

Ut+h = f(xt7w+17"'7xt)7 (1)

where w is the input-window length and h is the forecasting horizon. In this study,

w = 24 hourly observations and h = 1 hour. Thus, the recurrent stage is used to model

temporal dependencies within a 24-hour context rather than to claim seasonal-scale
memory extending beyond the supplied input sequence.

3.2 Dataset Description

Experiments use the Baie de Saint-Brieuc series from the Europe’s Wind Farms dataset
[20, 21]. The source resource combines 40 years of hourly ERA5-derived meteorological
conditions, spanning 1980-2019, with wind-farm generation obtained from turbine-
specific technical characteristics and power-curve modeling. The resulting power signal
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Fig. 1 Overview of the experimental framework and temporal evaluation protocol. (a) ERA5-derived
meteorological variables and model-derived wind-farm power are transformed into supervised 24-
hour input sequences for one-hour-ahead forecasting. WiseLSTM and the baseline architectures are
evaluated under a common protocol, while PSO and WOA explore the WiseLSTM hyperparameter
space. (b) Five-fold blocked repeated-holdout evaluation. Within each fold, training, validation, and
test blocks remain contiguous and chronologically ordered, and the complete window is shifted forward
between repetitions.

should therefore be interpreted as meteorology-driven and model-derived rather than
as direct operational SCADA measurements. For Baie de Saint-Brieuc, the source
dataset models a 496 MW farm; accordingly, absolute-error metrics are reported in
MW [20].

The analyzed file contains 350,640 consecutive hourly observations. Inspection of
the supplied series identified no missing values and no duplicated timestamps. This
long and temporally consistent record exposes the models to a broad range of historical
atmospheric conditions while maintaining a common generation model throughout
the observation period. Operational effects not explicitly represented in the source
dataset, such as maintenance interventions, grid curtailment, or farm-specific wake-
control decisions, remain outside the scope of the forecasting task.

3.3 Feature Engineering and Preprocessing

The retained meteorological descriptors are the horizontal wind components w1
and v1qg, forecast surface roughness, wind speed, hub-height-scaled wind speed, and
wind direction. Calendar information is extracted from the timestamp as hour of day,
weekday, and month. These three descriptors are retained and complemented with
sine—cosine encodings,

. 2rx 2rx
Lgin = SIN | ——— |, Zeog = COS | — |,
T ¢ T

(2)



Table 1 Forecasting, preprocessing, and training configuration shared by the
learning-based models.

Parameter Value

Sequence length (w) 24 hours

Forecast horizon (h) 1 hour

Number of predictors (d) 15

Sampling frequency 1 hour

Input structure Sliding window
Normalization Min-Max scaling [0, 1]
Temporal encoding Raw calendar + sine—cosine
Evaluation strategy Five-fold blocked repeated holdout
Optimizer Adam

Initial learning rate 1x1073
Learning-rate scheduler None

Loss function Huber loss

Batch size 256

Maximum epochs 100

Early stopping 30 epochs without validation improvement

where T denotes the corresponding period. This produces a 15-dimensional input
representation: six meteorological variables, three calendar descriptors, and six cyclic
components. Variables directly derived from power output or turbine shutdown state
are excluded from the predictor set to prevent target leakage. In the supplied Baie
de Saint-Brieuc file, the turbine-specific power signal directly reproduces the target
power series and is therefore not used as an input feature. Also, all predictors are
normalized using Min—Max scaling. Scaling parameters are estimated exclusively from
the training block of each temporal fold and are then applied without refitting to the
associated validation and test blocks.

3.4 Forecasting Architectures

The recurrent comparison includes one-layer LSTM, BiLSTM, and GRU baselines
with hidden size 64. The convolutional baseline uses two depthwise-separable blocks
with output widths 64 and 128 followed by global temporal pooling. The conventional
CNN-LSTM uses standard ConvlD layers with 32 and 64 output channels before
a one-layer LSTM with hidden size 64. All learning-based models use the same 24-
hour input window, feature representation, temporal folds, training objective, and
evaluation metrics. The layer-wise specification of WiseLSTM is provided in Table 2.

3.5 Proposed WiseLSTM Architecture

WiseLSTM combines two depthwise-separable temporal convolutional blocks with a
unidirectional LSTM. The first stage applies a depthwise convolution independently
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Fig. 2 WiseLSTM architecture. Two depthwise—pointwise temporal convolutional blocks extract
local patterns before a unidirectional LSTM models dependencies across the transformed sequence.
The recurrent representation is subsequently refined using Swish activation, dropout, and batch
normalization before the final one-hour-ahead regression head.

to each input channel and subsequently mixes channels using a 1 x 1 pointwise convo-
lution. The same principle is repeated in the second block before recurrent processing.
Figure 2 illustrates the complete pipeline.

Given an input with Cj, channels, a standard one-dimensional convolution with
Cout output channels and kernel size k contains

Nstd = kcincout (3)

kernel weights. The corresponding depthwise—pointwise factorization contains

Nsep = kcin + Cvincfout' (4)

For the two WiseLSTM convolutional stages (15 — 64 and 64 — 128, k = 3), the

standard-convolution counterpart would require 27,456 convolutional kernel weights,

whereas the depthwise-separable formulation uses 9,389, a reduction of approximately

65.8% at the same channel widths. This comparison concerns the convolutional feature

extractor and is not intended to imply that WiseLSTM has fewer total parameters
than every benchmark model.

3.6 Five-Fold Temporal Evaluation

Because wind-power time series are non-stationary, the evaluation protocol must pre-
serve chronological order. Following the principles discussed by Cerqueira et al. [22], a
five-fold blocked repeated-holdout scheme is used. Each fold contains three contiguous
blocks arranged as



Table 2 Layer-wise configuration of the proposed WiseLSTM architecture.

Layer Configuration Output
Input Sequence length 24, features 15 24 time steps x 15 features
Depthwise Convl Kernel 3, padding 1, groups 15 24 x 15
Pointwise Convl Kernel 1, output 64 24 x 64
ReLLU 4+ MaxPoollD Kernel 2, stride 2 12 x 64
Depthwise Conv2 Kernel 3, padding 1, groups 64 12 x 64
Pointwise Conv2 Kernel 1, output 128 12 x 128
ReLLU 4+ MaxPoollD Kernel 2, stride 2 6 x 128
LSTM Input 128, hidden 64, one layer 64-dimensional representation
Post-recurrent processing  Swish; dropout p = 0.3; BatchNorm(64) 64-dimensional representation
Fully connected 64 —1 One-hour forecast
Training — Validation — Test. (5)

The documented fold configuration uses 210,384 observations for training (approx-
imately 60% of the complete series), 35,064 for validation (10%), and 35,064 for testing
(10%). The starting index is shifted forward by 17,520 observations between succes-
sive folds. The 24-hour input requirement reduces the number of supervised sequences
relative to the number of raw observations but does not alter the chronological order
of the partitions. Validation is used for early stopping and model-selection decisions
associated with the corresponding training process, whereas the subsequent test block
is reserved for out-of-sample forecasting performance.

The repeated windows intentionally overlap, so fold-level mean and standard devi-
ation are used as descriptive summaries of performance across temporal segments
rather than as independent-replicate estimates for inferential testing.

3.7 Training Configuration

All neural architectures are trained using Adam with an initial learning rate of 1073
and Huber loss. The maximum training horizon is 100 epochs, with a batch size of
256 and early stopping after 30 consecutive epochs without validation improvement.
The same training configuration is used for the architectural comparison.

The main experiments were executed in the Kaggle computing environment con-
figured with approximately 30 GB of system RAM and two NVIDIA T4 accelerators
with 16 GB of VRAM each. Supplementary development runs were also conducted
in Google Colab Pro with an NVIDIA T4 GPU. These hardware descriptions docu-
ment the experimental environment; wall-clock comparisons are interpreted only for
the reported executions.

3.8 Metaheuristic-Based Hyperparameter Search

WiseLSTM is further configured using PSO and WOA. The search targets five hyper-
parameters spanning architecture, regularization, and optimization: the number of
LSTM layers, LSTM hidden size, convolutional output width, dropout probability,
and learning rate. The corresponding ranges are 1-5 layers, 32-512 hidden units,



32-512 convolutional output channels, dropout in [0.1,0.5], and learning rate in
[1075,1072]. Integer-valued architectural variables are rounded to valid configurations
before evaluation.

Both algorithms use a population of 30 candidate solutions and the same nom-
inal maximum of 20 iterations, with early stopping after five consecutive iterations
without improvement. For PSO, the inertia weight is w = 0.7 and the cognitive and
social coefficients are ¢c; = co = 1.5. For WOA, the control coefficient a decreases lin-
early from 2 to 0 over the search. Candidate configurations are trained on a reduced
chronological development subset to limit computational cost, and fitness is defined
by validation RMSE. The held-out test blocks used for the final five-fold assessment
are not used to rank candidate configurations. After the search, the selected configura-
tions are evaluated using the complete five-fold forecasting protocol. Consequently, the
search objective measures configuration quality on the reduced development setting,
whereas the final fold results characterize transfer to broader temporal segments.

3.9 Evaluation Metrics

Forecasting performance is assessed using RMSE, MAE, R?, and SMAPE. RMSE and
MAE are treated as the primary absolute-error measures,

while the coefficient of determination is

iy (i — 5:)?
Yo — )2

SMAPE is retained as a complementary relative-error measure,

R*=1-

SMAPE — 129 i lyi — 4l )
n max ((|yi| + [9:]) /2, €)
where € > 0 denotes the numerical stabilizer used to avoid division by zero. Because
the target contains extended near-zero and zero-generation periods, percentage-based
errors are interpreted together with RMSE and MAE rather than in isolation.

3.10 Persistence Benchmark

For the one-hour-ahead task, persistence is included as a non-parametric temporal
benchmark,

Ji+1 = Y. (10)
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Fig. 3 WiseLSTM training and validation loss across the five blocked repeated-holdout folds.

This reference is intentionally simple but demanding at short horizons because
adjacent wind-power observations are strongly temporally related. Persistence is eval-
uated over the same five held-out temporal test intervals used for the learning-based
comparison.

3.11 AlI-Assisted Manuscript Preparation

Generative Al tools were used during manuscript preparation for language editing
and structural revision. All scientific claims, numerical calculations, methodological
descriptions, interpretations, and the final manuscript were reviewed and approved by
the authors. Also, no generative Al system is listed as an author.

4 Results
4.1 Training Behavior

Figure 3 shows the training and validation loss trajectories for WiseLSTM across the
five temporal folds. The curves exhibit rapid error reduction during the early train-
ing stages followed by a slower refinement phase. Training and validation trajectories
remain broadly aligned in the reported runs, indicating that the early-stopping con-
figuration provides a practical control on overfitting across the different temporal
windows.
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Table 3 Predictive performance across the five temporal folds (mean + standard deviation).
Persistence is evaluated over the same five held-out temporal intervals used for the learning-based
comparison.

Model RMSE mean (MW) RMSE SD (MW) MAE mean (MW) MAE SD (MW) R?mean R?SD SMAPE mean SMAPE SD
Persistence 37.0689 0.4036 22.2389 0.1721 0.9594  0.0006 26.7899 1.0016
BIiLSTM 49.9416 14.9086 39.1912 14.3462 0.9209  0.0502 56.2774 15.1853
LSTM 48.3104 9.1155 38.0752 9.3365 0.9290  0.0250 52.4581 12.5446
DWC 42.7024 8.2401 30.9544 7.5786 0.9445  0.0204 47.8111 11.9518
GRU 39.3669 7.4646 28.6424 7.7513 0.9529  0.0179 43.1315 9.1443
CNN-LSTM 35.7076 3.5132 22.8745 3.0047 0.9621  0.0074 36.7563 2.8455
WiseLSTM 33.9143 3.7023 20.4030 3.0034 0.9657  0.0076 34.3249 2.7679

4.2 Forecasting Performance

Table 3 summarizes the predictive performance of the evaluated models. Among the
learned architectures, WiseLSTM achieves the lowest mean RMSE and MAE and the
highest mean R2?, with RMSE = 33.91 + 3.70 MW, MAE = 20.40 &+ 3.00 MW, and
R? = 0.9657 £ 0.0076.

The conventional CNN-LSTM is the closest neural benchmark (RMSE = 35.71 +
3.51 MW). Relative to CNN-LSTM, WiseLSTM reduces mean RMSE by approxi-
mately 5.0% and mean MAE by 10.8%. The result is consistent with the intended
architectural role of the proposed front-end: local temporal transformations are per-
formed before recurrent processing, while the depthwise—pointwise factorization allows
a wider feature representation with a substantially lower convolutional kernel cost
than a standard convolution at the same widths.

The persistence model provides an additional perspective. It achieves RMSE =
37.07 + 0.40 MW, outperforming several neural baselines despite having no trainable
parameters. WiseLSTM nevertheless reduces mean RMSE by approximately 8.5% and
MAE by 8.3% relative to persistence and increases R? from 0.9594 to 0.9657. This
comparison is particularly relevant because a one-hour persistence forecast is a strong
reference for a highly autocorrelated power series.

Persistence obtains a lower SMAPE than the neural models. Inspection of the
target series shows that 24,262 observations (6.92%) correspond to exactly zero power.
Percentage-based metrics become highly sensitive in this regime: persistence frequently
reproduces consecutive zero-output periods exactly, whereas small non-zero deviations
can receive a comparatively large relative penalty. Accordingly, RMSE and MAE are
treated as the primary error metrics and SMAPE as a complementary indicator.

The fold-level standard deviations in Table 3 should be interpreted descriptively.
WiseLSTM has lower mean errors than CNN-LSTM, but its RMSE and R? dispersion
are slightly higher in the untuned configuration. The substantial stability improvement
emerges after WOA-based configuration, as shown below.

4.3 Metaheuristic Search Behavior

Figure 4 and Table 4 summarize the two reported hyperparameter-search executions.
PSO reduces its objective rapidly during the early search and subsequently reaches a
plateau, terminating after 13 iterations. The selected solution is relatively deep and
wide, with four LSTM layers, hidden size 113, 420 convolutional output channels,
dropout 0.1, and a learning rate of 107°.
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WOA continues to identify improved candidates through later iterations and termi-
nates after 15 iterations. Its selected configuration contains two LSTM layers, hidden
size 71, 142 convolutional output channels, dropout 0.1474, and a learning rate of
4 x 10~%. Relative to the PSO-selected solution, this corresponds to 50% fewer recur-
rent layers, a 37.2% smaller hidden dimension, and 66.2% fewer convolutional output
channels. These percentages describe the selected hyperparameter dimensions and
should not be interpreted as an exact whole-model parameter-count reduction. The
two searches also expose a computational trade-off. PSO requires 550.94 min of wall-
clock search time, whereas WOA requires 750.12 min, an additional 199.18 min or
approximately 36.2%. The greater search time is therefore not presented as an effi-
ciency advantage. Rather, the reported WOA execution trades additional search cost
for a configuration that transfers more consistently to the full temporal evaluation.
This transfer can be described by comparing each best search fitness with the mean
RMSE obtained after the selected configuration is evaluated under the full five-fold
protocol. For PSO, RMSE increases from 43.1120 during search to 50.2768 during final
evaluation, a relative gap of approximately 16.6%. For WOA, the corresponding val-
ues are 33.2270 and 33.6660, a gap of approximately 1.3%. Because search fitness and
final RMSE are measured on different temporal partitions, these gaps are descriptive
rather than inferential. Nevertheless, the much smaller WOA gap is consistent with
better transfer of the selected configuration from the reduced development setting to
the broader temporal evaluation.

The principal benefit of the WOA-selected configuration is likewise observed in
stability rather than in a large shift in mean accuracy. Relative to untuned WiseLSTM,
mean RMSE changes from 33.9143 to 33.6660 (approximately 0.7%), while RMSE
standard deviation decreases by 66.5%, MAE standard deviation by 70.5%, and R?
standard deviation by 68.4%. By contrast, the PSO-selected configuration reaches
50.2768 4+ 11.8464 RMSE under the same final evaluation protocol.

The results therefore support two conclusions that remain within the evidence.
First, hyperparameter selection can materially alter both accuracy and temporal sta-
bility even when the underlying WiseLSTM architecture is unchanged. Second, the
reported WOA execution identifies a more transferable and cross-fold-stable configu-
ration than the reported PSO execution, despite requiring more search time. The tra-
jectories characterize these specific stochastic executions; establishing optimizer-level
superiority would require repeated independent searches under matched budgets.

5 Discussion

The results support the value of combining local temporal feature extraction with
recurrent sequence modeling. WiseLSTM improves mean RMSE and MAE relative
to the conventional CNN-LSTM benchmark and also outperforms one-hour persis-
tence, which proved stronger than several neural baselines. This ordering is informative
because it places the proposed architecture above both a competitive short-horizon
time-series heuristic and a conventional hybrid deep-learning model.

The depthwise-separable front-end should be interpreted primarily as an efficient
factorization of local feature extraction rather than as evidence that the complete

12
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Fig. 4 Best objective value observed during the reported metaheuristic executions. (a) PSO
improves rapidly during the early search and subsequently reaches a plateau. (b) WOA continues to
identify improved configurations through later iterations before stabilization. The curves characterize
these executions and are not interpreted as repeated-run evidence of algorithm-level superiority.

Table 4 Metaheuristic search outcomes, selected hyperparameters, and final predictive
performance. Search fitness is the best RMSE observed during hyperparameter selection; final
metrics are mean + standard deviation across the five blocked repeated-holdout test folds.

(a) Search outcome and selected configuration

Metric / Parameter PSO WOA
Population size 30 30
Maximum iterations 20 20
Iterations reached 13 15
Elapsed time (min) 550.94 750.12
Best search fitness, RMSE (MW)  43.1120 33.2270
Search-to-evaluation RMSE gap 16.6% 1.3%
LSTM layers 4 2
LSTM hidden size 113 71
CNN output channels 420 142
Dropout probability 0.1000 0.1474
Learning rate 1x107° 4x107*

(b) Final forecasting performance

Model RMSE mean (MW) RMSE SD (MW) MAE mean (MW) MAE SD (MW) R? mean R?SD SMAPE mean SMAPE SD
WiseLSTM 33.9143 3.7023 20.4030 3.0034 0.9657  0.0076 34.3249 2.7679
WiseLSTM-PSO 50.2768 11.8464 37.1325 11.0197 0.9219  0.0358 45.3250 6.0574
WiseLSTM-WOA 33.6660 1.2409 20.2262 0.8849  0.9665 0.0024 34.0384 1.4170

WiseLSTM network is universally smaller than all comparison models. At matched
channel widths, the two depthwise-pointwise blocks require 65.8% fewer convolutional
kernel weights than standard convolutions. This efficiency allows local temporal rep-
resentations to be expanded before recurrent modeling without incurring the kernel
cost of an equally wide conventional convolutional front-end.

The metaheuristic results reveal a second aspect of the problem. Hyperparame-
ter selection changes not only average accuracy but also the consistency of the model
across temporal windows. The reported searches also reveal a practical cost—transfer
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trade-off. WOA requires 36.2% more wall-clock search time than PSO, but it selects a
configuration that is structurally smaller along the optimized architecture dimensions
and whose validation-search fitness remains much closer to its final five-fold RMSE.
This pattern is consistent with a search that expends additional computational effort to
identify a configuration that transfers more faithfully beyond the reduced optimization
subset. Because only one stochastic execution of each optimizer is available, this inter-
pretation is restricted to the observed runs and does not constitute an optimizer-level
ranking. The WOA-selected configuration produces only a small additional reduction
in mean RMSE relative to untuned WiseLLSTM, yet its fold-level dispersion is markedly
lower. The more compact recurrent configuration identified in that execution suggests
that additional depth and width are not automatically beneficial for this forecasting
task. Conversely, the PSO-selected configuration shows substantially poorer perfor-
mance under the final evaluation protocol than under its internal search objective. This
contrast highlights the importance of evaluating selected hyperparameters outside the
optimization trajectory.

Regarding the hydrogen context it should be interpreted at the forecasting layer of
the renewable-to-hydrogen chain. WiseLSTM does not directly optimize electrolyzer
operation, hydrogen yield, or production cost. Instead, more accurate and stable
estimates of near-term wind-power availability can reduce uncertainty in the informa-
tion supplied to downstream scheduling and energy-management models. Quantifying
the operational value of those forecasts within a coupled forecasting—optimization
framework remains a natural extension of the present study.

6 Conclusion

This study introduced WiseLSTM, a hybrid architecture that combines depthwise-
separable temporal convolutions with LSTM modeling for one-hour-ahead offshore
wind-power forecasting. Evaluated over five chronologically ordered repeated holdouts,
WiseLSTM achieved the best mean RMSE, MAE, and R? among the evaluated learn-
ing architectures. It also outperformed one-hour persistence, reducing mean RMSE by
approximately 8.5%, and improved upon the conventional CNN-LSTM benchmark by
approximately 5.0% in RMSE and 10.8% in MAE.

The architecture provides a parameter-efficient mechanism for local feature extrac-
tion: at the channel widths used by WiseLSTM, depthwise—pointwise factorization
reduces convolutional kernel weights by approximately 65.8% relative to standard con-
volutions of equal width. The results therefore support the use of efficient local filtering
before recurrent processing in a highly variable short-horizon forecasting setting.

Hyperparameter optimization further showed that configuration choice can
strongly affect generalization. The WOA-selected model produced only a modest
improvement in mean error but substantially reduced cross-fold dispersion. It also
exhibited a search-to-evaluation RMSE gap of approximately 1.3%, compared with
16.6% for the PSO-selected configuration, despite requiring 36.2% more search time.
These observations emphasize that the practical value of hyperparameter search lies
not only in obtaining a lower internal objective but also in identifying configurations
that remain stable under temporally distinct evaluation windows.
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In this work, WiseLSTM provided a compact methodological framework for study-
ing the interaction between local temporal representation, recurrent forecasting, and
metaheuristic configuration. Its forecasts may support downstream renewable-to-
hydrogen scheduling, while direct quantification of hydrogen-system benefits requires
explicit integration with electrolyzer and operational optimization models.

7 Future Work

Several directions follow naturally from the present results. First, the architecture
should be evaluated across additional wind farms and geographical regions to deter-
mine how well its gains transfer beyond the Baie de Saint-Brieuc series. Multi-site and
probabilistic formulations would be particularly useful for characterizing uncertainty
under heterogeneous atmospheric regimes [23].

Second, future work may compare WiseLSTM with modern transformer-based and
foundation-model approaches using the same temporal folds and forecasting horizon.
Such an extension would clarify the trade-off between forecast accuracy, architectural
complexity, and computational requirements [24].

Third, the hyperparameter study can be strengthened through multiple inde-
pendent runs of each optimizer under matched computational budgets and through
additional search strategies such as Bayesian optimization [25]. Repeated runs would
make it possible to separate the behavior of a particular stochastic execution from
systematic differences between optimizers.

Finally, the forecasting model can be incorporated into a downstream optimiza-
tion framework for electrolyzer scheduling and hydrogen production. Such integration
would enable the value of improved wind forecasts to be quantified directly in terms
of operational decisions, hydrogen yield, and economic performance [26].
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