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ABSTRACT

Environmental pollution and fossil fuel depletion have prompted the need for renewable energy-based
power generation. However, its stability is often challenged by low energy density and non-stationary
conditions. Wave energy converters (WECs), in particular, need reliable real-time wave height
prediction to address these issues caused by irregular wave patterns, which can lead to the inefficient
and unstable operation of WECs. In this study, we propose an AI-powered reliable real-time wave
height prediction model that integrates long short-term memory (LSTM) networks for temporal
prediction with deep ensemble (DE) for robust uncertainty quantification (UQ), ensuring high
accuracy and reliability. To further enhance the reliability, uncertainty calibration is applied, which
has proven to significantly improve the quality of the quantified uncertainty. Using real operational
data from an oscillating water column-wave energy converter (OWC-WEC) system in Jeju, South
Korea, the model achieves notable accuracy (R2 > 0.9), while increasing uncertainty quality by
over 50% through simple calibration technique. Furthermore, a comprehensive parametric study
is conducted to explore the effects of key model hyperparameters, offering valuable guidelines for
diverse operational scenarios, characterized by differences in wavelength, amplitude, and period.
These results demonstrate the model’s capability to deliver reliable predictions, facilitating digital
twin of the ocean.

Keywords Digital twin · Wave energy converter · Wave height prediction · Uncertainty quantification · Uncertainty
calibration · Deep ensemble

1 Introduction

Energy decarbonization and sustainable industries are essential for addressing global climate change, as emphasized
in the sustainable development goals (SDGs) adopted by all United Nations Member States in 2015 [1, 2]. These
goals highlight the transformation from conventional fossil fuels to renewable energy resources, which are capable of
reducing greenhouse gas emissions and mitigating climate change. From this perspective, the utilization of renewable
energy resources and technologies is continuously required. The most widely used renewable energy types are wind
energy, solar energy, and hydropower. Especially, ocean waves generated by wind, with their large potential energy
capacity and higher energy density compared to other renewable resources [3], are expected to play a significant role in
achieving SDG 7 (Affordable and Clean Energy) and SDG 13 (Climate Action). Consequently, global interest in wave
energy-based power generation has been steadily increasing over time [4, 5].
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In perspective of wave energy conversion technology, various systems called WECs have been proposed and
have experienced rapid growth in recent decades to utilize the enormous energy resources in the ocean [6, 7, 8, 9].
Primary wave energy conversion is achieved by oscillating water column-based systems, including floating body,
oscillating solid member, and oscillating water within a structure [10, 11, 12]. Unlike hydropower energy, the power
generation using WECs mainly depends on short-term and local conditions such as wave height, period, and spectra.
It means that these systems may face several limitations in stable power generation due to local and irregular wave
patterns. Therefore, real-time wave height prediction is essential to increase the availability on WECs. In fact, recent
studies have demonstrated the importance of real-time wave height prediction model for the operation of the WECs
[13, 14, 15, 16, 17, 18]. Moreover, these prediction models are also necessary to construct digital twins of the WECs,
which are virtual representations of physical objects and systems, to make real-time decisions regarding the stable
operation.

There have been numerous studies on wave height prediction, focusing on the development of theoretical and
statistical models [19, 20, 21, 22, 23, 24, 25]. More recently, machine learning (ML)-based approaches, including deep
learning (DL), have been increasingly used to overcome the limitations of conventional methodologies, particularly in
handling nonlinear patterns and large datasets [26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40]. These studies
involve various datasets provided by simulation, experiment, operational, and public data repositories, covering scales
from local to global. An oscillating water column-wave energy converter (OWC-WEC), which is the primary focus of this
study, also requires high-quality and reliable wave height prediction models for its operation and management. Various
studies have explored numerical and experimental approaches [41, 42, 43, 44, 45], as well as artificial intelligence
(AI)-based approach using the LSTM algorithm to handle time-series wave patterns data [46]. However, most existing
wave height prediction models are limited in that they cannot provide the information on the uncertainty over their
predictions. More specifically, their deterministic models provide a single prediction value, while probabilistic models
provide not only the prediction values, but also the quantified uncertainty in their predictions. In real-world applications,
deterministic prediction models cannot provide uncertainty estimates, which may lead to catastrophic outcomes in
WEC operations, such as excessive air inflow resulting from unanticipated changes in wave height that the deterministic
model fails to account for, potentially damaging the air turbine.

From a DL perspective on UQ, there are two main categories [47]: Bayesian-based approach [48, 49] and ensemble-
based approach [50]. The Bayesian-based approach, commonly known as Bayesian neural network (BNN) has been
widely used for UQ in DL models [51]. For real-time ocean wave prediction, a BNN-based prediction method was
proposed in [52]. On the other hand, the ensemble-based approach, known as DE, is also often used to effectively
calculate uncertainty owing to their advantages: simplicity and scalability. In particular, DE is considered more practical
than BNN for dataset shifting, as it explores diverse modes in function space, whereas Bayesian-based approach tends to
fall into a single mode [53]. Despite these advantages, there are no known applications of DE in wave height prediction,
especially for short-term and local scales, although research has been conducted on probabilistic spatiotemporal
forecasting for solar irradiation on a global scale [54]. Furthermore, in uncertainty estimation for AI-based classification
and regression models, including DL, it is crucial to conduct quantitative quality evaluations to ensure the reliability of
the probabilistic model and apply uncertainty calibrations based on these evaluations metrics [55, 56, 57, 58, 59, 60].
However, prior studies, including the BNN-based method for wave height prediction [52], have not incorporated
calibration methods to enhance the quality of UQ. In this regard, the calibration framework for DEs have been proposed
in multi-output regression tasks [61] to obtain reliable probabilistic predictions. Although this research represents
the state-of-the-art reliable probabilistic predictions in multi-output regression tasks, which could be applicable to
time-series data like wave patterns, it has not yet been validated for temporal multi-output regression tasks.

In this study, we propose a simple and scalable LSTM-DE model architecture to construct a reliable real-time
wave height prediction model to be embedded into digital twin of WECs. Specifically, we conduct the research mainly
considering the following three aspects: (1) a simplicity and scalability of LSTM-DE model architecture, (2) high
accuracy for prediction, and (3) reliable UQ coupled with uncertainty calibration. Within these perspectives, we also
demonstrate the impact of ocean-related domain knowledge on model performance to implement effective and efficient
experimental design and optimize the hyperparameters of DL model architectures. To verify the effectiveness and
applicability of embedding into digital twin of WECs, we use real operational data from the 500kw OWC-WEC installed
on the coast of Jeju Island, South Korea (Fig. 1) [62], along with its digital twin platform developed by Korea Research
Institute of Ships & Ocean Engineering (KRISO) (Fig. 2). To the best of our knowledge, this is the first case of using a
calibrated DE methodology for real-time wave height prediction. The corresponding results are expected to enhance
the availability of WECs and facilitate the development of a digital twin of the ocean, providing robust and reliable
real-time wave height predictions in perspective of temporal multi-output regression tasks.

The main contributions and novelties of this paper are summarized as follows:
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1. This is the first study to apply DE methodology with uncertainty calibration for reliable real-time wave height
prediction, ensuring accurate predictions and reliable quantified uncertainties, which can be embedded into the
digital twin of the ocean to support real-time decision-making for stable WEC operations.

2. A lightweight yet powerful LSTM architecture, achieving efficiency with a single layer for reduced computa-
tional cost and leveraging the entire hidden state information to enhance predictive accuracy. This approach
effectively captures highly nonlinear wave behaviors while ensuring both performance and scalability.

3. A simple and scalable DE methodology is combined with an effective post-hoc uncertainty calibration
technique to estimate model uncertainty and enhance its reliability, and its effectiveness is verified qualitatively
and quantitatively.

4. The baseline LSTM-DE model, combining the temporal modeling strength of LSTM with the robust UQ of DE,
is developed using real operational data from an ocean-installed OWC-WEC system, which exhibits greater
irregularity than simulation and experimental datasets used in previous research. The study also investigates
the impact of ocean-related domain knowledge in designing initial experiments to minimize training costs.

5. A comprehensive parametric study is conducted on various model hyperparameters and ocean wave types,
characterized by differences in wavelength, amplitude, and period. This study evaluates predictive accuracy
and uncertainty quality while incorporating uncertainty calibration to enhance model reliability, providing
valuable insights and guidance for future researchers.

The remainder of this paper is organized as follows. Section 2 provides a brief overview of the OWC-WEC,
LSTM, DE, uncertainty evaluation, and its calibration. Section 3 explains the proposed LSTM-DE model architecture,
corresponding to temporal multi-output regression with uncertainty, for real-time wave height prediction. Section
4 presents the experimental settings, results, and discussion. Finally, Section 5 offers our conclusions and suggests
directions for future work.

Figure 1: 500kW OWC-WEC at Yongsoo, Jeju, South Korea.

2 Methodology

2.1 Oscillating water column-wave energy converter (OWC-WEC)

An oscillating water column-wave energy converter (OWC-WEC) is a renewable energy system designed to harness the
vertical motion of ocean waves to generate electricity. The system consists of a partially submerged concrete structure,
air chamber, air turbine, and generator, as shown in Fig. 3. When an incident wave interacts with the OWC-WEC,
the oscillating motion of the water column within the air chamber forces the inside air. This movement generates an
airflow that drives the connected air turbine. The rotation of turbine then produces electricity via the generator. With this
regard, accurate and reliable wave predictions are essential for efficient operation and management of OWC-WEC, as
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Figure 2: Digital twin of OWC-WEC developed by KRISO.

wave behavior directly influences energy output and helps prevent system shutdowns, avoiding potential damage to the
system. Moreover, the inherent variability of wave energy presents challenges to both operational efficiency and power
generation stability. To address these challenges, it is crucial to predict the water column height inside the chamber in
real time with both accurate predictions and reliable uncertainty estimates for efficient system control.

Figure 3: Schematic diagram of OWC-WEC.

In this study, an LSTM-DE model architecture is proposed for real-time wave height prediction, using univariate
time-series data collected from a pressure sensor installed at the bottom of the OWC-WEC chamber. LSTM is employed
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to effectively predict time-series data, while DE ensures simple and scalable UQ. Additionally, uncertainty calibration
is applied to enhance model reliability further. The pressure data, convertible from pressure (mbar) to wave height (m)
using the principles of hydrostatic pressure, enables the model to accurately capture the oscillating motion of the water
column and reliably predict its behavior. By doing so, the system efficiently converts the ocean’s kinetic energy into
electrical energy, making it a valuable resource for ocean energy technologies.

2.2 Long short-term memory (LSTM) network for temporal prediction

In this study, a long short-term memory (LSTM) network was used to handle time-series data, such as temporal
dynamics of ocean waves. The LSTM network is a type of recurrent neural network (RNN) [63, 64], designed to address
the vanishing gradient problem, which affects long-term dependencies in traditional RNNs. By embedding a gating
mechanism that allows information to be retained over extended time intervals, LSTM networks have been shown to
learn long-term dependencies more effectively than simple RNN architectures [65, 66, 67], demonstrating successful
capabilities in modeling sequential data and capturing long-term dependencies in various applications [68, 69].

The main component of LSTM network is the LSTM cell, which consists of forget gate, input gate, and output gate,
as shown in Fig. 4. These gates regulate the information of sequence data into, out of, and through the cell state, which
stores the values as memories over various time intervals. This allows the LSTM network to retain information over
long sequences, mitigating the vanishing gradient problem that traditional RNNs face. The key equations governing the
LSTM cell are as follows:

ft = σ(wf [ht−1, xt] + bf )

it = σ(wi[ht−1, xt] + bi)

c̃t = tanh(wc[ht−1, xt] + bc)

ct = ft ⊙ ct−1 + it ⊙ c̃t
ot = σ(wo[ht−1, xt] + bo)

ht = ot ⊙ tanh(ct)

(1)

where xt is the input at time t. ht−1 and ht refer to the previous and current hidden states. ft, it, and ot represent the
forget, input, and output gates. w and b are the corresponding weights and biases for each gate. ct is the cell state, and
c̃t is the candidate value. The function σ(·) is the sigmoid activation function, while tanh(·) is the hyperbolic tangent
activation function. Finally, ⊙ denotes element-wise multiplication.

The forget gate ft determines which information from the previous cell state ct−1 should be retained or discarded,
producing a value between 0 (forget) and 1 (preserve) through the sigmoid function σ, based on the previous hidden
state ht−1 and the current input xt. Next, the input gate it decides which new information will be added to the cell state
ct, while the tanh layer generates a vector of candidate values c̃t that could be added to the cell state ct. The cell state
ct is updated by combining the previous cell state ct−1, modulated by the forget gate ft, with the candidate values c̃t
from the input gate it, as shown in Eq. (1). Finally, the output gate ot determines which part of the cell state will be
output as the next hidden state ht. The updated cell state ct is passed through the tanh layer, and then multiplied by the
output of the output gate ot to produce the hidden state ht. This mechanism enables LSTM networks to effectively
overcome the long-term dependencies problem when handling time-series data for regression tasks.

In general, LSTM-based time-seires prediction models utilize the last hidden state of the sequence to represent the
entire input data. This state is then connected to a fully connected layer to generate either a single output (next time
step) or multiple outputs (future steps). However, in this research, we concatenate the entire sequence of hidden states
and connect them to the multi-output layer. This approach captures more comprehensive past time-series information,
enabling effective temporal multi-output regression for real-time wave height prediction by leveraging a broader range
of temporal dependencies for improved prediction accuracy.

2.3 Deep ensemble (DE) for UQ

In this study, the DE approach, well-known for its effectiveness in UQ, is applied to overcome the limitations inherent
in BNNs, such as robustness and model complexity. DE is a probabilistic model that leverages an ensemble of neural
networks (NNs), each generating outputs as a Gaussian distribution N(µ(x), σ2(x)), where µ(x) and σ2(x) represent
the predicted mean and variance, respectively. This framework provides a straightforward and scalable solution for
estimating predictive uncertainty in NNs, demonstrating effectiveness in both regression and classification tasks [50].
σ(x) indicates a measure of model uncertainty, and these probabilistic outputs are calculated using the negative
log-likelihood (NLL) loss function, a standard metric for assessing probabilistic model performance.
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Figure 4: Architecture of LSTM cell.

NLL(µ(x), σ2(x), y) = − log(pθ(y|x)) =
log σ2(x)

2
+

(y − µ(x))2

2σ2(x)
+ constant (2)

Despite the strengths of single probabilistic NNs, they are often limited in their ability to estimate only aleatoric
uncertainty (data uncertainty), but not epistemic uncertainty (model uncertainty). Aleatoric uncertainty arises from
variability inherent to the data, while epistemic uncertainty stems from limited data coverage or lack of knowledge.
Since we use real operational data, unlike simulations where only model uncertainty exists due to the absence of
data noise, a methodology capable of addressing both data and model uncertainty is essential, as both uncertainties
coexist in this case. DE addresses this issue by combining predictions from multiple models, each trained with different
random initializations but identical architectures, to capture both types of uncertainty [50]. The final predictions are
then obtained by aggregating outputs from all NNs, resulting in a Gaussian mixture as follows:

µ̂(x) =
1

M

M∑
i=1

µi(x)

σ̂2(x) =
1

M

M∑
i=1

(
σ2
i (x) + µ2

i (x)
)
− µ̂2(x)

(3)

where M denotes the number of probabilistic NNs used in the DE. The aggregated predictive mean of DE is µ̂, and the
aggregated predictive uncertainty is σ̂2.

The overall DE architecture is illustrated in Fig. 5. The primary advantage of DE is the ability to enhance both
predictive accuracy and uncertainty estimation without the complex training procedures required by BNNs [53]. BNN,
which learn distributions over the hyperparameters of the NNs, are theoretically well-motivated by Bayesian principles,
but do not perform as well as DEs in practice, particularly under dataset shift. In contrast to BNNs, which are constrained
by complex model architectures, DE enables parallel computations without such restrictions. By leveraging model
diversity through random initialization of each ensemble component, DEs explore diverse data distributions, enhancing
model robustness. Previous studies demonstrate that DE consistently outperforms methods such as Monte Carlo dropout
and BNNs in producing well-calibrated uncertainty estimates [50, 53]. Furthermore, DEs are easily scalable to large
datasets and complex architectures related to practical applications involving UQ.
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Based on these advantages, in this research, the DE method is utilized for temporal multi-output regression in
reliable real-time wave height prediction. Leveraging real-world sensor data from operational WEC systems, which
inherently includes both aleatoric uncertainty (data uncertainty) and epistemic uncertainty (model uncertainty) due to the
irregular and dynamic nature of ocean environments, this approach effectively addresses the coexistence of uncertainties.
The simple and scalable LSTM-DE model provides robust and high-quality uncertainty estimates, facilitating real-time
decision-making for stable and efficient WEC operations.

Figure 5: Architecture of DE approach.

2.4 Evaluation metrics

In this study, we evaluate the performance of LSTM-DE model using four widely utilized evaluation metrics: root mean
squared error (RMSE), mean absolute percentage error (MAPE), coefficient of determination (R2), and area under
the calibration error (AUCE). These metrics are selected for their relevance and effectiveness in quantifying both the
predictive accuracy and the quality of UQ in regression tasks.

2.4.1 Prediction performance

The prediction performance metrics (RMSE, MAPE, and R2) evaluate the accuracy of the predicted values calculated by
the LSTM-DE model against the ground truth. These metrics are essential for assessing how effectively the LSTM-DE
model captures irregular wave height patterns in regression tasks.

Root mean squared error (RMSE) The RMSE is a standard measure of the average magnitude of the prediction
error. It is defined as the square root of the mean of the squared differences between the predicted values (ŷi) and the
actual values (yi):

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (4)

where n represents the number of data points. RMSE is particularly sensitive to large errors, making it a useful metric
when the cost of large errors is high.

Mean absolute percentage error (MAPE) The MAPE measures the accuracy of the model as a percentage. It is
defined as the average of the absolute percentage errors between the predicted and actual values:
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MAPE =
100%

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (5)

where n represents the number of data points. MAPE provides an intuitive interpretation of prediction accuracy, where
lower values indicate better model performance. However, it is important to note that MAPE can be biased if the actual
values (yi) are close to zero.

Coefficient of determination (R2) The R2 quantifies the proportion of the variance in the dependent variable that is
predictable from the independent variables. It is calculated as follows:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(6)

where ȳ is the mean of the observed data. R2 values range from 0 to 1, with higher values indicating better model fit.
An R2 of 1 indicates that the model perfectly explains the variance in the data.

2.4.2 Quality of UQ

In contrast, the UQ quality metric (AUCE) is employed to evaluate whether the uncertainty estimates calculated by the
LSTM-DE model are both reliable and well-calibrated, ensuring they accurately reflect the actual uncertainty associated
with the predictions.

Area under the calibration error (AUCE) The AUCE is a widely used metric that indicates confidence in the
reliability of estimated uncertainty by probabilistic models through a reliability plot, also known as calibration
plot [49, 57]. The purpose of AUCE measurement is to ensure that the estimated CIs are practically accurate. The
mathematical form is as follows:

AUCE =
1

K

K∑
i=1

|p̂i − pi| (7)

where K denotes the number of CI candidates. pi is each CI candidate in p = (p1, p2, ...pK), representing the predicted
CI. p̂i is the ratio of instances where the ground truth falls within each CI pi, reflecting the observed CI.

If the observed CI p̂i exceeds the predicted CI pi, as shown in Fig. 6 (a), the model is underconfident. Otherwise, it
is overconfident like Fig. 6 (b). A well-calibarated model should satisfy p̂i ∼= pi and have a low AUCE value, indicating
that the estimated uncertainty is reliable. Based on the reliability plots for the probabilistic model, AUCE is measured
as the area between the calibration curve and ideal line (p̂i = pi), quantifying the quality of model uncertainty. The
tendency of the models to be underconfident or overconfident is assessed by the location of calibration curve and the
size of these areas.

2.5 Standard deviation (STD) scaling for uncertainty calibration

When the estimated uncertainty is imprecise as indicated by AUCE, calibration methods become essential to enhance the
quality of UQ. One widely used method is temperature scaling, a parametric approach easily adaptable to engineering
application [56]. For regression tasks, a method known as STD scaling was introduced, offering a straightforward yet
effective approach to improving uncertainty calibration by adjusting the predicted STD [60]. In STD scaling, a scaling
factor s is optimized and applied to the STD estimated by DE models to minimize the NLL loss, as below:

s = argmin
s

(
log(sσ̂(x))2

2
+

(y − µ̂(x))2

2(sσ̂(x))2
+ constant

)
(8)

where s is the scaling factor. µ̂(x) and σ̂(x) represent the predicted value and estimated uncertainty from the model
before calibration, respectively.

This method is a post-process calibration, adjusting only the estimated uncertainty independent from the model
training procedure. For this calibration, a separate validation dataset, distinct from train and test datasets, is required. In
summary, this study utilizes a straightforward STD scaling method for uncertainty calibration through the scaling factor
s, while maintaining the integrity of pre-trained NNs. By leveraging STD scaling, the method provides reliable and
well-calibrated uncertainty estimates, accurately representing the uncertainty associated with the real-time wave height
predictions.
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Figure 6: Example of CI-based reliability plot (a) underconfident and (b) overconfident.

3 Proposed method: LSTM-DE

3.1 Necessity of the proposed method

Reliable real-time wave height prediction requires not only high predictive accuracy but also reliable quantified
uncertainties to enable effective decision-making for stable WEC operations. Conventional time-series prediction
methods often focus on deterministic outputs, limiting their ability to address the inherent complexities of highly
nonlinear and irregular wave behaviors. Existing LSTM-based approaches typically rely on the last hidden state, which
fails to leverage the full temporal dynamics of the input sequence. In general, probabilistic models such as BNNs,
while promising for UQ, are prone to overfitting due to their tendency to converge to single-mode solutions and require
computationally expensive training, making them impractical for real-time applications. Moreover, previous studies,
including BNN-based wave height prediction methods [52], have not employed calibration techniques to improve the
quality of uncertainty estimates for model reliability.

The proposed LSTM-DE model architecture addresses these challenges by integrating LSTM networks for temporal
prediction with DE for robust UQ. By utilizing all hidden states across the input sequence, the architecture captures a
broader range of temporal dependencies, significantly enhancing prediction performance. This approach is similar to
the attention mechanism [70, 71], which also leverage all hidden states; however, the LSTM-DE model assigns equal
weights to each state, maintaining simplicity while maximizing effectiveness for model training. DE further enhances the
architecture by aggregating predictions from an ensemble of models, each trained with different random initializations,
thereby reducing variance and improving the reliability of probabilistic outputs. Additionally, the inclusion of a post-hoc
calibration step using STD scaling further aligns predicted uncertainties with observed values, ensuring well-calibrated
and reliable uncertainty estimates crucial for real-time decision-making. By combining these novel approaches, the
LSTM-DE model offers a robust, simple, scalable, and efficient solution for real-time wave height prediction, ensuring
both high predictive accuracy and reliable UQ.

To the best of our knowledge, this is the first study to integrate LSTM utilizing all hidden states, DE for robust UQ,
and STD scaling for post-hoc uncertainty calibration into a unified framework for real-time wave height prediction,
effectively addressing the limitations of conventional methods. Key advantages of the proposed method are summarized
as follows:

1. Enhanced LSTM with entire hidden states: Conventional LSTM models rely only on the last hidden state for
predictions. The proposed method concatenates all hidden states across the input sequence to capture more
comprehensive past temporal information. This approach enables effective temporal multi-output regression,
improving predictive accuracy.
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2. Robust, simple, and scalable UQ with DE: DE enhances model robustness by leveraging diverse predictions
from multiple models trained with different random initializations for model parameters. By aggregating
these predicted values, the simple and scalable DE achieves improved reliability and reduced variance in
probabilistic outputs, making it well-suited for scenarios where uncertainty estimation is critical.

3. Post-hoc uncertainty calibration with STD scaling: STD scaling adjusts predicted uncertainties through a
post-processing step, independent of training. This calibration technique aligns predicted uncertainty with
observed values using an optimized scaling factor. It ensures reliable uncertainty estimates, crucial for real-time
decision-making in dynamic ocean environments.

3.2 LSTM-DE for temporal multi-output regression with uncertainty

The proposed LSTM-DE model architecture, illustrated in Fig. 7, combines LSTM with the DE approach to develop a
lightweight yet powerful probabilistic wave height prediction model. This architecture is designed to balance predictive
accuracy and robust UQ. The input data is a time-series sequence x = (x1, x2, . . . , xl), fed into the LSTM networks
with a window size l, which captures past temporal features across multiple time steps. Each input passes through the
LSTM cells, generating the hidden state sequence h = (h1,h2, . . . ,hl). To maintain the lightweight structure of the
model, characterized by a minimized total number of hyperparameters for real-time prediction, a single hidden layer is
selected for the LSTM model architecture using concatenation. The output layer consists of two parallel fully connected
layers: one predicting the mean (µi) of the wave height patterns, and the other predicting its variance (σ2

i ). This enables
the model to provide not only point estimates but also the uncertainty estimates associated with each prediction, σ2

i . In
general, auto-regressive methods, which are commonly used for time-series predictions and typically aim to predict
single future time-step, often encounter the issue of cumulative errors as they sequentially use their own predictions
as inputs for subsequent steps [72, 73]. This can lead to significant errors over time, particularly in highly nonlinear
systems like WECs. To address this issue, a multi-output regression approach was adopted, where the model is trained
to predict the consecutive future trajectory y = (y1, y2, . . . , ym) following the past window, with a step size equal to
the interval size m, rather than focusing on a single time-step regression task. This approach captures a broader scope
of temporal information, allowing for more accurate long-term predictions without the drawbacks of auto-regressive
methods.

To further enhance the robustness and reliability of the predictions, the DE methodology was integrated into the
architecture. DEs offer a straightforward and scalable solution for UQ, as demonstrated in prior studies [50, 53].
This method not only produces uncertainty estimates but also strengthens the model’s robustness, especially when
encountering out-of-distribution data. In the proposed architecture, M independent LSTM models are trained with
identical architectures but with different random initializations for model parameters: the use of diverse random
initializations across the ensemble allows the model to capture various aspects of the data, thus improving both
accuracy and UQ. Finally, each model independently generates predictions (µ1, µ2, . . . , µM ) and their uncertainties
(σ2

1 , σ
2
2 , . . . , σ

2
M ), capturing the inherent model uncertainty called epistemic uncertainty. By aggregating predictions

from multiple models, the architecture provides a comprehensive estimates of the prediction (µ̂) and uncertainty (σ̂2)
in Eq. (3). This enables the model to produce point estimates and their confidence intervals (CIs), ensuring robust
prediction and UQ. In general, the ensemble approach is known to significantly enhance the prediction performance and
ensures effective UQ, contributing to the overall scalability and robustness of the prediction model. Moreover, as detailed
in Section 2.5, the proposed LSTM-DE model improves the reliability of UQ by incorporating a post-hoc calibration
technique called STD scaling. This method aligns the predicted uncertainty with the observed uncertainty by calibrating
the CIs through the multiplication of an optimized scaling factor s. By enhancing the quality of uncertainty estimates,
this additional step strengthens the applicability of the LSTM-DE model architecture for real-time decision-making in
dynamic ocean environments, where reliable uncertainty is essential for stable WEC operations.

In summary, the proposed LSTM-DE model architecture effectively combines the temporal modeling strengths of
LSTM networks with the robust UQ provided by DE, further enhanced through post-hoc uncertainty calibration using
STD scaling. By leveraging LSTM’s ability to capture temporal dependencies across multiple time steps and employing
DE to deliver robust and reliable UQ through variance reduction via model diversity, the model achieves enhanced
probabilistic time-series predictions. This combination is particularly suited for spatiotemporal regression tasks, such
as real-time wave height prediction in dynamic ocean environments, where both predictive accuracy and reliable UQ
are essential. To further improve the reliability of UQ, STD scaling is applied as a post-hoc uncertainty calibration
method. This technique aligns the predicted uncertainty with observed values by applying an optimized scaling factor s,
ensuring that the predicted CIs are well-calibrated for real-time decision-making in dynamic and unpredictable ocean
environments. By integrating LSTM for enhanced temporal feature extraction, DE for robust, simple, and scalable UQ,
and STD scaling for post-hoc uncertainty calibration, the proposed LSTM-DE architecture provides an effective and
efficient solution for complex time-series data prediction challenges, particularly in WEC systems.
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Figure 7: LSTM-DE model architecture for temporal multi-output regression.

4 Results and discussion

In this section, the performance of the proposed LSTM-DE model is evaluated in terms of probabilistic prediction
and reliability. Section 4.1 outlines the dataset details and experimental setup, including data preprocessing, train-
validation-test splits, and hyperparameter configurations. Subsequently, the baseline model was assessed in Section 4.2
using established scoring metrics. A parametric study, as presented in Section 4.3, explored the impact of prediction
length, window size, interval size, and the number of ensemble models on predictive accuracy and the quality of UQ.
Additionally, the model’s robustness was validated across diverse ocean wave types, including regular, amplifying,
damping, and calm waves, as detailed in Section 4.4, demonstrating its ability to adapt to various wave dynamics while
maintaining high predictive accuracy and reliable UQ. Finally, Section 4.5 confirmed that STD scaling effectively
enhances the quality of UQ, ensuring the model is well-calibrated.

4.1 Details of experiments

In this study, the real operational pressure data measured by the 500kw OWC-WEC shown which is installed on
the coast of Jeju Island, South Korea in Fig. 1, was utilized to analyze the irregular ocean wave height variations
within the chamber. The data was collected over a specific period from December 2020 to February 2021, capturing
pressure fluctuations at the bottom of the OWC-WEC chamber with a sampling frequency of 20Hz (0.05 seconds for
1 timestep). It focused primarily on winter conditions, which are expected to provide suitable operational scenarios
for wave energy conversion [74]. As mentioned in Section 2.1, these pressure values, initially recorded in millibars
(mbar), were converted to meters (m) to predict wave heights on a meter scale, based on the principles of hydrostatic
pressures. Additionally, min-max normalization was applied to appropriately scale the data. This dataset was split into
train (80%), validation (10%), and test (10%) based on time sequence, as illustrated in Fig. 8. For UQ calibration, a
post-processing step with STD scaling, a separate validation dataset independent of the training and test process, is
required [60]. Therefore, the validation dataset is specifically utilized for this purpose.

As depicted in Fig. 8, the dataset was processed to generate input and label datasets for model training through
slicing techniques. Specifically, the window size (input) defines the range of past data utilized by the model to understand
irregular wave height patterns, while the interval size (output) indicates the range of future data that the model predicts.
The step size determines the sampling period of data extraction. By adjusting these hyperparameters (window, interval,
and step size), we have explored the model performance, balancing predictive accuracy with computational efficiency.
The collected time-series data was preprocessed to generate train, validation, and test datasets, with 80%, 10%, and
10% split, respectively. To ensure robust and reliable performance across different wave scenarios for conducting
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real-time wave height prediction, min-max normalization was applied to scale the time-series data before training the
model. Additionally, the predictive accuracy and the quality of UQ were first assessed using the validation dataset to
verify alignment with real-world conditions. The model’s final performance was then evaluated on the test dataset. All
experiments were conducted on a NVIDIA RTX A6000 GPUs.

Figure 8: OWC-WEC operational data and its pre-processing.

4.2 Baseline model with ocean-related domain knowledge

In this study, a baseline model was constructed and evaluated, with a focus on examining the influence of ocean-related
theory and empirical domain knowledge in designing efficient initial experiments to minimize training costs. Following
this, a parametric study was conducted to examine the effects of window size, interval size, and the number of models
on the predictive accuracy and the quality of UQ. The initial experimental conditions, detailed in Section 4.1, including
the key model hyperparameters, are summarized in Table 1. The baseline LSTM-DE model architecture comprises a
single LSTM layer with 70 nodes, trained over 3,500 epochs using the Adam optimizer and early stopping to prevent
overfitting. The NLL loss function was employed to ensure accurate quantification of both predictive accuracy and
uncertainty. Key hyperparameters, such as step size (50 timesteps: 2.5 seconds), window size (300 timesteps: 15
seconds), and interval size (70 timesteps: 3.5 seconds), were carefully determined through preliminary experiments and
informed by ocean-related domain knowledge [19, 25, 17].

Ocean waves, driven by wind, can be classified into various categories based on parameters such as frequency and
period, ranging from tidal waves (12–24 hours) to capillary waves (less than one second) [19]. For OWC-WECs, gravity
waves, with periods between 1 and 30 seconds, are the most significant, with energy typically concentrated in the 5–15
second range [25]. To achieve accurate predictions, utilizing past data spanning 2–3 dominant wave periods is crucial
[17]. Furthermore, in winter, which is expected to provide suitable operational scenarios for wave energy conversion
conditions in South Korea, waves with periods between 3 and 7 seconds are common. To prevent system shutdowns
and avoid potential damage to the system, predicting future wave peaks in real-time is crucial. Therefore, it requires
capturing the half-period of waves common in winter: that is, from 1.5 to 3.5 seconds. Based on these research findings,
it is feasible to design the model architecture according to the period of gravity wave, guiding the selection of the
appropriate length of past and future time-series data.

Using these conditions, the baseline model was constructed and trained on datasets divided into train, validation,
and testing sets to ensure robust and reliable performance. Training was repeated across datasets to analyze the model’s
performance consistently, leveraging domain knowledge to ensure stability. The baseline settings were established to
evaluate predictive accuracy, uncertainty estimates, and the effectiveness of STD scaling for UQ calibration. Further
experiments investigated the impact of window size, interval size, and the number of ensemble models compared to
the baseline. Additionally, the model’s ability to generalize across various wave scenarios was tested and visualized,
confirming its robustness and practical applicability for real-time OWC-WEC operations.

Table 2 presents the prediction performance of the baseline model across the train, validation, and test datasets.
The total training time was approximately 12,673 seconds (approximately 3.5 hours). The model demonstrates high
prediction performance, with all datasets showing R2 values above 0.9, indicating that the model can explain over
90% of the variance in the data, reflecting its robustness. As expected, the prediction performance on the test dataset
is slightly lower compared to the train and validation datasets, due to the test dataset containing unseen data that the
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Table 1: Initial experimental conditions.

Type Models Layer / Nodes Epochs Loss Function
LSTM-DE 5 1 / 70 3500 NLL

Optimizer Normalization Step Size Window Size Interval Size
Adam Min-Max 50 (2.5s) 300 (15.0s) 70 (3.5s)

model was not exposed to during training process. The error metrics, RMSE and MAPE, also follow a similar trend,
with the lower errors on the train and validation datasets compared to the test dataset. However, the model consistently
maintains high performance across all datasets, demonstrating its effectiveness and robustness in generalizing to unseen
data. This consistency suggests that the model is well-suited for time-extrapolation scenarios, reinforcing its potential
for reliable real-time wave height predictions with acceptable accuracy.

Table 2: Experimental results of baseline model (total).

Dataset RMSE MAPE R2 Training Time [s]
Train (80%) 12.23055 0.00466 0.97161 12673

Validation (10%) 11.11542 0.00454 0.97990 -
Test (10%) 20.64611 0.00913 0.91242 -

Additionally, Table 3 presents the predictive accuracy and quality of UQ for each time step (index) from the multi-
output regression results on the test dataset. Each time step corresponds to a specific prediction length, representing a
future point of interest defined by the user for the given application. It shows a high predictive accuracy at earlier time
steps, with R2 values exceeding 0.95 for predictions made at 0.5s and 1.0s (indices 10 and 20 time steps). However, as
the prediction length extends, a noticeable decrease in R2 is observed. The error metrics RMSE and MAPE follow a
similar trend, with lower errors at shorter time intervals and increasing errors as the time step progresses. The AUCE
values, which reflect the quality of UQ, demonstrate no specific trend as the prediction length increases, maintaining
consistently robust performance. This indicates that, unlike predictive accuracy, the UQ quality remains stable across
varying prediction lengths, highlighting the robustness and reliability of the DE approach in managing uncertainty
effectively for time-series prediction.

Table 3: Experimental results of baseline model (each index).

Index RMSE MAPE R2 AUCE
total 20.64611 0.00913 0.91242 0.05123

10 (0.5s) 6.24294 0.00267 0.99335 0.07390
20 (1.0s) 14.89808 0.00647 0.96213 0.03667
30 (1.5s) 22.79748 0.01006 0.91127 0.02903
40 (2.0s) 27.53285 0.01222 0.87067 0.03682
50 (2.5s) 28.83263 0.01283 0.85827 0.03833
60 (3.0s) 28.01967 0.01249 0.86607 0.03170
70 (3.5s) 28.35321 0.01256 0.86283 0.03201

Fig. 9 illustrates the multi-output prediction of the proposed LSTM-DE baseline model for wave height over time.
The prediction is performed over a quantity of interest (QoI) of 70 time steps (3.5 seconds) based on an input sequence
length of 300 time steps (15 seconds). Notably, in this study, sequences beyond the QoI (interval size) are deemed out
of interest, focusing solely on the interval size specified by ocean-related domain knowledge for real-time wave height
prediction. The blue line represents the input data, capturing the past historical wave patterns over 300 time steps. The
green line indicates the ground truth for the next 70 time steps, while the red line shows the predicted values by the
LSTM-DE. The shaded gray region reflects the 95% CI for the predicted output, quantifying the uncertainty over the
output. In the early time steps, the model demonstrates high accuracy and low uncertainty, particularly in short-term
predictions. One of the key observations is the gradual increase in both prediction error and uncertainty as the model
forecasts further into the future. In summary, the baseline model performs well in terms of predictive accuracy and
UQ at earlier time steps. However, as is typical in time-series forecasting, both prediction errors and CIs increase as
the prediction length extends. This highlights the importance of balancing model performance and prediction length
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when applying this approach to real-time wave energy conversion scenarios, including its integration with facilities and
digital twins.

Figure 9: Visualization of temporal multi-output regression using baseline model.

4.3 Parametric study of baseline model

The experimental results, shown in Fig. 10 and Table 4, demonstrate the effectiveness of the proposed LSTM-DE model
architecture across key model hyperparameters for time-series prediction: prediction length, window size, interval size,
and number of models. R2 and AUCE are used to assess predictive accuracy and the quality of UQ, respectively. This
parametric study is expected to provide valuable insights into the trade-offs involved in tuning these hyperparameters
for both prediction performance and UQ.

Effects of prediction length The effect of the prediction length, which refers to the future wave height prediction
point of interest specified by the user for each WEC system, is shown in Fig. 10 (a). In this study, while the LSTM-DE
model generates multi-output predictions for the entire interval size of 70 time steps, the prediction length is primarily
focused on 50 time steps (2.5 seconds). These values are selectively extracted from the model’s output and applied for
real-time wave height prediction. As the prediction length increases, the R2 value steadily decreases but stabilizes after
around 40 to 50 time steps. Similarly, the AUCE decreases sharply until about 20 time steps and then shows consistent
values with minimal variation. These results indicate that while both predictive accuracy and the quality of UQ decrease
over time, they stabilize beyond a certain point.

In summary, the LSTM-DE model demonstrates strong performance for shorter-term predictions with high predictive
accuracy. While R2 decreases as the prediction length increases, the quality of UQ remains stable, with only a modest
impact on overall performance. This highlights a trade-off in applications: users can choose to focus on highly
accurate short-term predictions or prioritize reasonable accuracy for longer-term predictions, depending on the specific
operational requirements of the WEC system.

Effects of window size The effect of the window size, which refers to the range of past input data utilized by the
model to capture the past wave height patterns that are highly irregular, is shown in Fig. 10 (b). As the window size
increases, the R2 value increases significantly, with a noticeable improvement between 100 and 400 time steps. Beyond
400 time steps, the R2 stabilizes around 0.95, indicating that increasing the window size up to a certain point allows the
model to better capture irregular wave height patterns, thereby improving predictive accuracy. Furthermore, window
sizes of approximately 300–400 time steps (15–20 seconds) are suggested as optimal for extracting relevant temporal
information in wave height prediction tasks. This choice aligns with the period of gravity waves (1-30 seconds), as
detailed in Section 4.2, where the majority of wave energy is concentrated in the 5–15 second range, equivalent to 2–3
dominant wave periods. By utilizing past data spanning 15–20 seconds, the model effectively captures the most critical
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wave dynamics, ensuring accurate predictions while minimizing the computational overhead associated with excessively
long window sizes. In contrast, the AUCE remains relatively stable across different window sizes, fluctuating slightly
around 0.05. This indicates that increasing the window size significantly enhances predictive accuracy without affecting
the quality of UQ, which remains stable across various window sizes. However, it is important to note that larger window
sizes also increase training time due to the more computational effort required to process longer sequences of time-series
data. This trade-off should be considered when selecting the window size, especially for real-time applications where
computational efficiency is critical.

In summary, while increasing the window size intuitionally improves predictive accuracy, it comes at the cost of
significantly higher memory usage and increased training time, as shown in Table 4. Domain knowledge suggests that
using approximately 300 time steps (15 seconds) as input is sufficient to achieve strong performance (R2 > 0.9), as it
effectively captures the critical wave dynamics within the dominant energy range of gravity waves. Beyond this, larger
window sizes may incorporate excessive and less relevant information, leading to diminishing returns in performance
while unnecessarily increasing computational demands. Thus, a window size of around 300 time steps strikes an
optimal balance between predictive accuracy, uncertainty quality, and computational efficiency, and is recommended
for practical applications.

Effects of interval size The effect of the interval size, which refers to the range of future label data that the model
predicts, is shown in Fig. 10 (c). As the interval size increases, the R2 value, calculated across all predicted future time
steps corresponding to the interval size, steadily decreases, starting from nearly 1.0 at an interval size of 10 time steps
and dropping to around 0.9 at an interval size of 70 time steps. This trend indicates that as the interval size increases,
the predictive accuracy decrease, capturing broader temporal wave height patterns. On the other hand, the AUCE drops
sharply from 0.15 to 0.05 as the interval size increases, stabilizing after 20 time steps. This result suggests that while
larger interval sizes reduce predictive accuracy, they contribute to stabilizing UQ.

In summary, increasing the interval size negatively impacts predictive accuracy, as reflected by the decline in R2,
but it enhances the quality of UQ, with the AUCE remaining low and stable at larger intervals. This suggests that
predicting longer intervals, while introducing a trade-off in predictive accuracy, allows the model to capture more
comprehensive output trends, ultimately improving the reliability of UQ. Conversely, shorter intervals provide higher
predictive accuracy but may result in lower UQ quality due to the limited information available for the model to infer
broader patterns.

Effects of number of models used in ensemble The effect of the number of models, which refers to how many
ensemble models are utilized for DE model, is shown in Fig. 10 (d). Interestingly, as the number of models increases
from 2 to 10, the R2 remains relatively stable around 0.9. This result suggests that the beyond a certain point, adding
more models does not significantly improve predictive accuracy, indicating that the ensemble achieves sufficient
robustness with a smaller number of models. However, the AUCE shows a slight upward trend as more models are
added, suggesting that while predictive accuracy remains stable, additional models yield minor instability in UQ. This
could be attributed to the increased diversity of predictions from the additional models, leading to slightly higher
variance in uncertainty estimation (underconfidence).

In summary, the number of models in the ensemble has a minimal effect on predictive accuracy, as evidenced by the
consistent R2 values across different ensemble sizes. However, the quality of UQ, reflected in the AUCE, shows slight
instability with smaller ensemble sizes (2–4 models) due to the stronger influence of individual models. A more stable
UQ performance is observed with 5 (or more) models, aligning with the recommendations (5 models) from prior studies
[50], which suggested using at least 5 models for robust ensemble predictions. These findings indicate that determining
the number of NNs in a DE should prioritize UQ quality considerations over predictive accuracy, given the variability in
uncertainty estimation.

4.4 Validation on various ocean wave types

Ocean waves exhibit a variety of motions, characterized by differences in wavelength, amplitude, and period. In this
study, we assess whether the proposed LSTM-DE model is able to accurately predict these different types of ocean
waves, including regular, amplifying, damping, and calm waves. Fig. 11 illustrates the prediction performance on
these wave types, highlighting their distinct wavelength, amplitude, and period. These predictions provide insight into
the ability of prediction model to capture wave dynamics under different operational conditions while quantifying
uncertainty over time. In the context of real-time wave height prediction, the 95% CI offers uncertainty bounds around
the prediction values. The prediction values cover the next 50 steps (2.5 seconds), based on input data spanning 300
steps (15 seconds) of past wave patterns, visualized over a total period of 1,000 steps (50 seconds).
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Figure 10: Results of performance evaluation: (a) prediction length, (b) window size, (c) interval size, and (d) number
of models.

Fig. 11 (a) shows regular wave pattern with stable oscillation. The ground truth remains within the 95% CI, indicating
that the LSTM-DE model effectively captures the regularity of ocean waves with high predictive accuracy. Additionally,
the results represent that uncertainty increases at the peaks and troughs, where wave height changes more dramatically.
This suggests that the predictions are robust during stable wave periods but tend to become more uncertain in areas of
rapid change, which can be regarded as reasonable UQ. The two wave patterns shown in Fig. 11 (b) and (c) represent
amplifying and damping waves over time. For the amplifying wave, the predictive accuracy remains high, with ground
truth staying within the 95% CI. Similarly, for the damping wave, the predictions align well with the ground truth,
demonstrating stable performance even as the oscillations diminish. However, the CI widens during wave direction
transitions, as shown in Fig. 11 (b) and (c), indicating that the uncertainty increases as the wave dynamics change more
dramatically. Fig. 11 (d) indicates calm wave pattern similar to flat ocean conditions with minimal oscillation. The
model achieves higher predictive accuracy compared to the stable, amplifying, and damping waves, with predictions
closely aligning with the ground truth. The uncertainty bounds are the narrowest in this case, as the minimal variation in
wave height leads to more straightforward predictions and reduced uncertainty. This indicates that the LSTM-DE model
performs well when wave height remains relatively constant, maintaining higher predictive accuracy and consistently
low uncertainty, as the model is not required to account for rapid changes in wave behavior.

In summary, the results demonstrate that the LSTM-DE model is able to provide accurate predictions and robust
UQ across various wave types, including regular, amplifying, damping, and calm waves. The model effectively adapts
to different wave dynamics, maintaining high predictive accuracy while appropriately adjusting uncertainty based on
the rate of change in wave behavior. This makes it highly applicable to dynamic environments such as WEC systems,
where accurate predictions and reliable UQ are essential for ensuring stable and efficient operations. Unlike prior
studies that primarily relied on simulation-based or experimental data, this research validates the proposed model using
real operational data, demonstrating its robustness and effectiveness in handling the complexities and irregularities
inherent in real-world ocean wave. This advancement highlights a significant contribution, setting baselines for practical
applicability in WEC systems.

4.5 STD scaling for UQ calibration

In this study, as outlined in Section 2.5, experiments were conducted to evaluate the effectiveness of STD scaling in
improving the quality of UQ for LSTM-DE model. This analysis focuses on the alignment between predicted and
observed CIs, using the AUCE as the primary metric to assess calibration performance. Fig. 12 illustrates the impact
of STD scaling on the baseline model, comparing performance before and after UQ calibration. In Fig. 12 (a), the
red line, representing the model before calibration, shows noticeable deviation from the ideal line (y = x) with a
tendency for underconfidence. In contrast, the blue line, representing the model after calibration, aligns closely with the
ideal line, signifying more reliable UQ with the model CIs better matching observed values—AUCE decreases 63.1%.
Additionally, Fig. 12 (b) shows that STD scaling improves UQ alignment for real-time wave height prediction based on
the test dataset. These experimental results demonstrate that STD scaling effectively reduces the AUCE,highlighting an
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Table 4: Experimental results for various hyperparameters.

Hyperparameters Metrics Training time [s]
RMSE MAPE R2 AUCE

Prediction length

10 6.24294 0.00267 0.99335 0.07390
20 14.89808 0.00647 0.96213 0.03667
30 22.79748 0.01006 0.91127 0.02903
40 27.53285 0.01222 0.87067 0.03682 12673
50 28.83263 0.01283 0.85827 0.03833
60 28.01967 0.01249 0.86607 0.03170
70 28.35321 0.01256 0.86283 0.03201

Window size

100 32.40151 0.01443 0.76353 0.05418 6611
200 25.27089 0.01100 0.86389 0.03444 12288
300 20.64611 0.00913 0.91242 0.05123 12673
400 18.38633 0.00818 0.93147 0.03606 18977
500 18.06858 0.00807 0.93350 0.03827 19679
600 18.11106 0.00805 0.93306 0.04128 25011
700 18.22137 0.00804 0.93331 0.04712 35198
800 18.28604 0.00808 0.93254 0.05238 36234
900 18.35234 0.00809 0.93287 0.03729 33722
1000 18.23074 0.00807 0.93279 0.04103 39600

Interval size

10 2.87800 0.00112 0.99815 0.13229 32946
20 6.93955 0.00278 0.98869 0.06919 27115
30 10.88710 0.00460 0.97196 0.07594 19455
40 14.56053 0.00632 0.95128 0.07707 12137
50 17.53366 0.00761 0.93148 0.05100 13568
60 18.94077 0.00837 0.93223 0.04271 14227
70 20.64611 0.00913 0.91242 0.05123 12673

Number of models

2 20.45047 0.00904 0.91440 0.03940 5961
3 20.42105 0.00903 0.91447 0.04508 8508
4 20.32272 0.00900 0.91549 0.04860 11026
5 20.32808 0.00899 0.91523 0.05411 13826
6 20.24431 0.00896 0.91571 0.05253 16830
7 20.22056 0.00896 0.91589 0.05501 19349
8 20.20750 0.00895 0.91596 0.05340 22462
9 20.26466 0.00897 0.91552 0.05233 24584

10 20.28958 0.00897 0.91526 0.05368 27409

Figure 11: Prediction performance on various ocean wave types (a) regular, (b) amplifying, (c) damping, and (d) calm.
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improvement in aligning predicted uncertainties with observed values. This reduction underscores the success of the
proposed method in achieving the goal of a reliable prediction model, where uncertainty estimates are well-calibrated
for real-world applications.

Figure 12: STD scaling of baseline model (a) reliability plot (b) prediction performance.

Quantitatively, the improvement by applying STD calibration on various DE models with different number of NNs
are summarized in Table 5: the decrease on AUCE over 50% compared to before calibration can be verified. Fig. 13
extends this analysis by examining the effects of STD scaling across different number of models from 2 to 10. In
general, ensemble models tend to become underconfident as the number of models increase [75, 61]. As shown in
Table 5 and Fig. 13, this expected trend is evident as AUCE clearly increases. Moreover, the results indicates that
reliable UQ can still be achieved through STD scaling, regardless of the numbers of models. This capability is essential
for ensuring that the CIs in the prediction model remain well-calibrated, thereby enabling dependable probabilistic
predictions. Notably, all scaling factors s are less than 1, reflecting the underconfident condition across all DE models
(calibration decreases the degree of predictive uncertainty with s < 1). These well-calibrated reliable prediction models
are especially valuable for operational decision-making in uncertain environments like ocean wave predictions, where
both accuracy and uncertainty reliability are critical. In conclusion, these findings clearly demonstrate the effectiveness
of STD scaling in the LSTM-DE model architecture, with negligible additional computation time required. This study
therefore validates the necessity of STD scaling-based uncertainty calibration and strongly recommends its use.

Table 5: Experimental results for STD scaling on various numbers of models.

Models AUCE Scaling factors
Before calibration After calibration Variation

DE-2 0.03940 0.01923 51.2% ↓ 0.86652
DE-3 0.04508 0.02154 52.2% ↓ 0.86652
DE-4 0.04860 0.02046 57.9% ↓ 0.78296
DE-5 0.05411 0.02453 54.7% ↓ 0.74425
DE-6 0.05253 0.02143 59.2% ↓ 0.78296
DE-7 0.05501 0.02308 58.0% ↓ 0.78296
DE-8 0.05340 0.02247 57.9% ↓ 0.78296
DE-9 0.05233 0.02294 56.2% ↓ 0.78296
DE-10 0.05368 0.02363 56.0% ↓ 0.78296

5 Conclusions and future work

Although WECs represent a promising future power generation system, they face challenges such as low energy density
and non-stationary ocean wave conditions. To address these issues, the safe and efficient operation of WEC facilities,
supported by a high-performance reliable real-time wave height prediction model, is essential. In this study, we proposed
a novel AI-powered reliable real-time wave height prediction model using an LSTM-DE model architecture coupled
with STD scaling for post-hoc uncertainty calibration to guarantee high predictive accuracy and model reliability. This
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Figure 13: Effects of STD scaling on various numbers of models.

approach allows WECs to achieve robust and reliable wave height predictions, even under the highly irregular nature of
ocean waves.

Experimental validation using high-fidelity operational data from an OWC-WEC operational data demonstrated
high predictive accuracy (R2 > 0.9) over short-term predictions (3.5 seconds) based on past data (15 seconds) while
reducing AUCE by over 50% through STD scaling across different ensemble configurations. These results highlight the
effectiveness of the proposed LSTM-DE model in achieving the dual objectives of high predictive accuracy and reliable
UQ, underscoring its importance as an effective and efficient solution for reliable wave height prediction. Furthermore, a
comprehensive parametric study on model hyperparameters demonstrated the advantages of incorporating ocean-related
domain knowledge. For instance, selecting a window size of 300 time steps (15 seconds) aligned with the dominant
energy range of gravity waves, achieving an optimal balance between predictive accuracy (R2 > 0.9) and computational
efficiency. This study provided valuable insights into the trade-offs involved in hyperparameter tuning, offering practical
guidelines for developing reliable prediction models. The proposed LSTM-DE model was also validated across various
ocean wave types, including regular, amplifying, damping, and calm waves. The model consistently delivered accurate
predictions while effectively quantifying uncertainty, representing its adaptability to diverse wave conditions and
its robustness in handling real-world irregularities. By doing so, these findings suggest that the LSTM-DE model
architecture can be effectively adapted for various WEC systems, supporting ocean wave prediction across different
ocean energy conversion applications. In conclusion, the proposed method shows potential to enhance WEC availability,
accelerate digital transformation, and advance the commercialization of ocean energy in digital twin applications.

Future work will focus on three key topics to further enhance the applicability of LSTM-DE model architecture. First,
continuous operational data collection and the integration of a feedback loop. Expanding the model to incorporate multi-
year datasets, rather than data from a single year, would improve the model learning and applicability. A continuous
feedback loop with real-time data updates will allow the AI model to dynamically refine its predictions, improving
robustness across varying conditions. Second, model hyperparameter optimization to account for seasonality and
operational conditions. Tuning the model hyperparameters for seasonal variations and specific operational conditions is
expected to enhance both predictive accuracy and model reliability, as wave patterns shift significantly with the seasons.
Finally, minimization of model uncertainty. Further reducing model uncertainty remains an essential goal. Leveraging
larger datasets and refining calibration techniques will enhance the model reliability across diverse and extreme wave
conditions. Collaboration with domain experts to adjust calibration factors based on operational insights could further
improve model reliability, particularly for specific operational conditions and scenarios.
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