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A B S T R A C T

Efficient offshore wind power generation and seamless grid integration rely on accurate forecasting. However, 
the nonlinear and highly complex nature of ocean environmental conditions presents significant challenges, 
particularly for offshore applications. Thus, this paper introduces a novel hybrid deep learning model to address 
these challenges. The model employs Long Short-Term Memory (LSTM) to generate an initial offshore wind 
power forecast. The error signal is then extracted by subtracting the forecasted values from the actual wind 
power values. To capture nonlinear patterns in the forecasting error, the Ensemble Empirical Mode Decompo
sition (EEMD) decomposes the error signal into Intrinsic Mode Functions (IMFs) and a residual component. These 
components are forecasted using the Convolutional Long Short-Term Memory (ConvLSTM) model, which ex
tracts spatial and temporal dependencies. The forecasted error components are summed to reconstruct the wind 
power error, which is subsequently added to the initial forecast to produce the adjusted wind power forecast. The 
model’s performance is evaluated using an hourly wind power dataset from a Siemens SWT-3.6-120 Offshore 
turbine at the Amrumbank West wind farm. Comparative analysis with benchmark and hybrid models demon
strates superior accuracy, particularly for extended forecasting horizons of 2, 3, and 4 h. These findings un
derscore the proposed model’s effectiveness in enhancing short-term offshore wind power forecasting.

1. Introduction

1.1. Background and motivation

The extending global demand for clean energy has placed wind 
power at the lead of renewable energy solutions. As an essential part of 
reducing carbon emissions and boosting sustainable energy, offshore 
wind power is more and more integrated into electrical grids worldwide 
(Cai et al., 2019). However, the nonlinear and highly unstable nature of 
wind creates substantial challenges to grid stability and efficient power 
generation. Thus, accurate offshore wind power forecasting plays an 
important role in mitigating these challenges, ensuring optimal energy 
integration as well as transmission, and improving the power system 
reliability (Guo et al., 2024).

1.2. Related works

The rising interest in offshore wind energy forecasting has led to the 
development of diverse models, each designed according to specific 
conditions and variables that determine their nature and functionality. 
These models can be categorized as presented in Fig. 1 by time horizon 
very short-term (minutes to hours), short-term (hours to days), medium- 
term (days to weeks), and long-term (weeks to years) (Khelil et al., 
2021). Also, during the last few decades, several forecasting methods 
have been developed including physical, statistical, artificial intelli
gence (AI) (Mo et al., 2024), and hybrid approaches. Physical models, 
which depend on Numerical Weather Prediction (NWP), use factors like 
topography, temperature, humidity, and pressure for weather pre
dictions but are limited by high computational demands and large 
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dataset requirements, making them less suitable for small-scale fore
casting (Zhang et al., 2022a).

Statistical approaches, such as ARMA (Erdem et al., 2014) and 
ARIMA (Shukur and Lee, 2015), are simpler and more effective for 
short-term forecasting by analysing historical time series data. However, 
they struggle with nonlinear and nonstationary data and are less effec
tive for long-term forecasts (Guo et al., 2024).

With advances in soft computing, AI methods have become popular 
for handling nonlinear problems in wind power forecasting (Guo et al., 
2023). These include techniques like extreme learning machine (ELM) 
(Sun and Wang, 2023) (Yang et al., 2024), support vector machine 
(SVM) (Yu et al., 2018), artificial neural networks (ANN) (Shukur and 
Lee, 2015), convolutional neural networks (CNN) (Bouadjila et al., 
2024) (Garg and Krishnamurthi, 2023), long short-term memory (LSTM) 
(Moharm et al., 2020), and gated recurrent units (GRU) (Zhao et al., 
2023). However, despite the progress in the AI model’s performance, 
they encounter challenges due to their susceptibility to uncertainties and 
variations in wind speed characteristics across different sites (Guo et al., 
2024). To boost further the precision of forecasting results, researchers 
have begun to explore hybrid methods that integrate multiple ap
proaches to enhance their robustness, adaptability, and forecasting ac
curacy. This shift toward hybrid models represents a significant 
advancement in the field, as it leverages the strengths of different 
techniques to address the complexities of time series forecasting tasks 
(Wang et al., 2024). For example, in (Zhao et al., 2023), the authors 
combined CNN and LSTM to improve short-term power load forecasting, 
while in (Shukur and Lee, 2015), a hybrid Kalman Filter-ANN model 
based on ARIMA was proposed for forecasting wind speed. In (Garg and 
Krishnamurthi, 2023), Sherry et al. introduce a hybrid model that 
merges the autoencoder technique with a CNN as the encoder and LSTM 
as the decoder.

The forecasting method is closely tied to the characteristics of the 
input data and forecasting wind power remains challenging due to 
inherent uncertainties. To address this, various studies have introduced 
pre-processing techniques, such as signal decomposition (Berrezzek 
et al., 2019). For example (Zhang et al., 2022a), proposes a combined 
model using Discrete Wavelet Transform (DWT), Seasonal Autore
gressive Integrated Moving Average (SARIMA), and LSTM to predict 
short-term offshore wind power. To simplify input data and facilitate 
model training, particularly with non-stationary and nonlinear data 
(Berrezzek et al., 2019), proposed a hybrid forecasting model that uses 
Empirical Mode Decomposition (EMD) and combines the LSTM network 
with ARIMA. Wind speed datasets from Inner Mongolia, China, were 

decomposed using EMD to reduce the complexity data, LSTM to predict 
high-frequency sub-sequences with high entropy, and ARIMA to predict 
low-frequency sub-sequences with one residual. Although EMD still 
faces challenges with mode mixing (Wan et al., 2023), an improved 
form, EEMD was utilized in a hybrid wind speed prediction model 
proposed by the authors in (Hou et al., 2024). This model combines 
SARIMA, EEMD, and LSTM, with EEMD employed to decompose the 
nonlinear residual series into intrinsic mode functions (IMFs) and 
sub-residual sequences. Each IMF and sub-residual sequence is then 
independently fitted to an LSTM model, and the predicted results are 
combined with linear periodic and trend sequences to produce the final 
wind speed prediction. This approach leverages the effectiveness of 
EEMD decomposition in enhancing prediction accuracy. EEMD decom
position has also been shown to enhance model performance in several 
studies (Xin et al., 2024) (Zhang et al., 2022b) (Shahid et al., 2023). 
However, despite the strong performance of these models, further im
provements are limited, as efforts have largely concentrated on refining 
model architecture rather than addressing errors generated by the model 
itself.

To further enhance model accuracy, several studies have focused on 
identifying sources of error and applying error correction methods to 
adjust forecasting errors. In (Moharm et al., 2020), for instance, the 
difference between predicted and actual wind power values is 
computed, and an ARIMA model is applied to predict these error values, 
thereby refining the original forecast accordingly. In (Jiang and Liu, 
2023), the authors employ particle swarm optimization and error 
correction mechanisms using LSTM to enhance wind power forecasting. 
In (Wilkerson and Wilkerson, 2008), the authors utilize an ensemble 
model for initial wind power forecasting and apply an error correction 
method based on Bidirectional LSTM to capture temporal correlations in 
wind power sequences. Yet the extreme fluctuations in wind power 
forecasting errors still present challenges that impact the adjustment of 
the original forecast.

1.3. Objectives and contributions

To address the limitations of existing wind power forecasting models, 
which primarily focus on model enhancement without adequately 
addressing forecasting errors, a new error-correction approach is pro
posed. This method combines the LSTM model for the initial forecast 
with an error correction technique that utilizes Ensemble Empirical 
Mode Decomposition (EEMD) to handle the fluctuating and highly 
random nature of wind power forecasting errors by capturing nonlinear 

Fig. 1. Classification of wind power forecasting.
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patterns and reducing noise. Additionally, ConvLSTM is employed to 
capture spatial and temporal dependencies within the forecasting error 
signal. The key contributions of this work are as follows. 

1. A hybrid deep learning forecasting model, based on a novel error 
correction framework, is proposed for short-term offshore wind 
power forecasting. This model provides a solution for adapting and 
refining the original forecast.

2. EEMD decomposition is used to preprocess the offshore wind power 
forecasting error signal, effectively capturing its nonlinearity and 
reducing noise, which enhances the accuracy of error forecasting.

3. Integration of the ConvLSTM model enables to capture of both 
spatial and temporal dependencies within the error sequences, 
further enhancing forecast precision and reliability.

The rest of the paper is organized as follows: Section 2 details the 
structure of the proposed forecasting model and the methods used in this 
study. Section 3 covers the materials, implementation, and experimental 
setup of the predicting model. The experimental results along with a 
comparative analysis are presented in Section 4. Finally, Section 5
provides the concluding remarks.

2. Methodology

2.1. The structure of the proposed model

The main steps of the proposed LSTM error correction-based fore
casting scheme (LSTM-EEMD-ConvLSTM), as illustrated in Figs. 2 and 3, 
are outlined as follows. 

1. The meteorological features, along with the original wind power, are 
provided as inputs to the LSTM model to generate the forecasted 
wind power P̂n.

2. The forecasted wind power values P̂n are then subtracted from the 
actual wind power values Pn to obtain the wind power forecasting 
error Ern.

3. EEMD decomposition is applied to decompose the error Ern into IMFs 
(IMF1,……, IMF15) and a residual component Res.

4. The decomposed IMFs and residual component are fed into the 
ConvLSTM block, which forecasts each component 
( Îmf1 , Îmf2…… Îmfl and R̂es

)
where l = 1, …, 15. These forecasted 

components are then summed to reconstruct the original forecasted 
error Êrn .

5. Finally, the initial wind power forecast from the LSTM model, P̂I [n], 
is combined with the predicted error from the error correction 
model, Êrn , to produce the final wind power forecast, P̂f [n].

2.2. Long short-term memory LSTM

LSTM is a type of recurrent neural network (RNN) that provides 
effective solutions in handling nonlinear problems such as time series 
forecasting due to its capability of handling long-term dependencies in 
sequence data (Wan et al., 2023). The key idea behind LSTMs is to use a 
set of memory cells that can maintain information over a longer period. 
These memory cells are connected to three gates: an input gate, an 
output gate, and a forget gate. The complete LSTM structure is illus
trated in Fig. 4.

The input gate it controls how much new information is allowed into 
the memory cell Ct (Hou et al., 2024). Using equation (1) it takes the 
current input Xt and the previous output Ht− 1 as inputs, and then passes 
these through a sigmoid function σ to obtain a value between 0 and 1 
(Xin et al., 2024). This value is then multiplied by a candidate vector ut, 
which represents the new information to be added to the memory cell, 
and also the updated cell state Ct. 

it = σ(WxiXt +WhiHt− 1 +Wci ʘ Ct− 1 + bi) (1) 

where σ is the sigmoid activation function which is defined as in equa
tion (2). 

σ(X)= 1
1 − e− x (2) 

The forget gate ft controls how much information should be 

Fig. 2. The proposed LSTM-Error Correction (EEMD-ConvLSTM) forecasting structure.
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discarded from the memory cell. As in equation (3), it takes the current 
input and the previous output as inputs and then passes these through a 
sigmoid function to obtain a value between 0 and 1. This value is then 
multiplied by the current state of the memory cell to determine how 
much information should be forgotten. 

ft = σ
(
Wxf Xt +Whf Ht− 1 +Wcf ʘ Ct− 1 + bf

)
(3) 

the candidate vector ut represents potential new information to be added 
to the memory cell state by using equation (4), generated as part of the 
internal update mechanism. 

ut = tanh(WxuXt +WhuHt− 1 + bu) (4) 

Where tanh is the hyperbolic tangent function defined in equation (5)
(Zhang et al., 2022a). 

tanh(X)=
ex − e− x

ex + e− x (5) 

The memory cell state Ct is updated by combining the candidate 
vector ut with the previous cell state Ct− 1, modulated by the input and 

forget gates equation (6). 

Ct = ftʘ Ct− 1 + itʘ ut (6) 

The output gate Ot controls how much information is allowed to 
leave the memory cell and contribute to the final output using equation 
(7) (Zhang et al., 2022b). The value of Ot is multiplied by the current 
state of the memory cell, which is also passed through a tanh function to 
normalize the output equation (8). 

Ot = σ(wxoXt +WhoHt− 1 +Wco ʘ Ct− 1 + b0) (7) 

ht =Otʘ tanh(Ct) (8) 

The three gates in an LSTM enable it to selectively store, forget, and 
retrieve information over time by controlling the flow of information 
through the memory cell (Zhao et al., 2023).

2.3. Convolutional LSTM network

ConvLSTM network is an extension of LSTM with convolutional 

Fig. 3. Flowchart of the proposed forecasting scheme.
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structures in both the input-to-state and state-to-state transitions. The 
primary issue with traditional LSTM is that it does not use any spatial 
information in the connections between input and state, or between 
state and state transitions. ConvLSTM incorporates convolutional op
erations into the LSTM structure, allowing it to learn spatial-temporal 
patterns in the input (Shahid et al., 2023). In the ConvLSTM the in
puts are changed with convolution operations, which consists of several 
filters to extract important features and flow through the LSTM cells as 
3D input instead of being just a 1D vector with features. The structure of 
ConvLSTM is shown in Fig. 5 and is mathematically described by 
equation 9 through 14 (Shahid et al., 2023). 

it = σ(Wxi*Xt +Whi*Ht− 1 +Wci ʘ Ct− 1 + bi) (9) 

ft = σ
(
Wxf *Xt +Whf *Ht− 1 +Wcf ʘ Ct− 1 + bf

)
(10) 

Ct = ftʘ Ct− 1 + itʘ ut (11) 

ut = tanh(Wxu* Xt +Whu* Ht− 1 + bu) (12) 

Ot = σ(wxo*Xt +Who*Ht− 1 +Wcoʘ Ct− 1 + b0) (13) 

ht =Otʘ tanh(Ct) (14) 

2.4. Ensemble Empirical Mode Decomposition (EEMD)

Empirical Mode Decomposition (EMD) is a signal processing method 

Fig. 4. LSTM structure.

Fig. 5. ConvLSTM structure.
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for analysing non-stationary and nonlinear signals by decomposing 
them into Intrinsic Mode Functions (IMFs). These IMFs represent 
distinct oscillatory modes corresponding to various frequency scales of 
the original signal and are derived through the Hilbert-Huang trans
formation (Berrezzek et al., 2019). An IMF is defined by two criteria: the 
number of extrema (local maxima and minima) and zero crossings must 
either be equal or differ by no more than one. The second criterion is that 
the average value of the envelope created by the local maxima and the 
envelope generated by the local minima should be zero at any given 
position. Although EMD is useful for wind power forecasting, it has a 
notable limitation called mode mixing, which occurs when a single IMF 
contains signals with widely varying scales or when signals of similar 
scales are distributed across different IMF components (Greenland et al., 
2016). This describes a case where an intrinsic mode function (IMF) 
contains components of varying frequencies, likely due to occasional 
signals and data interruptions. To address this issue, the advanced 
Ensemble Empirical Mode Decomposition (EEMD) technique was 
developed. EEMD enhances nonlinearity capture and noise reduction by 
introducing random Gaussian white noise to the signal, which helps 
mitigate mode mixing by distributing noise uniformly across all fre
quencies and scales (Hauber et al., 2016). As a result, this approach 

significantly improves the correlation between the derived intrinsic 
mode functions (IMFs) and the original raw series (Hauber et al., 2016). 
Fig. 6 presents a flowchart of the EEMD decomposition, achieved 
through the following steps. 

Step 1, as outlined in equation (15), involves introducing the 
Gaussian white noise series ns(t) (s = 1,2, …,s+1), which are 
mutually distinct, to the wind power forecasting error V(t). This 
process generates a novel signal denoted as Vs(t) (Jiang and Liu, 
2023).

Vs(t)=V(t) + ns(t) (15) 

In Step 2, the new signal, combined with white noise, is decomposed 
using EMD into multiple oscillatory modes, referred to as IMFs, along 
with a residual. The formulation of Vs(t) is subsequently provided in 
equation (16). 

Vs(t)=
∑M

m=1
IMFEMD,s

m (t)+REMD,s
M (t) m = 1,2, 3…….M (16) 

The variables IMFEMD,s
m (t) and REMD,s

M (t) refer to the IMF components 

Fig. 6. EEMD Decomposition flowchart.
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and residual sequence, respectively, which are obtained after the addi
tion of white noise and EMD decomposition 

Step 3 consists of repeating Steps 1 and 2 S times, introducing a 
distinct Gaussian white noise in each iteration (Zhang et al., 2022b).

(
IMFEMD,s

1 (t), IMFEMD,s
2 (t), IMFEMD,s

3 (t)……………IMFEMD,s
M (t),REMD,s

M (t)
)

s= 1,2, 3……N 

Step 4 involves calculating the ensemble mean of the corresponding 
Intrinsic Mode Functions (IMFs) and residual components. The 
Gaussian white noise is eliminated by averaging the IMF values, as 
expressed in equations (17)–(19) (Xin et al., 2024).

IMFm(t)=
1
N
∑N

s=1
IMFEMD,S

m (t) m = 1, 2,3…….M (17) 

RL(t)=
1
N
∑N

s=1
REMD,s

M (18) 

V(t)=
∑M

m=1
IMFm(t)+RL(t) (19) 

2.5. Error correction method

Due to the nonlinear, random, and fluctuating nature of wind power, 
which impacts the performance of forecasting models, this paper pro
poses an error correction model (EEMD-ConvLSTM) to refine the fore
casting results generated by the initial model. Specifically, the LSTM 
network is utilized for its simplicity and efficiency, particularly in 
addressing sequence-to-sequence problems (Yu and Hutson, 2024). 
Initially, the LSTM model, following successful training, produces the 
first wind power forecast P̂n. Subsequently, the wind power forecasting 
error is calculated, as illustrated in Fig. 7, by subtracting the forecasted 

value P̂n from the actual wind power value Pn, in accordance with 
equation (20) (Moharm et al., 2020). 

Ern =Pn − P̂n (20) 

The Spearman correlation coefficient (ρ), as defined in equation (21), 
is utilized to evaluate the monotonic relationship between forecasting 
errors and wind power data, regardless of linearity [30]. A ρ value close 
to 1 signifies a strong positive monotonic relationship, while a value 
near − 1 indicates a strong negative monotonic relationship, and 0 re
flects no relationship. This analysis provides insights into the factors 
influencing forecasting accuracy [31]. 

ρ=1 −

6
∑n

i=1
d2

i

n(n2 − 1)
(21) 

Where di represents the difference between the ranks of two variables 
(the forecasting error and wind power) for each observation while n 
represents the total number of observations. Using equation (21), a ρ 
value of 0.6792 is obtained, indicating a moderate positive correlation 
and emphasizing the connection between error components and wind 
power dynamics. This suggests that identifying and addressing these 
error patterns can substantially enhance forecasting accuracy [31]. The 
EEMD-ConvLSTM model is then utilized to forecast the wind power 
error, which is subsequently added to the initial LSTM wind power 
forecast to produce a corrected prediction. This approach addresses 
variations missed in the initial forecast, thereby reducing overall error 
and improving the accuracy of the final wind power output.

2.6. Performance evaluation metrics

Wind power forecasting is inherently uncertain, making perfect 
precision challenging to achieve. Consequently, accurate evaluation of 
forecasts is critical for assessing model performance. This study employs 
several metrics to evaluate forecasting accuracy: Root Mean Square 

Fig. 7. Dataset turbine location.
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Error (RMSE, equation (22)), which emphasizes larger errors; Mean 
Absolute Error (MAE, equation (23)), which measures the average error 
magnitude; Mean Absolute Percentage Error (MAPE, equation (24)); and 
the coefficient of determination (R2, equation (25)), which reflects the 
proportion of variance in actual data explained by the model. Together, 
these metrics provide a comprehensive evaluation of the model effec
tiveness in forecasting wind power output, considering both precision 
and error magnitude (Zhao et al., 2024). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

t=1
(yt − ŷt)

2

√
√
√
√ (22) 

MAE=
1
N
∑N

t=1
(yt − ŷt) (23) 

MAPE=

(
1
N
∑N

t=1

(yt − ŷt)

yt

)

× 100 (24) 

R2 =1 −

∑N

t=1
(yt − ŷt)

2

∑N

t=1
(yt − yt)

2
(25) 

Where N is the number of data points. yt and ŷt represent the actual and 
the forecasted values respectively.

To ensure the robustness of the performance comparisons, statistical 
significance was assessed using p-values, calculated through paired t- 
tests between the proposed model and the other models using equation 
(26) (Wilkerson and Wilkerson, 2008). The paired t-test was chosen 
because it accounts for the dependency between the forecasting errors of 
different models when evaluated on the same dataset, ensuring a fair 
and reliable comparison. Additionally, applying equation (27) the 95% 
Confidence Intervals (CIs) were computed for MAE and RMSE using the 
standard error of the mean (Greenland et al., 2016). These intervals 
provide a range within which the true model performance is expected to 
lie, with a 95% level of confidence, offering insights into the precision 
and reliability of the error metrics. For R2 and MAPE, point estimates 
were reported without confidence intervals, as these metrics are typi
cally interpreted based on their absolute values rather than their 
variability. 

t=
d

Sd
/ ̅̅̅̅

N
√ (26) 

CI= x ± tα/2,N− 1 .

(
S̅
̅̅̅
N

√

)

(27) 

Where d is the mean of the differences between the paired errors of the 
two models and Sd is the standard deviation of the differences, while x is 
the sample mean of the metric tα/2,N− 1 is the critical value from the t- 
distribution for a 95% confidence level, N − 1 is the degrees of freedom 
and S is the sample standard deviation of the metric (Hauber et al., 
2016).

3. The proposed hybrid forecasting scheme

3.1. Dataset

To assess the performance of the proposed forecasting scheme, a 
dataset from a Siemens SWT-3.6-120 Offshore wind turbine is employed. 
This turbine is situated at the Amrumbank West offshore wind farm in 
the North Sea, approximately 35 km northwest of Heligoland Island and 
18 km southwest of the Amrumbank sandbank, with the exact location 
depicted in Fig. 7. Focusing on a single turbine allows the models to 

capture site-specific conditions and turbine-related factors.
The dataset, collected over 1-h intervals, contains meteorological 

features including wind speed (m/s) at 70 m, air pressure (P in Pascals), 
relative humidity (%), wind direction (◦), wind speed (m/s) at 10 m, 
wind category (high, medium, low), and wind power (kW) for a single 
turbine, these six features selected were chosen based on their direct 
influence on wind power generation, relative humidity and air pressure 
impact the atmosphere state and, consequently, wind direction and 
speed at 70m, especially at turbine hub height, are essential components 
for Kinetic Energy while wind speed at 10m provides insights into local 
wind patterns, while wind category helps classify operational conditions 
for the turbines. Using more features may capture complex dynamics but 
risks overfitting and higher computational costs without significant ac
curacy gains. Fewer features could lose essential information, compro
mising predictions. The six chosen features balance accuracy, 
interpretability, and efficiency. Moreover, a larger dataset allows the 
model to generalize better across different conditions, ultimately 
improving forecasting accuracy, spanning from January 2015 to 
December 2023, the dataset includes 72,334 samples. A detailed sta
tistical description is provided in Table 1. The Spearman’s Rank Cor
relation Coefficient between wind speed and wind power is ρ = 0.97, 
indicating a strong relationship that facilitates power generation 
through accurate modelling using the Weibull distribution. This rela
tionship is influenced by factors such as wind speed, blade pitch angle, 
and shaft speed, with the generated power described by equation (26). 

Pm =
1
2

ρv3
wπr2Cp (26) 

Where Pm is the power (W) extracted from the wind, ρ is the air density 
(kg/m3), r is the rotor blade radius (m), vw is the wind speed (m/s), and 
Cp is the performance coefficient.

3.2. Overview of the forecasting scheme

To ensure consistent model performance, data preprocessing steps 
were implemented. Min-max scaling normalization was applied to all 
input features. Wind power, being the target variable, and wind cate
gory, being a categorical variable, were not normalized. Due to the very 
small number of missing values, we employed Spline Interpolation to 
accurately fill in the gaps in the data. The dataset is split into 85% for 
model development and 15% for final testing to ensure a thorough 
evaluation of the proposed model. A time series split cross-validation 
with k = 12 is applied to the 85% portion, creating training and vali
dation sets. This approach helps the LSTM model learn wind power 
patterns and temporal dependencies during training. The validation sets 
are then used to identify forecasting errors and train the error correction 
model (EEMD-ConvLSTM), allowing for accurate error modelling under 
varied conditions.

Choosing the right timestep is key to preparing inputs for the LSTM 
model. Shorter timesteps capture more detail but may limit the dataset 
available for feature extraction. On the other hand, longer timesteps 
simplify the data but risk missing important details and overfitting. 
Through trial and error, the optimal interval for training the models was 
found to be 9 timesteps. A timestep of 9, combined with six meteoro

Table 1 
Dataset statistical details.

Count Mean Std Min Max

Relative humidity 72334 84.54 8.08 43.5 100
Air pressure 72334 101.38 1.09 96.9 104.83
Wind direction 70m // 208.11 92.69 0 359.94
Wind speed 10m // 7.67 3.54 0.3 24.8
Wind category // nan nan 0 3
Wind speed 70 m // 8.98 4.15 1.3 30.38
Wind power (kW) // 532.64 807.7 0 3993.6
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logical features and wind power dataset, is used to construct input 
matrices with dimensions 7 × 9 times as xi (i = 1, …, 9), where each 
input represents 9 timesteps (t − 8, t − 7, …, t), as depicted in Fig. 8. 
These inputs are then fed into the proposed model to forecast wind 
power 1 h ahead at t+1.

In general, choosing the hyperparameter of deep learning models 
manually is challenging and demands a substantial understanding of the 
problem at hand. In this study, the GridSearchCV tool is utilized for 
hyperparameter tuning (Zhao et al., 2024). Table 2 outlines the hyper
parameters utilized for the LSTM model and the error correction model. 
Following successful training, the model is validated to extract wind 
power errors, as defined by equation (20).

As depicted in Fig. 9, the subtracted error exhibits notable nonline
arity, randomness, and significant fluctuations, highlighting the need to 
capture its complex nonlinear relationships to enhance error forecasting. 
To address this, EEMD decomposition is employed to break down the 
subtracted error into a series of Intrinsic Mode Functions (IMFs), each 
representing distinct frequency components. The residual component 
(Res), which cannot be further decomposed into additional IMFs, re
flects the overall trend. Fig. 10 illustrates the EEMD decomposition of 
the wind power forecasting error, resulting in 15 levels (15 IMFs). Figs. 9 
and 10 visually confirm the effectiveness of EEMD in denoising, 
depicting a clear reduction in high-frequency fluctuations in the error 
signal after decomposition where the Denoised Signal exhibits a 
smoother and less noisy behaviour compared to the Wind Power Error 
signal. To quantify this noise reduction, we calculated the Signal-to- 

Noise Ratio (SNR) by Equation (27) before and after applying EEMD 
to the wind power error signal (Zheng et al., 2024). The SNR increased 
from 8.14 dB to 13.36 dB after EEMD decomposition, representing a 

Fig. 8. Inputs splitting.

Table 2 
Forecasting models hyper-parameters.

Model Hyperparameter Value

​ Forecasting timestep 9
Number of input variables 7
Optimizer Adam
Dropout 0.2
Batch size 64

LSTM Epochs 250
Learning rate 0.001
Number of LSTM layers 2
Number of Neural Network layers 3
activation function ReLU

​ Number of input variables 16
forecasting timestep 9
Epochs 300

Conv-LSTM Optimizer Adam
Batch size 16
Learning rate 0.001
Number of ConvLSTM layers 3
Number of Neural Network layers 2
ConvLSTM Filters (128,64,32)
ConvLSTM Kernel size (3,3)
ConvLSTM Activation ReLU
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significant improvement of 64.13%. To ensure that EEMD preserves the 
important features of the original signal while denoising, we calculated 
the Pearson correlation coefficient between the original error signal and 
the reconstructed signal obtained after EEMD. The correlation coeffi
cient reached a high value of 0.985, indicating a strong positive corre
lation. This statistically significant correlation implies that the 
reconstructed signal captures the essential trends and patterns of the 
original error signal, while effectively removing noise (Yu and Hutson, 
2024). 

SNR= 10 log10
P1

P2
(27) 

A timestep of 9 along with error decomposition components 
(
Imf1,

Imf2…… Imf15 and Res
)
, is utilized to construct input matrices with di

mensions (16 × 9): xi ( i= 1,…,9) where each input represents 9 
timesteps (t − 8, t − 7,…, t) as shown in Fig. 9. These inputs are then 
applied to the ConvLSTM model to forecast the error decomposition 
components. The forecasted IMFs and residuals 
( Îmf 1, Îmf 2…… Îmf 15 and R̂es

)
are summed back together to recon

struct the 1-h ahead of forecasted error at the time t+ 1. The final step 
involves combining the forecasted wind power Êrn from the LSTM model 

with the forecasted error Êrn generated by the EEMD-ConvLSTM model 
to obtain the final forecasted wind power P̂f [n] as illustrated in Figs. 2 
and 3.

4. Simulations results and discussion

To assess the effectiveness of the proposed model, a comprehensive 
comparative analysis was performed. Its performance was first bench
marked against several established forecasting models, including 
ConvLSTM, ARIMA, BP neural networks, basic LSTM, LSTM with error 
correction using ConvLSTM, and SVR. Additionally, a comparison was 
conducted against several hybrid models, including CNN-BiGRU, 
Autoencoder (AE-GRU), EEMD-LSTM, CNN-LSTM, and LSTM-ARIMA, 
to further substantiate its superiority. Finally, the model forecasting 
capabilities were evaluated across different time horizons to analyse its 
adaptability to various temporal scales.

4.1. Comparison with benchmark models

Table 3, Figs. 14 and 15 demonstrate that the LSTM Error-Correction 
(EEMD-ConvLSTM) model outperforms benchmark models in wind 
power forecasting, achieving the lowest MAE (4.22 ± 0.31), RMSE (9.31 
± 0.80), and MAPE (0.19%), along with the highest R2 value of 0.9811. 
These results highlight the effectiveness of incorporating error correc
tion techniques, particularly the combination of EEMD and ConvLSTM, 

Fig. 9. Noise reduction in wind power forecasting error through EEMD decomposition.

Fig. 10. EEMD decomposition for wind power error.

Table 3 
Performance Comparison of the LSTM-Error Correction Model (EEMD- 
ConvLSTM) with Benchmark Models in the offshore wind power forecasting 
(kW).

Model MAE 
(95% 
CI)

RMSE 
(95% 
CI)

R2 MAPE p-value vs. 
Proposed 
Model

LSTM Error- 
Correction 
(EEMD- 
ConvLSTM)

4.22 ±
0.31

9.31 ±
0.80

0.9811 0.19 -

LSTM Error- 
Correction 
(ConvLSTM)

4.60 ±
0.40

13.64 ±
1.20

0.9772 0.25 0.03

ConvLSTM 5.74 ±
0.56

18.33 ±
1.72

0.9496 0.36 0.02

LSTM 6.14 ±
0.64

22.69 ±
2.16

0.9355 0.53 0.015

BPNN 8.32 ±
0.82

31.90 ±
2.99

0.8937 0.83 <0.001

ARIMA 11.36 
± 1.45

39.62 ±
3.85

0.8619 1.12 <0.001

SVR 23.22 
± 2.20

48.61 ±
4.74

0.7835 1.58 <0.001
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in improving forecasting accuracy. The EEMD-ConvLSTM approach 
excels at decomposing complex error signals into IMFs, allowing the 
ConvLSTM to process each component separately, thereby capturing 
both local and global patterns in the signal. The p-values in Fig. 11 for 
comparisons with other models 0.03 for LSTM Error-Correction 
(ConvLSTM), 0.02 for ConvLSTM, and <0.001 for BPNN, ARIMA, and 
SVR confirm that the performance improvements are statistically sig
nificant. The LSTM Error-Correction (ConvLSTM) model, which uses 
ConvLSTM for error correction without incorporating EEMD, also per
forms better due to the error correction techniques, with an MAE of 4.60 
± 0.40, RMSE of 13.64 ± 1.20, MAPE of 0.25%, and R2 of 0.9772. 
However, its slightly higher error rates and lower R2 value compared to 
the EEMD-ConvLSTM model underscore the added benefit of EEMD in 
handling the nonlinearity and non-stationarity of error signals which led 
to an 8.3% reduction in MAE (from 4.60 to 4.22) and a 31.7% reduction 
in RMSE (from 13.64 to 9.31), demonstrating its effectiveness in noise 
reduction and improving forecasting accuracy. The ConvLSTM model, 
which lacks error correction, achieves an MAE of 5.74 ± 0.56, RMSE of 
18.33 ± 1.72, MAPE of 0.36%, and R2 of 0.9496, outperforming the 
standard LSTM model (MAE: 6.14 ± 0.64, RMSE: 22.69 ± 2.16, MAPE: 
0.53%, R2: 0.9355). This represents a 6.5% reduction in MAE (from 6.14 
to 5.74) and a 19.2% reduction in RMSE (from 22.69 to 18.33) 
demonstrating the importance of convolutional layers in capturing 
spatio-temporal dependencies, which are critical for forecasting. 
Traditional models, such as BPNN, ARIMA, and SVR, exhibit clear lim
itations, with BPNN achieving moderate performance (MAE: 8.32 ±
0.82, RMSE: 31.90 ± 2.99, MAPE: 0.83%, R2: 0.8937) and ARIMA 
(MAE: 11.36 ± 1.45, RMSE: 39.62 ± 3.85, MAPE: 1.12%, R2: 0.8619) 
and SVR (MAE: 23.22 ± 2.20, RMSE: 48.61 ± 4.74, MAPE: 1.58%, R2: 
0.7835) performing even less. These results emphasize the inability of 
traditional statistical and machine learning methods to manage the 
nonlinear complexities and high variability of wind power data, further 
underscoring the superiority of deep learning-based approaches, 
particularly those incorporating error correction techniques.

Fig. 12 presents the performance of various forecasting models 
compared to actual wind power values, with the top and bottom sub
plots offering close-up views of specific time intervals. These detailed 
views highlight the models ability to capture anomalies and variations in 
wind power. The LSTM-Error Correction (EEMD-ConvLSTM) model 
consistently aligns closely with actual values, showing its robustness in 
handling both smooth and abrupt changes. The LSTM-Error Correction 
(ConvLSTM) model also performs well, though with slightly greater 
deviations. In contrast, traditional models such as ARIMA, SVR, BPNN, 
and basic LSTM exhibit noticeable errors, particularly during rapid 
fluctuations, reflecting their limited capacity to handle the complex 
nature of wind power.

For a clearer and more focused comparison, Fig. 13 highlights the 

developed models, namely the LSTM Error-Correction (EEMD- 
ConvLSTM), LSTM Error-Correction (ConvLSTM), and ConvLSTM. By 
showing only these leading models, it becomes evident that the pro
posed approach stands out for its superior accuracy and reliability, 
consistently excelling in capturing both gradual and sudden variations 
in wind power.

4.2. Comparison with hybrid models

To further substantiate the superiority of the proposed model a 
comparison against several hybrid models has been conducted. Table 4
and both Figs. 14 and 15 highlight the performance of the hybrid 
models, which combine multiple architectures and techniques to 
enhance wind power forecasting accuracy further. The proposed model 
remains the best-performing model, with an MAE of 4.22 ± 0.31, RMSE 
of 9.31 ± 0.80, MAPE of 0.19%, and R2 of 0.9811, confirming the 
effectiveness of integrating EEMD and ConvLSTM for error correction. 
The CNN-BiGRU model, which combines CNN to extract spatial features 
with Bidirectional GRU to capture temporal dependencies in both for
ward and backward directions, achieves competitive performance, with 
an MAE of 4.51 ± 0.38, RMSE of 10.75 ± 0.90, MAPE of 0.22%, and R2 

of 0.9768. However, the proposed model further enhances accuracy, 
reducing MAE by 6.4% and RMSE by 13.4%, demonstrating its perfor
mance compared to the CNN-BiGRU model. The Autoencoder (AE-GRU) 
model, which integrates an Autoencoder with GRU, also performs bet
ter, achieving an MAE of 4.77 ± 0.42, RMSE of 11.90 ± 0.98, MAPE of 
0.26%, and R2 of 0.9724. The autoencoder reduces the dimensionality of 
the input data, extracting essential features that are then processed by 
the GRU for temporal modelling. The EEMD-LSTM model, which com
bines EEMD with a standard LSTM, achieves an MAE of 5.12 ± 0.50, 
RMSE of 13.42 ± 1.18, MAPE of 0.30%, and R2 of 0.9659, out
performing standalone LSTM but falling short of the EEMD-ConvLSTM 
model. The CNN-LSTM model, which integrates CNN with LSTM, ach
ieves an MAE of 5.58 ± 0.54, RMSE of 15.84 ± 1.50, MAPE of 0.35%, 
and R2 of 0.9553, demonstrating the benefits of combining spatial and 
temporal modelling. The LSTM-ARIMA model, which combines LSTM 
with ARIMA, achieves an MAE of 6.35 ± 0.60, RMSE of 19.75 ± 1.80, 
MAPE of 0.44%, and R2 of 0.9401, highlighting the limitations of ARIMA 
in handling nonlinear patterns. The p-values in Fig. 11 for comparisons 
with the proposed model 0.055 for CNN-BiGRU, 0.044 for AE-GRU, and 
0.01 for LSTM-ARIMA confirm that the performance differences are 
statistically significant. These results underscore the importance of 
hybrid models in wind power forecasting, as they effectively combine 
the strengths of multiple techniques to handle the complexity and 
variability of wind power data, paving the way for more accurate 
forecasts.

4.3. Forecasted error analysis

Fig. 16 illustrates a comparative analysis of the actual and forecasted 
errors generated by the EEMD-ConvLSTM model and the ConvLSTM 
model, compared against actual error values. This comparison helps us 
understand how well these models minimize and correct errors in the 
original wind power forecasting. All error series mark pronounced 
fluctuations, particularly around zero, indicative of the highly dynamic 
nature of wind power generation. The plot shows that the EEMD- 
ConvLSTM model generally maintains a lower magnitude of error 
compared to the ConvLSTM model. The upper peaks and lower peaks of 
the error values are less extreme, While the ConvLSTM model also fol
lows the actual error closely, there are instances where the deviations 
are more pronounced compared to the EEMD-ConvLSTM model. The 
difference in performance between these two models calls to attention 
the added value of integrating the EEMD approach for error correction.

Fig. 11. The P-Value of Model Performance vs. Proposed Model.
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4.4. Different time step forecasting

The forecasting results, summarized in Table 5 and illustrated in 
Fig. 17, evaluate the performance of various models in forecasting wind 
power across multiple forecasting horizons one-step, two-step, three- 
step, and four-step. The models evaluated include LSTM-Error Correc
tion (EEMD-ConvLSTM), LSTM-Error Correction (ConvLSTM), 
ConvLSTM, LSTM, BPNN, ARIMA, and SVR. Among these, the proposed 
model consistently outperforms the other models.

The evaluation encompasses several models, including LSTM-Error 
Correction (EEMD-ConvLSTM), LSTM-Error Correction (ConvLSTM), 
ConvLSTM, LSTM, BPNN, ARIMA, and SVR. Among these, the proposed 
model consistently outperforms the other models.

4.4.1. Two-step forecasting
As the forecasting horizon extends to two steps ahead, all models 

experience a slight decline in performance due to the increased uncer
tainty of predicting further into the future. Nevertheless, as shown in 

Table 5 and Fig. 17, the proposed model maintains its superiority, 
achieving an MAE of 7.605 kW, RMSE of 13.66 kW, and R2 of 0.9396. 
While there is a modest increase in errors compared to the one-step 
forecast, the model retains a high degree of accuracy, with a MAPE of 
just 0.39%. The LSTM-Error Correction (ConvLSTM) and ConvLSTM 
models also exhibit increased errors, with MAE values of 8.801 kW and 
11.323 kW, respectively. In contrast, traditional models such as ARIMA 
and SVR show a significant decline in performance, highlighting their 
limitations in handling the increased non-linear complexities associated 
with longer forecasting horizons.

4.4.2. Three-steps forecasting
The three-step forecasting results from Table 5 and Fig. 17 demon

strate that the proposed model continues to deliver acceptable perfor
mance, although its accuracy begins to decline as the forecasting horizon 
extends. The model achieves an MAE of 12.252 kW, RMSE of 26.703 kW, 
and R2 of 0.8936. While these errors are higher compared to the one-step 
and two-step forecasts, the model maintains a relatively low error rate 

Fig. 12. Wind power forecasting compared to benchmark models.
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and demonstrates reliable forecasting for future time steps in the wind 
power sequence, with a MAPE of 0.76%. In contrast, the performance of 
other models deteriorates more sharply in this scenario, particularly the 
LSTM and ConvLSTM models, which show higher MAE values of 20.899 
kW and 19.485 kW, respectively. Traditional models such as ARIMA and 
SVR face significant challenges, with substantial increases in errors, 
further emphasizing their limitations in managing longer forecasting 
horizons. The 3-h forecast plot in Fig. 14 clearly illustrates these results. 
While the proposed model effectively captures the overall trend of the 
wind power data, it exhibits more noticeable deviations, particularly 
near the peaks. This behaviour highlights the inherent challenges of 
multi-step forecasting, where error propagation and increased uncer
tainty progressively affect forecast accuracy.

4.4.3. Four-step forecasting
The four-step forecasting, as detailed in Table 5 and Fig. 17, repre

sents the most challenging scenario for the models. The LSTM-Error 

Correction (EEMD-ConvLSTM) model, while maintaining its position 
as the top-performing model, exhibits a significant increase in error, 
recording an MAE of 25.505 kW and an RMSE of 56.815 kW. The R2 

value drops to 0.7962, and the MAPE increases to 1.52%, reflecting the 
increased difficulty of accurately forecasting wind power four steps 
ahead. The errors in the LSTM-Error Correction (ConvLSTM) and 
ConvLSTM models continue to rise, with MAE values of 30.249 kW and 
40.236 kW, respectively. Traditional models, particularly ARIMA and 
SVR, perform poorly with MAE values of 97.773 kW and 217.836 kW, 
respectively. The 4-h ahead forecast plot in Fig. 17 highlights these 
challenges, showing noticeable gaps between the predicted and actual 
values. The model frequently overestimates or underestimates wind 
power, especially at key high and low points. These results assure the 
limitations of traditional forecasting methods and even some deep 
learning models in handling long-term power forecasts, where the data’s 
stochastic nature and the accumulation of errors result in significant 
challenges. On the other hand, the proposed model continues to 

Fig. 13. Proposed model performance wind power forecasting.

L. Melalkia et al.                                                                                                                                                                                                                                



Ocean Engineering 325 (2025) 120773

14

demonstrate its strength in short-term forecasting, even as the horizon 
extends. This is achieved through its innovative approach of subtracting 
wind power forecasting errors across time steps and leveraging a hybrid 
technique that combines EEMD decomposition with the ConvLSTM 

model. This powerful combination ensures consistent error correction, 
enhancing the model’s reliability in handling the dynamic and complex 
challenges that arise with longer forecasting horizons.

5. Conclusion

This study presents an innovative hybrid approach combining EEMD 
decomposition and ConvLSTM networks for error correction in offshore 
wind power forecasting. By integrating EEMD and ConvLSTM for error 
prediction with LSTM, the model achieves enhanced accuracy in wind 
power forecasting. Using wind power data from a Siemens SWT-3.6-120 
offshore turbine, collected at Amrumbank West in a German offshore 
wind farm between 2015 and 2023, the proposed forecasting model is 
evaluated for accuracy using error metrics such as MAE, RMSE, MAPE, 
and R2. The key conclusions of this research are summarized below. 

(1) Using a robust error correction method, the proposed approach 
effectively corrects and refines original forecasts.

(2) The EEMD decomposition is employed to pre-process the fore
casting error signal to capture the complicated and nonlinear 
patterns within the error signal.

Fig. 14. Model performance comparison MAE and RMSE with 95% confidence intervals.

Fig. 15. Model performance comparison: Mape and R2.

Table 4 
Performance Comparison of the proposed model with several hybrid Models in 
the offshore wind power forecasting (kW).

Model MAE 
(95% 
CI)

RMSE 
(95% 
CI)

R2 MAPE p-value vs. 
Proposed 
Model

LSTM Error- 
Correction 
(EEMD- 
ConvLSTM)

4.22 ±
0.31

9.31 ±
0.80

0.9811 0.19 -

CNN-BiGRU 4.51 ±
0.38

10.75 ±
0.90

0.9768 0.22 0.055

Autoencoder (AE- 
GRU)

4.77 ±
0.42

11.90 ±
0.98

0.9724 0.26 0.044

EEMD-LSTM 5.12 ±
0.50

13.42 ±
1.18

0.9659 0.3 0.035

CNN-LSTM 5.58 ±
0.54

15.84 ±
1.50

0.9553 0.35 0.025

LSTM-ARIMA 6.35 ±
0.60

19.75 ±
1.80

0.9401 0.44 0.01
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(3) By integrating EEMD and ConvLSTM, the model captures extreme 
values and noise while extracting spatiotemporal dependencies 
often missed by standard LSTM models.

(4) The simulation results reveal that the proposed LSTM-Error 
Correction (EEMD-ConvLSTM), outperforms several relevant 
deep learning-based forecasting models in terms of error metrics 
such as RMSE, MAE, MAPE, and R2. Furthermore, significant 
improvements across various temporal scales have been 
achieved.

CRediT authorship contribution statement

Lokmene Melalkia: Writing – original draft, Visualization, 

Validation, Software, Methodology, Investigation, Formal analysis, Data 
curation, Conceptualization. Farid Berrezzek: Writing – review & 
editing, Supervision, Methodology, Conceptualization. Khaled khelil: 
Writing – review & editing, Supervision, Resources, Data curation. 
Abdelhakim Saim: Writing – review & editing, Validation, Supervision, 
Methodology, Formal analysis. Radouane Nebili: Writing – review & 
editing, Validation, Investigation.

Consent to participate

Informed consent was not required for this study.

Consent to publish

All authors have read and agreed to the manuscript being submitted 
for publication.

6. Limitations and future research

Although the proposed hybrid deep learning model shows promising 
improvements in offshore wind power forecasting accuracy, several 
limitations require further examination. First, the integration of EEMD 
and ConvLSTM layers increases computational complexity, which may 
hinder real-time applications. Second, the model’s sensitivity to noise 
and outliers in the data could affect its reliability. Third, a more 
comprehensive exploration of the hyperparameter space could further 
improve accuracy and robustness.

Future research should focus on. 

1. Develop robust data preprocessing techniques to handle noise, out
liers, and missing data.

2. Exploring alternative decomposition methods, to reduce computa
tional complexity and improve noise resilience, thereby minimizing 
outlier data values even further.

3. Investigating transfer learning approaches to enhance model gener
alizability across diverse wind farms.

4. Designing lightweight and computationally efficient architectures 
for real-time applications.

Addressing these limitations and pursuing these directions will 
advance the development of more accurate, reliable, and practical wind 
power forecasting models.

Fig. 16. Forecasted error compared to actual error.

Table 5 
Performance error (kW) comparison of the EEMD-ConvLSTM model across 
various forecasting time steps.

Models MAE RMSE R2 MAPE 
%

Two steps
LSTM-Error Correction (EEMD- 

CONVLSTM)
7.605 13.66 0.9396 0.39

LSTM-Error Correction (CONVLSM) 8.801 21.05 0.9157 0.57
CONVLSTM 11.323 36.12 0.8533 0.9
LSTM 12.173 42.92 0.8337 1.14
BPNN 16.635 63.75 0.7764 1.65
ARIMA 24.279 84.53 0.7025 2.27
SVR 50.345 105.38 0.6807 2.98
Three steps
LSTM-Error correction(EEMD- 

CONVLSTM)
12.252 26.703 0.8936 0.76

LSTM-Error correction(CONVLSM) 14.745 43.648 0.8115 1.31
CONVLSTM 19.485 66.4159 0.7689 1.86
LSTM 20.899 77.146 0.7233 1.91
BPNN 29.973 114.862 0.6737 3.24
ARIMA 45.362 162.45 0.5892 4.59
SVR 97.538 209.023 0.5211 6.54
Four steps
LSTM-Error correction(EEMD- 

CONVLSTM)
25.505 56.815 0.7962 1.52

LSTM-Error correction(CONVLSM) 30.249 85.95 0.7193 2.06
CONVLSTM 40.236 130.15 0.6981 2.87
LSTM 43.634 162.98 0.6469 3.53
BPNN 67.716 261.31 0.5113 6.79
ARIMA 97.773 344.351 0.4521 9.81
SVR 217.836 437.018 0.3866 14.89
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