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The shift from fossil‑based to clean‑energy infrastructure has escalated the 

significance of wind power. Expanding the power system to accommodate wind 

generation remains challenging due to the natural fluctuations and uncertainty of 

wind speeds. Effective short‑term prediction of wind speeds is key to maintain 

system reliability, efficient power scheduling, and dependable wind‑energy 

integration. This work introduces a hybrid EEMD‑ConvLSTM framework that 

hybridize Ensemble Empirical Mode Decomposition for signal decomposition and 

a Convolutional LSTM for spatiotemporal feature learning. Using EEMD, the raw 

time-dependent and structurally stochastic and highly variable wind‑speed 

measurements are separated into a collection of intrinsic oscillatory components 

each obtaining meaningful time‑varying sequence of the underlying dynamics. 

These functions are subsequently fed as input to the ConvLSTM network, which 

models both spatial and temporal dependencies to improve forecasting. The 

model’s accuracy is examined using site‑specific wind‑speed data sourced from a 

power plant facility in Telangana, India. The forecasting accuracy is reflected in 

the MAE (0.0983 m/s), RMSE (0.1025 m/s), and MAPE (1.5472%) obtained 

during testing. The method performs better and runs faster than EEMD‑LSTM 

and other conventional models, making it suitable for instantaneous utilization in 

smart‑grid environments and renewable energy platforms 
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1 1. INTRODUCTION 

The targets of the Paris Deal of December 2015 can be 

achieved only with the help of Renewable Energy 

Sources (RES). It is also worth noting that the year 2016 

was a significant year in the wind energy sector with 

profound developments and better production being 

recorded. 2020 has been a top year of the international 

wind energy industry as it has recorded 93 GW of 

capacity- a mark that is equivalent to 53.5 of the 

preceding year [1]. In 2016, as reported by the Global 

Wind Energy Council, there was 485.79 GWEC 

capacity of the installed wind generation system. 

Distributed Energy Resources (DER) are known to 

reduce greenhouse gas emission, lessen the damage to 

human health, and reduce the use of natural resources. 

Incorporation of RE in large quantities such as wind and 

photovoltaic systems in electronic systems pose 

technical and commercial complications to the power 

utilities. The key to solving such challenges is accurate 

and reliable prediction. Wind power is hard to predict 
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because wind speeds change unpredictably, which can 

cause system issues and make scheduling difficult. 

Estimating wind speed helps in planning how power 

should be distributed. Precise estimate of the wind speed 

could be used to reduce the chances of accidents and 

enhance wind turbines stability. It assists in enhancing 

day-ahead market functions, facilitates in planning the 

use of wind energy more effectively, and also assists in 

planning maintenance to lower the total expenses. 

 The current interest in wind speed prediction 

research includes many scholars and agencies that are 

described as 3 types including basic, arithmetical, and 

hybrid. All frameworks have their advantages and 

disadvantages. Mathematical equations can be used to 

construct physical models that take into account the 

terrestrial conditions of the plant in regard to the 

numerical weather projects. Continuous forecasting is 

better done on physical models yet consumes large 

resources. Autoregressive‑based models like Auto 

Regressive (AR), Auto Regressive Moving Average 

(ARMA), Auto Regressive Integrated Moving Average 

(ARIMA)) operate by analyzing historical wind‑speed 

data. Numerical formulae are adopted to forecast the 

speed of wind. Numerical models are economical, easy 

to run and applicable in cases where time horizon is 

relatively constrained. The inherent problem with these 

models is that they are not as accurate in forecast as they 

should be. Hybrid forecasting methods are those 

methods that integrate 2 or more prediction techniques. 
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 Recent AI developments have enhanced the 

capabilities of Artificial Neural Network (ANN) 

architecture. Their proficiency in handling nonlinear 

dynamics makes backpropagation neural networks 

(BPNNs) a standard choice for Wind Speed Forecast 

(WSF). In addition to this, the NN can learn and the 

expertise of the fuzzy system is applied to give the 

correct forecasts given by fuzzy NN. Neural networks 

need many neurons to address different challenges. They 

include wavelets that address this issue. The wavelet 

NN, which is an order of wavelet transformations (WT) 

and artificial NN, have now received a wide research 

focus and are applied to WSF. The most challenging 

feature of Wavelet NN (WNN) is to choose efficient 

WT. The wavelet basis coefficients in WNNs are 

non‑adjustable during training, leaving only the weights 

to be tuned. However, proper wavelet choices still 

enable higher forecasting precision and reduced 

computation. To address the challenges of WNN, 

numerous hybrid methods were developed. In [2], wind 

power prediction is performed by a hybrid framework 

that incorporates Multi-Layer Perceptron (MLP), Radial 

Basis Function (RBF) and WT networks along with the 

Imperialist Competitive Algorithm (ICA). The initial 

prediction is generated using an RBF network, followed 

by three MLP networks trained through different 

learning schemes. ICA is subsequently used to enhance 

the coefficients of the MLP models. The core weakness 

of ICA lies in the fact that the algorithm has an issue 

with moving towards a local minimum and this affects 

the accuracy and speed. WNN uses an optimization 

method known as improved clonal selection to predict 

wind power in 6 hours. The enhanced clonal selection 

algorithm exhibits suboptimal forecasting performance 

and high computational latency.  

 Moreover, a composite version based on a hybrid 

framework integrating Singular Spectrum Analysis 

(SSA) with regression‑oriented neural architectures 

optimized through CG‑BA has been used for 1‑hour and 

3‑hour forecasts. Another hybrid technique 

incorporating ANN, ARIMA and Kalman filter has also 

been investigated. This model is concerned by 

anomalous system conduct and probabilistic variation. 

The model recorded MAPE scores of 36.09% for Iraq 

and 12.10% for Malaysia during testing. In [3], the 

authors introduced hybrid prediction models that 

integrate the properties of Support Vector Regression 

(SVR) with normalizing values based on seasonal 

indices (SIA) and an Elman-RNN to forecast daily 

fluctuations in wind speed. These hybridized 

frameworks are justified using the data of 3 independent 

wind farms in the Xinjiang region of China [4], the 

authors investigated further methodology which uses an 

Adaptive Neuro Fuzzy Inference System (ANFIS) to 

achieve greater accuracy in WSF within a two‑day 

timeframe. In [5], a three hour ahead wind‑power 

forecasting strategy was formulated using an 

evolutionary‑adaptive scheme that integrates wavelet 

transform, entropy‑based dependency measure and 

evolutionary swarm‑optimization technique in 

combination with an ANFIS model. 

 For the Portuguese system in [6], the hybrid 

evolutionary-adaptive (HEA)  method gotten 

Normalized Root Mean Squared Error (NRMSE) and 

Mean absolute percentage error (MAPE) values of 2.66 

percent and 3.75 percent. This study also reviews several 

hybrid forecasting models. In the current work, the 

prediction accuracy is developed by an improved WNN 

(adaptive wavelet NN’s). This AWNN integrates the 

dynamic learning strategy [7] and the conventional 

WNN. This hybridized version has a higher convergence 

rate and accuracy in forecasting since it has an adaptive 

learning rate [8]. The technology of data preparation is 

also necessary to enhance the accuracy of prediction 

further, which is pointed out because it reduces noise in 

data. Two noise reduction techniques on data are WT 

and empirical mode decomposition (EMD) [9]. WT and 

ANN are brought together to form a unified structure of 

diagnostic evaluation and future forecasting using time-

series [10].  

 EMD provides a means of extracting intrinsic 

patterns from wind data, distinct from wavelet transform 

approaches. This method decomposes the time‑varying 

signal into multiple intrinsic mode functions (IMFs). 

Then SVR can simply examine every IMF and residue 

to forecast the speed of the wind in prediction horizons 

of 1, 3, and 5 hours [11]. Along with SVR, many other 

models are also employed alongside EMD to predict 

wind speed like ANN, ARMA, and so forth As an 

illustration, the study in [12] used two hybridized 

approaches—comprising ANN, feature selection, SVM 

and EMD—to estimate coming wind speed values. In 

[13], the researchers developed a prediction scheme that 

merges feed-forward neural network (FNN) with EMD, 

using partial autocorrelation function (PACF) to 

determine the appropriate input data. In [14] author 

presents a dual‑method strategy employing recursive 

autoregressive integrated moving average (RARIMA) 

and EMD for wind speed forecast. This technology was 

applied in automated railway wind surveillance and alert 

systems. However, WT is highly sensitive to threshold 

selection, while a major constraint of EMD is its 

vulnerability to overlapping intrinsic modes. 

 Ensemble empirical mode decomposition (EEMD) 

can address the inherent weaknesses of EMD. In 

addition, when dealing with irregular or highly erratic 

time‑series patterns, EEMD provides a sophisticated and 

reliable decomposition approach [15]. In [16], wind 

speed prediction is performed using a process that 

combines EEMD with an error‑correction method. 

Distinct from other procedures, the researchers 

implemented a long horizon multi‑step forecasting 

procedure. This method leads to a complex and 

extensive iterative prediction procedure over several 

horizons because of the intricate mapping relationships 

involved. In [17], the authors instead selected fast 

EEMD and an MLP neural network, with the MLP 

parameters tuned using genetic algorithms and the mind 

evolutionary algorithm (MEA). These methods tend to 

be trapped in local minimum, and this restricts the 

efficiency of MLP NN. A hybrid framework combining 

EEMD, a backpropagation neural network, and a genetic 

algorithm was developed in [18] to enhance both 
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hourly‑scale and minute‑scale prediction ranges of WSF. 

The hybridized version is not up to the mark as it makes 

wrong decisions on the parameters of decomposition 

such as amplitude of injected noise and ensemble size 

parameter. To enhance sequential step‑ahead prediction, 

the approach in [19] utilizes Elman-NN, rapid EEMD 

and Wavelet packet decomposition (WPD). The model 

performs well when compared to other hybrid 

approaches. In general, reviews and comparisons show 

that hybrid models outperform single forecasting 

models. The predictive results are favorable relative to 

other hybrid techniques. Across the literature, 

comparisons indicate that hybrid models generally 

surpass individual forecasting models. The fundamental 

rationale for integrating multiple methods is to utilize 

their matching strengths and increase overall model 

performance. So, EEMD helps avoid mode mixing and 

splits the changing wind speed into clearer frequency-

based components. 

 This work introduces an EEMD‑ConvLSTM 

framework to predict short‑range wind speed from 

temperature‑based sequential data. This model is 

designed to improve prediction accuracy when other 

environmental inputs are known. CNNs are widely used 

in image recognition, speech modeling, and language 

interpretation, all of which rely on 2D or 3D input 

representations. Therefore, a 1‑D time‑series signal 

cannot be directly used as input to a standard CNN. The 

EEMD‑ConvLSTM model addresses the dimensionality 

issue by allowing convolutional kernels to detect subtle 

variations in the decomposed time‑series inputs. To 

show its performance, the EEMD‑ConvLSTM model is 

compared with FFBP, ELMAN, LSTM, and 

EEMD‑LSTM, all using temperature‑based data. Unlike 

the others, EEMD‑ConvLSTM uses both the primary 

temporal wind‑speed dataset and the IMFs from the 

EEMD process. The key contributions of this paper are: 

1) Proposing a hybridized model for short‑term 

wind‑speed forecast. 2) Assessing its predictive 

capability using comparative analytical techniques. To 

improve the consistency of the forecasts by solving the 

uncertainty of the models. 3) To reduce the computation 

load in real world prediction applications. 

2.  SYSTEM ARCHITECTURE FOR WIND 

SPEED DECOMPOSITION AND CNN 

DRIVEN FORECASTING 

Wind speed data inherently possesses complex structure 

and time‑dependent statistical, which is not well 

represented using traditional linear techniques. Signal 

decomposition ways such as EMD and its improved 

adaptation of EEMD are used to solve these challenges. 

The approaches enable breaking down the original 

wind‑speed signal to less complex parts to enable 

assessment and estimate. The disaggregated components 

may be input into DL models e.g., CNNs for forecasting 

accuracy 

2.1 EMD 

EMD functions as a self‑adaptive decomposition 

approach tailored for complex, time‑varying data. EMD 

extracts a complex signal into several adaptive, 

narrow‑band oscillatory components widely recognized 

as IMFs, along with a residual. IMFs are simple 

oscillating components of the signal and extracting them 

simplifies analysis. 

 Let the profile of the source wind is stated as x(t). 

This signal is modified by EMD, and the form of the 

signal is modified in the following way: 

𝑥(𝑡) = ∑ 𝐼𝑀𝐹(𝑡)

𝑁

𝑖=1

+ 𝑅𝑁(𝑡) (1) 

In this case, IMF(t) is 𝑖𝑡ℎ IMF obtained by signal, 

𝑅𝑁(𝑡)  remains after the extraction of all IMFs, N 

represents the total IMFs extracted. The process of 

obtaining the IMFs is called sifting and makes sure that 

each of the functions meets 2 situations: The numbers of 

extrema and zero-crossings are expected to be almost 

equal, and the difference should be no more than a unit. 

For each data point, the envelope‑mean curve derived 

from the upper and lower bound curves is required to 

equal to zero. 

 Although EMD has notable strengths, it is limited 

by the interference between decomposed modes, arising 

when fluctuations of varying time scales are mixed 

within a single IMF or spread across different IMFs. 

This restricts the physical interpretation and the value of 

each IMF. This was solved by creating an improved 

version of this known as EEMD. 

2.2 EEMD 

To overcome the interference between decomposed 

modes detected in EMD, EEMD employs a 

noise‑assisted mechanism. The addition of Gaussian 

white noise improves both the robustness and 

interpretability of the decomposition. It works by 

repeatedly adding white noise and running EMD on 

each resulting signal. Averaging the IMFs from multiple 

noise‑assisted decompositions effectively cancels out the 

added noise, producing a more settled and precise 

reconstruction of the signal’s intrinsic modes. 

The EEMD methodology can be outlined in the 

following steps: 

1. For every ensemble repetition i, a white noise 

sequence 𝜀𝑖(𝑡)  is overlaid on the pre‑processed signal 

x(t), for noise‑embedded wind‑speed time series: 

𝑥𝑖(𝑡)  =  𝑥(𝑡)  + 𝜀𝑖(𝑡) (2) 

 2. 𝑥ⅈ(𝑡)  is processed to extract its IMFs and a 

residual term by the EMD method: 

𝑥ⅈ(𝑡) = ∑ 𝐼𝑀𝐹𝑗
𝑖(𝑡)

𝑁

𝑗=1

+ 𝑅𝑁
𝑖 (𝑡) (3) 

Repeat steps 1 and 2 with M different noise 

profiles, and each noise profile is run with a different 

random noise sequence. Once EMD has been performed 

on all M noise‑perturbed signals, average the matching 

IMFs to acquire the final EEMD IMFs: 

𝐼𝑀𝐹𝑗(𝑡) =
1

𝑀
∑ 𝐼𝑀𝐹𝑗

𝑖(𝑡)

𝑀

𝑖=1

 (4) 
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3. The original signal is expressed as the sum of its 

extracted IMFs. 

 With the implementation of EEMD, the signal of 

wind velocity is broken down to a cleaner non-

overlapping mode, which further improves the 

possibilities of the subsequent models, such as CNNs, to 

learn significant temporal patterns about all the 

components. An illustrative set of IMFs produced by 

EEMD is presented in Fig. 1. 

2.3 Convolutional LSTM (ConvLSTM) 

ConvLSTM system is one of the most sophisticated DL

 

Fig. 1. Extraction of intrinsic oscillatory modes from wind‑speed data using EEMD [22]. 

 

models that combine the capabilities of LSTM and CNN 

networks. It is applicable in working with data that has 

both spatial and time-dependent relationships and can 

therefore be classified as an efficient solution to the 

complex and time-dependent wind speed models. 

 CNN is a type of deep-NNs that process grid-like 

data, i.e. spatial maps. CNNs are more effective at 

automatically learning spatial hierarchies in data since it 

has been proven to require adaptive learning strategies 

with various convolutional and merging layers. In each 

CNN layer, the kernels learn local features such as 

low‑level and mid‑level visual patterns, while the 

pooling operations compress the spatial resolution, 

improving efficiency and model robustness. 

 In a standard CNN, processed sequentially across 

layers. Convolution layers generate feature maps by 

sliding kernels over the input and computing dot 

products to detect local characteristics. Every kernel 

realizes distinct local patterns, such as wind‑speed 

variations. Later convolution, activation functions help 

the network learn more complex representations. 

 Maximum and average pooling remove 

fine‑grained spatial information, producing a compact 

representation that lowers computation and improves 

generalization. In our model, however, pooling is not 

applied since data on wind speed at the input is not very 

complex, and the complete spatial picture is necessary to 

retain the features that are crucial to proper forecasting. 

Following successive convolutional transformations 

within the network, the learned feature responses are 

flattened into a one‑dimensional vector and forwarded to 

the fully connected layers for final prediction. 

 While CNNs excel at acquiring spatial 

representations, they are unable to define 

time‑dependent relationships, which are crucial for 

predicting wind speed because of its inherently 

time‑varying characteristics. In order to address this 

drawback, CNN and LSTM modules are integrated to 

construct the ConvLSTM model. A typical LSTM 

monitors the pattern of time by analyzing series of data, 

but ConvLSTM improves the ability by adding 

convolutional functions within the LSTM cell. 

ConvLSTM In ConvLSTM, the propagations of 

variation and recursion in the input and the state are 

implemented as convolutional processes rather than full 

matrix multiplication, which enables the network to 

maintain the spatial structure whilst having the 

capability to learn time-dependent sequences. The 

structure is especially applicable to 2 or 3D gridded 

wind speed records which changes with time.  

A ConvLSTM cell is stated as: 

𝑖𝑡̃ = 𝜎 (𝑈𝑥𝑖 ∗ 𝑍𝑡 + 𝑈ℎ𝑖 ∗ 𝑆𝑡−1 + 𝑈𝑐𝑖 ∘ 𝑀𝑡−1 + 𝑑𝑖) (5) 

𝑓𝑡 = 𝜎(𝑈𝑥𝑓 ∗ 𝑍𝑡 + 𝑈ℎ𝑓 ∗ 𝑆𝑡−1 + 𝑈𝑐𝑓 ∘ 𝑀𝑡−1 + 𝑑𝑓) (6) 

𝑀𝑡 = 𝑓𝑡 ∘ 𝑀𝑡−1 + 𝑖̃𝑡 ∘ 

            tanh(𝑈𝑥𝑐 ∗ 𝑍𝑡 + 𝑈ℎ𝑐 ∗ 𝑆𝑡−1𝑑𝑐) 
(7) 

𝑜̃𝑡 = 𝜎(𝑈𝑥𝑜 ∗ 𝑍𝑡 + 𝑈ℎ𝑜 ∗ 𝑆𝑡−1 + 𝑈𝑐𝑜 ∘ 𝑀𝑡 + 𝑑𝑜) (8) 

𝑆𝑡 = 𝑜̃𝑡 ∘ tanh(𝑀𝑡) (9) 

𝑍𝑡  is input tensor at time step 𝑡 , 𝑆𝑡  is hidden 

representation at time 𝑡 , 𝑀𝑡  is memory cell at time 𝑡 , 

𝑖̃𝑡 , 𝑓𝑡  𝑎𝑛𝑑 𝑜̃𝑡  are input modulation gate, memory 

retention gate, and output gate, ∗  is convolutional 

transformation, ∘  is element‑wise (Hadamard) 

multiplication, 𝜎  is sigmoid nonlinearity, 𝑡𝑎𝑛ℎ  is 

hyperbolic tangent activation, 𝑈  is learnable 

convolutional kernels, 𝑑 bias parameters. 
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ConvLSTM is trained to learn how local spatial 

patterns change with time by incorporating convolution 

into LSTM therefore is especially effective when 

predicting instant wind speed, when wind changes need 

to be captured both spatially and temporally. In this 

paper, the data in the form of wind speed are processed 

with the help of a ConvLSTM model after decomposing 

them to Inherent Mode Functions by EEMD. Every IMF 

system is regarded as a spatiotemporal input which is 

learned by ConvLSTM model. Since the model 

maintains spatial associations and sequence of the data, 

it is able to forecast extremely closely even under 

complicated environmental conditions. 

2.4 Hybridized EEMD and ConvLSTM 

To support the accuracy and reliability of WSF, a hybrid 

DL framework of EEMD by a ConvLSTM, which is the 

EEMD-ConvLSTM framework, is proposed in this 

work. The underlying reason behind this hybridization is 

the necessity to address unusual and time-varying nature 

of wind speed sequence and take aid of the high-power 

feature extraction property of CNNs. Nevertheless, the 

difficulty that comes in is the dimensionality error, 

where CNNs are meant to work with (2-D) data, and the 

wind speed data are (1-D) time-based systems. To 

overcome this problem, EEMD approach decomposes 

the original 1-D signal into a few factors, using which it 

is possible to organize the input in a 2D format to 

process it with CNN. 

 EEMD is used to decay the raw wind velocity 

sequence in the first step of the EEMD-ConvLSTM 

pipeline. This method generates number of IMFs and an 

overall residual term, which are oscillatory models at 

various frequencies and levels. These IMFs receive 

concealed  forms  and   patterns   in   the   wind   speed 

information, rapidly varying and sluggishly changing 

dynamics. The model has access to more temporal 

features by getting ten IMFs (IMF_1 to IMF_10) and the 

whole signal. 

 By assembling the vectors from every time step, a 

2D structure is formed where time occupies the rows 

and decomposition components occupy the columns. 

This transformation enables the CNN to operate 

effectively on a 1D to 2D data representation, allowing 

it to scan both temporal and frequency characteristics 

through its convolutional filters. Training of the CNN 

model is performed using the generated 2D matrix, 

where the IMF‑enhanced wind‑speed data is provided as 

input to the convolutional layers. 

As soon as it has decomposed, the second step is 

building the CNN matching input. For every time step, 

the IMF1, IMF10, and other component values are 

aligned and merged with the wind speed signal 

measurement and passed through a multi‑dimensional 

feature encoder. These layers of the CNN are stacked, 

and the high-level features are extracted automatically 

by means of hierarchical filtering and augmented spatial 

and time features. The model is taught to predict wind 

speed one step early. CNN maps the learned features to 

a final output, and Figure 2 shows the wind‑speed 

temporal data. 

 

Fig. 2. Wind speed temporal data. 

 

Fig. 3. Architectural design of the proposed hybrid EEMD–ConvLSTM approach. 
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Figure 3 illustrates the hybrid wind‑speed 

predicting model used in this study. The model 

combines EEMD and ConvLSTM to create a strong and 

efficient prediction system. In this approach, EEMD 

handles non‑uniform and non‑stationary signals, while 

ConvLSTM learns deep spatiotemporal patterns in the 

data. Together, they provide a more reliable forecasting 

model. The data are based on the time-series wind flow 

series collected on one of the wind generation sites in 

Vikarabad, Telangana, India. The raw data was obtained 

on the web site of the National Institute of Wind Energy 

Data Viewer [23], where one can find meteorological 

data of high quality and high resolution to analyze and 

model wind energy. The location was chosen 

strategically because it is complex to forecast the speed 

of wind in these areas because the wind patterns are 

sporadic and changeable. These traits bring about 

ambiguity and complexity, and it is hard to model future 

behavior using traditional methods. Therefore, this data  

set offers a perfect empirical model on which to assess 

the execution of the hybrid model.  
 Also, wind velocity by default is full of turbulent 

variations that tend to be oblivious to concealed pattern 

and latent temporal relationships, not easily visible in 

raw data. To reveal such hidden aspects, the raw 

temporal data are initially broken down using the EEMD 

method. This is divided into the signal of fixed number 

of IMFs that represent a certain band of frequency or 

oscillation mode of the data. The IMFs provide a better 

organized and condensed version of the input, is an 

information wellspring of additional education 

 Now the IMFs are fed into the ConvLSTM 

network in training stage. The ConvLSTM does 

preserve the memory aspect of traditional LSTMs in 

terms of time, but also incorporates the convolutional 

operation, which helps to learn the spatial correlation of 

the data. This combination is what renders ConvLSTM a 

good choice when it comes to learning the sequence of 

IMFs is considered a sequence of systematically 

arranged spatio-temporal data frames. The network is 

directed to get time based and scale-based dependencies 

that offer the network the ability to predict values of 

wind speed based on the features that it has learned. 

 Following model training, the EEMD‑processed 

test data is supplied to the trained ConvLSTM network 

for prediction generation. Comparisons between actual 

observed values and the model outputs are made to 

assess the performance. The complete hybrid structure 

was developed and run in MATLAB R2021b, which 

offered the tools to carry out the needed computational 

instruments of signal processing, neural network 

training, and visual presentation of results. 

 Figure 4 presents the workflow of the entire 

workflow of the EEMD-ConvLSTM forecasting model.  

This diagram summarizes the overall pipeline, including 

data collection and decomposition, training, testing, and 

valuation of a model. The graphical display itself is a 

roadmap to the sequential approach to it and emphasizes 

the further inclusion of decomposition and DL to the 

predictive system. 

 

 

Fig. 4. Structural workflow of the EEMD‑ConvLSTM 

methodology 

 Table 1 includes the arithmetical description of 

early wind speed data, mentioned by x(t). This 

information represents the fluctuation of wind velocity. 

In many scenarios, such evaluation becomes crucial for 

improving wind‑power prediction and optimizing energy 

systems. The lowest wind speed in the data is 

0.3770m/s, which means that on some occasions, there 

were cases of near calm wind activity. Alternatively, the 

highest wind speed is equal to 11.8050 m/s. These 

deviations assist in establishing the span of wind‑speed 

values recorded during acquisition. 

The average magnitude and median wind speed in 

the dataset are 6.01675 m/s and 5.939 m/s 

correspondingly. Average speed represents the central 

tendency of wind power in that position. The gap 

between mean and median indicates light positive 

skewness, driven by occasional high wind‑speed events. 

The standard deviation of the wind‑speed series is 

2.300898 m/s, indicating the amount of variation in the 

measurements. This moderate value shows that wind 

speeds do vary but generally stay within a similar range. 

The variability is significant in understanding to develop 

strong forecasting models reflect precisely the dynamic 

nature of wind. 

 

Table 1. Summary statistics of the wind‑speed time series. 

Wind input Minimum (m/s) Maximum (m/s) Mean (m/s) Median (m/s) 
Standard 

Deviation (m/s) 

x(t) 0.377 11.805 6.017 5.939 2.301 
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The configuration settings for the EEMD‑ConvLSTM 

model, given in Table 2, were chosen using an organized 

empirical tuning scheme to find a good tradeoff among 

the forecasting accuracy, the generalization of the 

approach, and its computational inefficiency. First, all 

important architectural limits like the depth of 

ConvLSTM layers, the filter dimension and the size of 

the kernel have been diversified within the accepted 

common ranges documented in recent wind speed 

prediction research. Single-layer ConvLSTM method 

was observed to be efficient enough to learn short-term 

temporal variation and local spatial-temporal variation 

amid the IMFs that had been decomposed and deeper 

designs yielded insignificant improvements in accuracy 

at the expense of guidance time and risk of overfitting. 

 
Table 2. Parameters of the EEMD–ConvLSTM Model. 

Parameter Value / Description 

Number of ensembles 200 

Noise amplitude 0.2 × standard deviation 

Number of IMFs 10 IMFs 

Normalization Min–max scaling 

Filters (ConvLSTM) 64 

Kernel size 3 × 3 

Activation function (ConvLSTM) ReLU 

Neurons (Fully Connected Layer) 64 

Activation ReLU 

Neurons (Output Layer) 1 

Activation (Output Layer) Linear 

Optimizer Adam 

Learning rate 0.001 

Loss function Mean Squared Error (MSE) 

Batch size 32 

Epochs 200 

Dropout rate 0.2 

Platform MATLAB 

 
Table 3. Assessment of the proposed hybrid EEMD-ConvLSTM model in 

relation to benchmark forecasting models. 

Performance metrics RMSE (m/s) MAE (m/s) MAPE (%) 

FFBR 0.4632 0.3398 7.1584 

ELMAN 0.4667 0.3433 7.1970 

GR 0.5589 0.4246 9.3963 

LSTM 0.4819 0.3506 7.3201 

EEMD-FFBP 0.2067 0.1573 3.2498 

EEMD-ELMAN 0.2069 0.1578 3.3340 

EEMD-GR 0.5225 0.4066 8.6873 

EEMD-LSTM 0.1921 0.1438 2.9670 

EEMD-ConvLSTM 0.1025 0.0983 1.5472 

 

 Model performance is comparatively assessed 

using three error measures—RMSE, MAE, and 

MAPE—presented in Table 3. The study benchmarks 

traditional neural‑network models—FFBP, ELMAN, 

and GR—together with a deep‑learning LSTM model. 

Each architecture is tested both independently and in a 

hybridized form incorporating EEMD. The proposed 

forecasting framework is the EEMD‑ConvLSTM. 

A notably low RMSE of 0.1025 m/s is achieved by 

the EEMD-ConvLSTM approach, showing that it 

outperforms all the other models in prediction accuracy. 

FFBP and ELMAN demonstrate closely aligned error 

metrics (RMSE ≈ 0.46 m/s), but the GR model exhibits a 

larger RMSE of 0.5589 m/s, making it the least effective 

among the conventional standalone models. The use of 

EEMD has always led to better forecasting results of all 

models, which proves the efficiency of empirical 

decomposition strategies for improving signal 

stationarity. Hybridizing LSTM with EEMD manages to 

a substantial RMSE reduction—from 0.4819 m/s to 

0.1921 m/s, which indicates the enhanced predictive 

capability of the hybrid model. 

The MAE results show the same pattern, 

representing the mean absolute deviation in the 

forecasts. Once again, the EEMD-ConvLSTM approach 

has the minimal MAE of 0.0983 m/s compared to all the 

other options. By contrast, the standalone traditional 

models have significantly greater values of MAE 

between 0.3398 m/s and 0.4246 m/s. The hybridized 

models demonstrate evident enhancement of the 

standalone ones, and EEMD-LSTM demonstrates the 

next‑best MAE of 0.1438m/s, which supports the merit 

of integrating techniques of decomposition and temporal 

DL models. 

http://www.rericjournal.ait.ac.th/


                                                                  Rakesh Yadav G., and Ramu V. / International Energy Journal 26 (June 2026) 101 – 112      

www.rericjournal.ait.ac.th 

108 

In the case of MAPE that indicates the forecasting 

error in a percentage form, the lowest value of 1.5472 

percent is registered in EEMD-ConvLSTM model, 

reflecting a high relative accuracy. The traditional 

standalone models have much greater error and the 

values of MAPE are in the range of 7.15-9.39. The 

performance of the entire baseline models has been 

decreased by the application of EEMD, though the 

performance is still lower compared to the proposed 

method. For instance, after hybridizing with EEMD, 

FFBP and ELMAN models yield MAPE values of 

3.2498% and 3.3340%, correspondingly. The LSTM 

after combining with EEMD performs better with a 

MAPE of 2.9670%, but it is still less accurate than the 

EEMD-ConvLSTM model. 

Figure 5 delivers an analysis of the RMSE of all 

the wind speed forecast models all taken into 

consideration. RMSE disproportionately penalizes larger 

prediction errors, making it a stringent metric for 

assessing forecast precision. As can be seen, the 

independent models of conventional neural networks, 

i.e. FFBP, ELMAN, and GR, have rather large RMSE 

values, which means that they cannot be used with direct 

predictive power in their original form when working 

with original data. Conversely, after combining with 

EEMD, these models are able to demonstrate smaller 

RMSE values, which is an indication of the usefulness 

of empirical decomposition strategies for improving 

signal stationarity. The proposed EEMD-ConvLSTM 

model has the minimal RMSE, which means that it is 

more effective at reproducing the key trends and 

temporary changes in the speed of wind. 

 

 

Fig. 5. Assessment of RMSE metrics for various predictive 

models. 

 

 

Fig. 6. Assessment of MAE metrics for various forecasting 

models. 

Figure 6 makes a comparative assessment of the 

models using MAE as the accuracy metric since it 

quantifies the mean prediction error magnitude and is 

less responsive to outliers than RMSE. The findings 

show that the performance trend is similar to that of 

Figure 5. Each and every EEMD-based hybrid model is 

better than their individual counterparts that represent 

better performance of forecast coherence across the 

decomposed signal components. The 

EEMD‑ConvLSTM approach achieves the lowest MAE, 

outperforming the EEMD‑LSTM model. This suggests 

that the hybridized strategy reduces pronounced 

inaccuracies and ensures steadier error patterns about the 

prediction horizon. 

Figure 7 shows the MAPE evaluation, 

demonstrating the degree to which the forecasted wind 

speeds match the actual measurements. The traditional 

standalone models present relatively high values of 

MAPE which imply low reliability rates in percentages. 

The EEMD integration results in a significant decrease 

in MAPE of all models, with the lowest percentage error 

of EEMD-ConvLSTM model, and EEMD-LSTM model 

in that order. This finding underscores the benefits of 

signal decomposition of the inherently irregular and 

time‑varying wind series before the learning stage, 

especially where accuracy expressed in the percentage is 

vital. 

 

 

Fig.7. Assessment of MAPE metrics for various forecasting 

models. 

 

Figure 8 depicts the temporal evolution of observed 

wind speed alongside the corresponding LSTM‑based 

predictions. Although the LSTM provides a general 

tendency of the wind velocity, the LSTM includes 

considerable deviations in the periods of intensive 

changes and high variability. Such differences denote 

the fact that LSTM is not applicable to raw wind data 

directly because frequency content and sudden variation 

do exist. 

Figure 9 shows the wind‑speed predictions 

generated through the LSTM–EEMD model, where the 

forecasted curve matches the actual observations more 

faithfully than in Figure 8, especially during volatile 

periods. The EEMD stage separates the complex signal 

into multiple intrinsic components, enabling the LSTM 

to model time‑dependent behavior more accurately. This 

qualitative comparison aligns with the quantitative 

enhancements shown in Figure 9 and emphasizes the 

advantage of combining decomposition approaches with 

LSTM‑based models for wind‑speed prediction. 
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Fig. 8. Evaluation of actual wind‑speed measurements versus LSTM forecasts obtained without 

signal‑decomposition preprocessing. 

 

Fig. 9. Evaluation of actual wind-speed measurements versus LSTM forecasts obtained after applying 

signal-decomposition preprocessing. 
 

Table 4 presents a comparison among the 

EEMD‑ConvLSTM approach and the other EEMD 

enhanced predicting models. In this table 

percentage‑based error reductions are quantified using 

PRMSE, PMAE, and PMAPE to estimate the 

performance gains of the proposed model. Larger 

percentage values indicate greater accuracy 

improvements.  

In relation to PRMSE, EEMD-ConvLSTM model 

proposed has significant reduction in error relative to 

competing hybrid approaches. The model provides 

50.41% and 50.46% lower error than EEMD‑FFBP and 

EEMD‑ELMAN, correspondingly, and an even more 

pronounced 80.38% reduction compared with 

EEMD‑GR, signifying its suboptimal performance 

among regression based temporally dynamic wind 

patterns. Comparing the proposed model to the powerful 

EEMD-LSTM backbone, there is a significant 46.63% 

decrease in RMSE which can be attributed to the fact 

that the convolutional feature extraction is incorporated 

in the hybridized approach. 

The PMAE results exhibit a comparable pattern, 

quantifying decreases in average absolute error. The 

EEMD‑ConvLSTM achieves reductions of 37.50% and 

37.70% in relation to EEMD‑FFBP and 

EEMD‑ELMAN, respectively, and an even more 

pronounced 75.83% reduction relative to EEMD‑GR. It 

also achieves a notable 31.65% reduction over 

EEMD‑LSTM, showing that the proposed approach 

delivers steadier and more consistent accuracy across 

predictions. 

In terms of PMAPE, which normalizes forecasting 

error across scales, the proposed model records the most 

substantial percentage improvement over all competing 

approaches. The model achieves more than a 52% 

improvement over EEMD‑FFBP and EEMD‑ELMAN, 

and an 82.19% decline compared to EEMD‑GR. 

Notably, it also delivers a consistent 47.85% decrease in 

MAPE relative to EEMD‑LSTM, demonstrating its 

stronger ability to reduce comparative error magnitudes.
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Table 4: Evaluation of predictive performance for the proposed EEMD-ConvLSTM model in 

comparison with benchmark models.  

Performance metrics PRMSE (%) PMAE (%) PMAPE (%) 

Proposed Model vs EEMD- FFBP 50.406 37.497 52.391 

Proposed Model vs EEMD-ELMAN 50.456 37.696 53.592 

Proposed Model vs EEMD- GR 80.383 75.827 82.190 

Proposed Model vs EEMD-LSTM 46.629 82.190 47.852 

    

As shown in Table 4, EEMD‑ConvLSTM approach 

achieves better results than all other EEMD‑based 

hybridized methods through every proportion-based 

performance metric. Although the enhancements over 

conventional NN models are evident, the proposed 

approach also delivers significant enhancement 

compared to the DL–based EEMD LSTM model. These 

outcomes confirm that the combined use of EEMD 

decomposition and convolutional temporal learning 

improves the representation of nonlinear wind speed 

behavior, thereby enhancing forecasting precision. 

3.  CONCLUSION 

The concept of WSF is relatively recent, emerging from 

the increasing necessity to support the integration of 

extensive wind power generation into today’s 

transmission networks. Despite recent advances, the 

unpredictable, nonlinear, and non‑stationary nature of 

wind speed remains a major barrier to precise short‑term 

forecasting. A hybrid EEMD-ConvLSTM framework, 

was proposed to overcome these challenges in this 

study. The method initiates with EEMD, which 

separates the composite wind‑speed series into IMFs, 

thereby reducing nonlinear effects and yielding a more 

informative feature representation. Each mode is 

subsequently modeled with ConvLSTM to exploit its 

ability to capture sequential dependencies while 

preserving local feature information. The effectiveness 

of the developed model was examined using real-world 

wind-speed observations from a site in Telangana, India, 

after splitting the dataset into training and testing 

portions. The obtained results confirm that the 

EEMD-ConvLSTM model delivers superior 

performance to both standard NNs and established 

hybridized approaches, maintaining this advantage 

across all metrics. The obtained error values 

(RMSE 0.1025 m/s, MAE 0.0983 m/s, MAPE 1.5472%) 

reflect the model’s reliability and its strong ability to 

generate precise forecasts. By comparison, the EEMD-

LSTM hybrid model gave better results with an RMSE 

of 0.1921 m/s, MAE of 0.1438 m/s and MAPE of 

2.9670%.  The observed differences amount to 46.63, 

31.65, and 47.85 units for RMSE, MAE, and MAPE, 

respectively, highlighting the model’s superior 

performance. The integrated EEMD-ConvLSTM model 

minimizes the inherent complexity of wind-speed 

dynamics and offers a notable boost in predictive power. 

The numerical outcomes highlight the model’s capacity 

to handle wind-speed variability while maintaining 

strong performance, thereby offering a stable and 

trustworthy forecasting solution for operational 

wind-energy settings. 
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