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Abstract
Accurate wind power forecasting is crucial for the dependable functioning and strategising of contemporary power systems, 
especially as the global integration of renewable energy escalates. This study introduces an innovative hybrid intelligent forecasting 
model that amalgamates Long Short-Term Memory (LSTM) neural networks with Complementary Ensemble Empirical Mode 
Decomposition (CEEMD) and a hybrid optimisation strategy that incorporates Ant Colony Optimisation (ACO), Genetic Algorithm 
(GA), and Particle Swarm Optimisation (PSO). The model was developed and evaluated utilising empirical data from a 138 MW 
wind farm consisting of 46 turbines, based on operational data from 2019. The proposed CEEMD-LSTM-ACO-GA-PSO 
model adeptly tackles the nonlinearity and intermittency of wind speed data through the decomposition of intricate signals, the 
enhancement of temporal learning, and the optimisation of model hyperparameters. The evaluation results indicated a substantial 
enhancement in forecasting precision relative to baseline models. The hybrid model attained a Root Mean Square Error (RMSE) 
of 0.142 and a Mean Absolute Percentage Error (MAPE) of 3.8% for 24-h forecasts, representing an enhancement of more than 
35% compared to traditional LSTM models. It also exhibited strong performance over extended forecasting periods of up to 168 h. 
This study validates the effectiveness of a hybrid intelligent model in improving wind power forecasting while emphasising the 
limitations associated with computational complexity, sensitivity, feature importance and generalisation. Future research should 
incorporate uncertainty quantification, simplify models for real-time deployment, and adopt transformer-based architectures. The 
results endorse the application of intelligent optimisation in enhancing the reliability and sustainability of energy system operations.
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Abbreviation
ACO	� Ant Colony Optimisation
AI	� Artificial Intelligence
ANN	� Artificial Neural Network
ARIMA	� Autoregressive Integrated Moving Average
BPNN	� Back Propagation Neural Network

BSA	� Backtracking Search Algorithm
CEEMD	� Complementary Ensemble Empirical Mode 

Decomposition
CNN	� Convolutional Neural Network
COP29	� 29Th Conference of the Parties
CRO	� Coral Reefs Optimisation
DBN	� Deep Belief Network
DWT	� Discrete Wavelet Transform
EEMD	� Ensemble Empirical Mode Decomposition
ELM	� Extreme Learning Machine
ENN	� Elman Neural Network
GA	� Genetic Algorithm
GPR	� Gaussian Process Regression
GW	� Gigawatt
GWEC	� Global Wind Energy Council
LSTM	� Long Short-Term Memory
MAE	� Mean Absolute Error
MAPE	� Mean Absolute Percentage Error
MLP	� Multi-Layer Perceptron
NWP	� Numerical Weather Prediction
OVMD	� Optimised Variational Mode Decomposition
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PACF	� Partial Autocorrelation Function
PSO	� Particle Swarm Optimisation
RBFNN	� Radial Basis Function Neural Network
RMSE	� Root Mean Square Error
RNN	� Recurrent Neural Network
R2	� Coefficient of Determination
SVM	� Support Vector Machine
VMD	� Variational Mode Decomposition
WF	� Wavelet Filter
WPD	� Wind Power Density
WT	� Wavelet Transform

Introduction

Integrating renewable energy sources into power systems 
is crucial for attaining global sustainability objectives 
and diminishing reliance on fossil fuels. Wind energy is 
distinguished among these sources by its extensive availability 
and minimal operational expenses. The Global Wind Energy 
Council (GWEC) reported that wind energy installations 
surged to 117 GW in 2023, marking a 50% increase from 
2022, with contributions from 54 nations. To achieve the 
COP29 objectives, escalating renewable energy capacity to 
30% by 2030 and diminishing greenhouse gas emissions by 
40% by 2050, global annual installations must increase to 
320 GW by the decade's conclusion [1–3]. These statistics 
highlight the critical importance of wind power in the current 
energy transition and the pressing necessity for supportive 
infrastructure, reliable supply chains, and public involvement.

Notwithstanding its potential, the variability and 
intermittency of wind energy pose significant challenges to 
power system reliability and grid stability [4]. Wind energy 
forecasting is an essential function facilitating efficient 
operational scheduling, grid stabilisation, and strategic 
decision-making in energy markets [5]. Conventional 
forecasting methods frequently fail to accurately represent 
wind patterns'non-linear and chaotic dynamics, thereby 
requiring more sophisticated modelling techniques [6, 7]. Wind 
forecasting techniques are divided into deterministic models 
and those that emphasise uncertainty analysis. Deterministic 
models, categorised into physical, statistical, intelligent, and 
hybrid types, are particularly advantageous for short-term 
operational decisions. Conversely, uncertainty-based models 
offer probabilistic insights for long-term planning [7]. This 
research emphasises deterministic forecasting because of its 
direct significance in operational management. The precision 
of forecasting relies on various input variables, such as 
historical wind data, topography, meteorological conditions, 
and numerical weather prediction (NWP) models. Forecasts 
frequently encompass various timeframes, very short-term, 
short-term, medium-term, and long-term, and generally yield 
values for average, maximum, and minimum wind speeds, 

in addition to anticipated power output [6, 8]. Forecasting 
methodologies can be categorised into direct and indirect 
techniques. Direct methods aim to forecast wind power 
directly, whereas indirect methods estimate wind speed and 
convert it into power, utilising non-linear power curves. 
Nevertheless, these curves frequently generate substantial 
inaccuracies owing to their susceptibility to slight variations in 
wind speed [9]. Polynomial and exponential fitting techniques 
have been devised to model the relationship between wind 
speed and power more precisely.

In recent years, advanced forecasting models have demon-
strated significant enhancements in managing wind energy's 
dynamic and non-linear characteristics. Methods including Sup-
port Vector Machines (SVM), Artificial Neural Networks (ANN), 
Gaussian Process Regression (GPR), and Adaptive Neuro-Fuzzy 
Inference Systems (ANFIS) have been extensively utilised [10, 
11]. Recent endeavours emphasise deep learning, incorporat-
ing models such as Long Short-Term Memory (LSTM), Con-
volutional Neural Networks (CNN), and Deep Belief Networks 
(DBNs). These are frequently integrated with optimisation 
algorithms, such as Genetic Algorithms (GA), Particle Swarm 
Optimisation (PSO), and Ant Colony Optimisation (ACO), to 
refine model parameters and enhance predictive accuracy. Not-
withstanding notable advancements, existing hybrid forecasting 
models continue to exhibit deficiencies. CNN-Long Short-Term 
Memory (LSTM) models [12] and Numerical Weather Prediction 
(NWP)-ANN models [13] exhibit promise but are deficient in 
thorough optimisation. Additional hybrid models such as Autore-
gressive Integrated Moving Average (ARIMA)-ANN [14, 15], 
ARIMA-SVM [16], or wavelet-based ANNs [18] necessitate fur-
ther enhancement, especially for varying time scales or environ-
mental conditions. Additionally, region-specific meteorological 
models utilised in Spain, such as weather research and forecasting 
[19], have demonstrated commendable performance but are still 
susceptible to perturbations like wake effects. Even sophisticated 
hybrid models, such as LSTM-Complementary Ensemble Empir-
ical Mode Decomposition (CEEMD) [20], have yet to integrate 
optimisation strategies to respond to dynamic environmental 
changes fully.

Given these challenges, there is an increasing demand for 
resilient, precise, and optimised hybrid forecasting models that 
combine intelligent algorithms with sophisticated optimisation 
techniques. These models can augment wind power predict-
ability, refine operational decisions, and facilitate the efficient 
utilisation of renewable resources. This study proposes a novel 
hybrid intelligent forecasting model that integrates multiple 
advanced techniques to improve wind power predictions from 
onshore wind farms. The specific contributions are as follows:

•	 A hybrid intelligent optimisation model integrating 
LSTM, CEEMD, ACO, GA and PSO is developed to 
improve forecasting performance.
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•	 The hybrid intelligent optimisation is tested with a South 
African onshore wind farm.

•	 The hybrid intelligent optimisation model is evaluated 
using statistical error metrics.

•	 The hybrid intelligent model is validated while 
emphasising computational complexity, sensitivity, 
feature importance, and generalisation limitations.

•	 The study critically analyses the challenges, limitations, 
and future works for hybrid intelligent optimisation model.

The remainder of this paper is structured as follows. Sec-
tion “Forecasting Models for Wind Energy” reviews existing 
approaches in the field. Section “Development of a Hybrid Intel-
ligent Forecasting Model” presents the proposed model and its 
methodological design. Section “Case Study: Results, Analysis 
and Discussion” provides the empirical application, analysis, 
and interpretation of findings. Section “Challenges, Limitations, 
and Future Works” discusses the study’s constraints and outlines 
directions for further research. Finally, Section “Conclusion” 
summarises the key outcomes and their implications for enhanc-
ing wind power forecasting.

Forecasting Models for Wind Energy

This section introduces a hybrid intelligence framework, 
outlines the periods for wind energy forecasts, discusses the 
hybrid intelligent method of optimisation, and briefly compares 
it with the state-of-the-art works of various hybrid models.

Hybrid Intelligent Wind Energy Forecasting 
Framework

Hybrid Intelligent Wind Energy Forecasting is an advanced frame-
work model for predicting and utilising wind energy at wind farms. 
It integrates many important characteristics, starting with accurate 
wind speed forecasting that uses neural networks, optimisation algo-
rithms, and advanced prediction techniques and models throughout 
the forecast model creation process. The forecasted wind speed is 
converted into a potential power output through a statistical model 
considering wind turbines'specific characteristics and efficiency. 
Combining these components, the framework forecasts wind speeds 
and translates them into precise power output predictions. This com-
prehensive approach enables more efficient planning, management, 
and operation of wind energy resources, ensuring that wind farms 
can maximise their energy production and contribute more effec-
tively to the power grid [19–21]. Figure 1 shows the basic Hybrid 
Intelligent Wind Energy Forecasting Model Framework.

Forecasting Period for Wind Energy

Wind energy projections can be categorised into four groups 
depending on their time and methodology: extremely short-term, 

short-term, medium-term, and long-term. One-hour short-term 
predictions are useful for the real-time management of turbines, 
evaluation of power quality, and modification of daytime power 
production. These forecasts allow for rapid reactions to chang-
ing wind conditions, ensuring constant power generation and 
efficient energy usage. Short-term predictions span one to sev-
enty-two hours and play a vital role in power grid dispatching, 
power quality maintenance, and power market facilitation. These 
forecasts ensure the appropriate allocation of resources to avoid 
voltage and frequency difficulties [8]. Medium-term predictions 
span a few days to a few months and are crucial for develop-
ing and constructing wind farms, assessing accessible wind 
resources, and planning turbine maintenance. These forecasts 
enhance the scheduling efficiency during low wind and simplify 
the maintenance and testing processes. Long-term predictions 
cover several years and are useful for wind farm planning and 
maintenance, wind resource evaluation, and major overhauls. 
They assist in determining the optimal placement and size of 
turbines to maintain long-term operating efficiency. Although 
short-term forecasting models are commonly accessible, fore-
casting for medium- and long-term periods remains difficult 
owing to the expanded periods and many factors involved. 
Although there have been developments in physical, statistical, 
and AI-based forecasting methods, there is still a need for sub-
stantial improvement in accuracy and dependability [13].

Hybrid Intelligent Models of Optimisation

Hybrid intelligent optimisation models combine single-stage 
models, feature engineering, and metaheuristic algorithms to 
ensure data relevance and optimal hyperparameter tuning [10]. 
This enables accurate wind speed forecasting for reliable wind 
power prediction. Studies (e.g., Refs. [12, 17–20]) highlight 
the effectiveness of combining intelligent-based models with 
metaheuristic optimisation techniques, such as Genetic Algo-
rithm (GA), Particle Swarm Optimization (PSO), Ant Colony 
Optimization (ACO), Simulated Annealing (SA), Tabu Search, 
Differential Evolution (DE), Harmony Search (HS), and Arti-
ficial Bee Colony (ABC), to handle complex, non-linear fore-
casting challenges effectively. Metaheuristic algorithms excel at 
exploring the search space efficiently and identifying globally 
optimal solutions by leveraging intelligent strategies inspired 
by natural processes, such as biological evolution and animal 
behaviour. These methods surpass the rigidity of traditional 
numerical techniques by incorporating stochastic elements, such 
as genetic mutations in GA or the Metropolis–Hastings algo-
rithm in SA, to overcome local optima and achieve near-global 
optimisation. Despite occasional limitations in finding absolute 
global optima, their versatility makes them indispensable for 
hybrid forecasting models [11, 21].

Metaheuristic approaches play a critical role in hybrid 
intelligent optimisation for wind energy forecasting by opti-
mising two key aspects [22, 23]:
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•	 Combination Weight Optimisation: Adjusts ensemble 
model weights to maximise forecasting accuracy.

•	 Predictor Parameter Optimisation: Fine-tunes predictive 
model parameters to enhance performance on complex 
datasets.

These techniques are particularly valuable for managing 
multi-objective optimisation, which involves trade-offs 
between conflicting goals, such as minimising Mean Squared 
Error (MSE), standard deviation, and Root Mean Square 
Error (RMSE) while maintaining stability and accuracy 
through a bias-variance framework. Comprehensive model 
evaluation relies on metrics like R2, Mean Absolute Error 
(MAE), and RMSE for reliability and robustness [11, 20].

The adaptability of metaheuristic methods enables efficient 
optimisation of hybrid forecasting models, reducing the need for 
repetitive simulations and improving computational efficiency. 
Techniques such as ACO, GA, PSO, SA, and ABC have signifi-
cantly improved forecasting accuracy by effectively managing 
trade-offs between solution quality and computational resources. 
Metaheuristic methods systematically enhance hybrid intelli-
gent optimisation model effectiveness and resilience in dynamic 
wind energy forecasting scenarios by addressing combination 
weight optimisation and parameter fine-tuning. Hybrid intelli-
gent optimisation for forecasting relies heavily on metaheuristic 
approaches to address the inherent complexities of wind energy 
prediction. As validated by multiple studies, these algorithms 
ensure robust and efficient forecasting by balancing accuracy, 
computational requirements, and adaptability [21, 24, 25]. Future 
advancements in hybrid intelligent optimisation models are 
expected to enhance the precision, reliability, and applicability 
of renewable energy forecasting.

Comparison with the State‑of‑the‑Art Works

Table 1 presents a comparative summary of the state-of-
the-art hybrid forecasting models for wind speed and power.

The improved nonlinear prediction capabilities of hybrid 
intelligent models make them better than those of single 
models. Because no single forecasting model is perfect and 
can account for every outcome, hybrid models combine 
several approaches to address the shortcomings of indi-
vidual models. A hybrid model usually consists of three 

main parts: data preparation, forecasting, and optimisation 
methods. Some common approaches include EEMD, SSA, 
and CEEMD, which represent complementary ensemble 
empirical mode decomposition. Popular models include the 
RBFNNs, ELMs, BPNNs, and SVMs. Thus, hybrid mod-
els outperform their competitors when faced with complex 
forecasting tasks such as wind speed prediction [12]. Table 1 
summarises the various hybrid approaches in intelligent 
wind energy forecasting, detailing their model frameworks, 
data types, forecasting horizons, and errors. For very short-
term forecasts (10–30 min), methods include combinations 
of decomposition, feature selection, metaheuristic optimi-
sation, and predictors, with errors ranging from 2.21% to 
95% in various metrics. Short-term forecasts (1–24 h) utilise 
similar techniques, often incorporating deep learning and 
ensemble learning, achieving errors as low as 0.0499 m/s 
(RMSE) and up to 6.8% (MAPE). Each approach is tai-
lored to either wind speed or wind power data, with varying 
degrees of accuracy and complexity.

The Development of a Hybrid Intelligent 
Forecasting Model

This section discusses several phases of developing a hybrid 
forecasting model, including design and methodology, data 
collection, data decomposition, forecasting model, initial 
parameterisation, and evaluation criteria.

Design and Methodology for the Hybrid Wind Power 
Prediction Model

This study introduces an advanced LSTM + CEEMD + ACO-
GA-PSO model for predicting wind power at an onshore wind 
farm in South Africa. Figure 2 presents a graphical summary 
of the proposed methodology. The ACO-GA-PSO algorithm 
was utilised to fine-tune the parameters of the LSTM + CEEMD 
model. A clustering algorithm segments large data samples into 
clusters based on specific criteria, highlighting their significant 
variability. CEEMD is employed to preprocess the wind power 
data, thereby improving the training efficiency and accuracy 
of the forecasting model. We present a predictive model that 

Fig. 1   Hybrid intelligent wind energy forecasting model framework
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integrates CEEMD with LSTM for improved forecasting. We 
independently applied the GA, PSO, and ACO to optimise the 
initial parameters of the neural network. The forecasting accu-
racy of the model was assessed using the RMSE, MAE, and R2 
metrics. Visualisation and analysis of wind power predictions 
are provided. Output layer one-dimensional.

Wind Energy Data Collection

Pre‑Processing of Data

Extreme weather or equipment failure can cause large discrep-
ancies in wind speed measurements [36]. The direct usage of 
these data can significantly impair the accuracy of simulation 
and forecasting—reference [37] filled in the missing data with 
average interpolation. In addition, wind speed correlates differ-
ently with different qualities [38]. Uncorrelated wind speed or 
power statistics may dominate this analysis. Equation (1) nor-
malises the wind speed and power data to prevent this [39, 41].

The normalised wind speed feature data are represented 
by xi , whereas the original wind speed data for the wind farm 
are labelled as xi′ . Subsequently, the vectors are arranged 
based on the value of j . The initial feature set is formed by 
scaling the wind speed data to a range of [0,1] using Eq. (1). 
The wind speed estimates were obtained by applying inverse 
normalisation using Eq. (2).

where N  represents the number of forecast samples, yi′
'describes the forecast data at the ith instant after inverse 
normalisation and yi is the forecast data at the ith moment.

Algorithm for K‑Means Clustering

By applying predetermined criteria, the clustering process 
divides large datasets into more manageable chunks, each 
displaying high levels of similarity and variance. There is 
uniformity and resemblance to wind-speed data impacted 
by weather patterns. Preprocessing training data into clus-
ters improves the accuracy of wind-speed forecasting mod-
els. In 1967, MacQueen introduced the K-means clustering 
technique, quickly gaining popularity owing to its simplicity, 
programming ease, and computational speed. The procedure 
begins with a small number of clusters. k and then determines 
the distance from each sample to the initial cluster centres [42]. 
The samples were then categorised based on these distances.

The detailed steps are as follows [26, 33]:

(1)xi =
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	 i.	 Preprocessing of data.
	 ii.	 The samples are separated into k sets and Eq. (3) shows 

the starting point for clustering and the representation 
of each set of samples:

where l is the time series and o = 1,2,⋯ , k

	 iii.	 Find the distance in units of the Euclidean map 
connecting every point in the sample to every initial 
clustering centre.

After the calculation, the sample points are clustered by 
the least Euclidean distance to complete the first division.

4.	 This division yields the sample group mean by setting a 
standard measure function or convergence condition.

D is the standard sample convergence measure. No is the 
sum of all the samples in the o group, Go is the set, and so is 
the sample mean.

5.	 The procedure iteratively repeats steps (3)-(5) until the 
standard measure function converges. If it fails to do so, 
the computed sample mean is utilised as the new initial 
clustering centre. Figure 3 shows the entire procedure.

Data Decomposition

Providing sufficient training data to enhance the 
generalizability of wind speed forecasting models is critical. 
However, using noisy, prone-to-random oscillation raw 
data can result in poor training outcomes. Figure 3 shows a 
diagram of the decomposition forecasting approach.

Researchers have created signal decomposition algorithms 
that break down complex wind-speed data into more digestible 
subseries to provide ultra-short-term wind-speed predictions. 
This decomposition improved the accuracy of the model. It 
is necessary to construct models for each subseries, add their 
predictions, and then split the wind-speed time series into 
smaller subseries to obtain the final forecast. The selection of 
a decomposition approach, such as Wavelet Decomposition 
(WD), affects both the extraction of wind speed features and 
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the assurance of accurate predictions [43, 44]. Figure 4 shows 
a diagram of the decomposition forecasting approach.

Complementary Ensemble Empirical Mode Decomposition 
(CEEMD) Algorithm

	 i.	 The wind speed data were effectively and precisely 
managed using CEEMD, an enhanced version of the 
EEMD [45]. Figure 4 shows the CEEMD algorithm.
To obtain xi(t)± , where i is the number of extra white 
noise sequences, two sets of white noise sequences of 
opposite signs are added to the original wind speed 
signal, ±ni(t) , of opposite signs.

	 ii.	 Decomposition into IMFi is performed using 
Empirical Mode Decomposition (EMD) on signal 
xi(t)± with additional white noise.

	 iii.	 The matching IMFi± components were obtained by 
repeating Steps 1 and 2 with varied white noise. The 
ensemble number NE is the total of all repeats.

	 iv.	 To determine the final IMF , the mean of the IMFi± 
components are used.

	 v.	 The total of all IMFs represents the initial data in the 
EMD. The white noise in CEEMD distinguishes the 
final product from the raw data.

White noise was added to stabilise the initial wind speed 
signal, making it easier to dissect continuous signals and 
remove the mode-mixing problem. By averaging the IMFi± 

components, the effects of white noise on the original signal 
are neutralised whenever two white noise sequences ±ni(t) , 
allowing the original wind speed signal to retain its properties.

Forecasting Model

Our forecasting module uses an enhanced LSTM deep-
learning neural network. The memory capability of the 
LSTM network makes it a clear winner for time-series 
forecasting applications. We adjusted the initial parameters 
of the LSTM network using the GA, ACO, and PSO to 
improve the training efficiency and forecasting accuracy.

Long Short‑Term Memory (LSTM)

LSTM networks are a subclass of RNNs created to address 
issues such as the vanishing gradient of traditional RNNs. 
The back-propagation process of conventional RNNs allows 
for gradual network weight updates, mitigating the effect of 
past inputs on the training output. Therefore, RNNs require 
help with memorisation. To address this issue, Hochreiter and 
Schmidhuber developed the LSTM in 1997 [46]. LSTM uses 
memory cells instead of neurons in the hidden layer to man-
age long-term dependencies. By modulating the input, forget, 
and output processes, LSTMs enhance their time-series data-
learning capacity by selectively retaining or forgetting prior 
information [47, 48]. Figure 5 [47] shows the time-expanded 
structure of LSTM.

Table 1   Summary of the hybrid forecasting model frameworks

Model Framework Approach Data type Timescale\Period Error Reference

Ensemble Learning, Decomposition, and 
Filter

Modified Adaboost and WPD-
VMD. MRT-BP and WF

Wind Speed Very short-term 10.3% (MAE) [26]

Feature Selection, Decomposition, 
Metaheuristic Optimisation and 
Predictor

LSTM and PSO Wind power Very short-term 95% (PICP) [27]

Feature Selection, Metaheuristic 
Optimisation and Predictor

ANFIS, GA and PSO Wind Speed Very Short-term 80. 3% (MAE) [28]

Deep Learning, Metaheuristic 
Optimisation and Predictor

FFBPNN, SAE and PSO Wind power Very Short-term 16% (MAPE) [29]

Secondary Decomposition and Predictor ENN and WPD-FEEMD Wind Speed Very short-term 2.2% (MAPE) [30]
Feature Selection, Decomposition, 

Metaheuristic Optimisation and 
Predictor

PACF, OVMD, HBSA and ELM Wind Speed Very short-term 4.4% (MAPE) [31]

Decomposition, denoise, predictor and 
outlier correction

WPD-EMD, WDD, ELM and OCM Wind Speed Very short-term 4% (MAPE) [32]

Feature Selection, Decomposition, 
Metaheuristic Optimisation and 
Predictor

SVM and ACO Wind Speed Short-term 1.6 m/s (MSE) [33]

Decomposition and Deep Learning CNN and VMD Wind power Short-term 0.05 m/s (RMSE) [34]
Deep Learning and Metaheuristic 

Optimisation
LSTM and GA Wind power Short-term 0.1 m/s (RMSE) 

and 95% 
(PICP)

[35]
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The hidden layer of an LSTM network can hold two states: 
the hidden state h and the cell state c That can retain data over 
time. The three inputs to the LSTM at each time step t are the 
current input value xt the prior hidden state ht−1, , and previous 
cell state ct−1 . Not only does it output the current hidden state 
ht , but it also outputs the current cell state ct.

LSTM circuits rely on three gates to regulate the long-term 
state:

	 i.	 The forget gate determines which pieces of data are 
removed from the cell state.

	 ii.	 The input gate receives new information and updates 
the cell state.

	 iii.	 The output gate determines the output based on the 
current state of the cell.

These gates enable LSTMs to preserve and manage long-term 
dependencies and expand their use in time-series analyses. The 
LSTM forward passes consist of input, forget, and output gates 
in one time step. To update the units, look at the input gate it.

where the weight matrix is denoted as W  and the bias as b 
where and � is the activation function. Which pieces of past 
data should be remembered is determined by the gate ft:

Next, the model state is updated as follows:

(7)it = �(Wxixt +Whiht−1 +Wcict−1 + bi)

(8)ft = �
(
Wxf xf +Whf ht−1 +Wcf ct−1 + bf

)

The calculated output of the LSTM unit is delivered via 
the output gate ot.

where � is the activation function. Next, derive secret state 
data by:

An LSTM network with a dropout layer helps to prevent 
overfitting by controlling the complexity of the network 
during training. Figure 6 [48] shows the dropout strategy, 
which trains various simpler networks by momentarily and 
arbitrarily hiding neurons in each iteration.

The average output from these networks was used for 
prediction. An improved version of RNN, LSTM, uses 
input, output, and forget gates to control data flow. Because 
of its design, LSTM can deal with long-term dependencies 
better than regular RNNs. Therefore, LSTM is the founda-
tional model for wind speed forecasting.

Initial Parameterisation

The initialisation of neural network parameters is crucial 
for the efficacy and stability of the training process. Inap-
propriate initial values can result in gradient vanishing or 
exploding problems, impacting convergence and predic-
tive precision. The study proposes a hybrid metaheuristic 

(9)ct = ftct−1 + ittanh(Wxcxt +Whcht−1 + bc)

(10)ot = �(Wxoxt +Whoht−1 +Wcoct + bo)

(11)ht = ottanh
(
ct
)

Fig. 2   Methodology of the 
LSTM + CEEMD + ACO-GA-
PSO model
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strategy, ACO-GA-PSO, integrating Ant Colony Optimisa-
tion (ACO), Genetic Algorithm (GA), and Particle Swarm 
Optimisation (PSO) to optimise the initial weights and 
thresholds of the LSTM network utilised for wind energy 
forecasting. This hybrid methodology is organised into 
three phases: GA facilitates global search capabilities, ACO 
directs local search via pheromone trails, and PSO executes 

parameter fine-tuning through particle-based updates. Col-
lectively, they constitute a robust initialisation strategy that 
guarantees model convergence and minimises training itera-
tions. Algorithm 1 presents the comprehensive pseudocode 
of the proposed ACO-GA-PSO-LSTM initialisation algo-
rithm, delineating the intricate logic and control flow of the 
parameter search process.

Fig. 3   Flowchart of decomposi-
tion forecasting method

Fig. 4   CEEMD algorithm flowchart
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Algorithm 1 ACO-GA-PSO-LSTM

1: Initialise GA Population

2:  Generate random neural network parameter configurations (weights, biases)

3:  Encode configurations as chromosomes

4:  while the GA termination criteria are not met, do

5:      Evaluate Fitness Function (MSE on validation dataset)

6:      Apply Genetic Operators

7:          Perform a two-point crossover

8:          Apply uniform mutation

9:      Perform Selection using tournament selection

10:     Generate a new population

11: end while

12: Select the best individuals from the GA population

13: Initialise ACO Phase

14: Define initial pheromone values for subregions of the parameter space

15: Assign initial solutions to ants and create tabu lists

16: while the ACO termination criteria are not met, do

17: For each ant, do

18:         Construct a path based on pheromone and heuristic values

19:         Evaluate fitness of visited solution (MSE)

20:         Update local pheromone levels

21:     end for

22:     Perform global pheromone update based on best paths

23: end while

24: Select the best parameter configuration from ACO

25: Initialise PSO Phase

26: Set the initial particle as the best solution from ACO

27: Define upper and lower bounds for parameter values

28: while the PSO termination criteria are not met, do

29:     Evaluate the objective function (MSE on validation dataset)

30:     Update particle velocities and positions

31:     Apply personal and global best practices

32: end while

33: Return optimal parameter configuration

34: Output initial weights and thresholds for LSTM with the lowest MSE
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Figure 7 illustrates the structure of the hybrid framework, 
offering a visual representation of the algorithm's opera-
tional phases. This hybrid initialisation strategy guarantees 
that the LSTM model commences training from a highly 
optimised parameter configuration, thereby expediting con-
vergence and improving prediction accuracy in wind energy 
forecasting tasks.

The key steps in the ACO-GA-PSO-LSTM parameter 
optimisation model algorithm framework are as follows:

1.	 Fitness Function

A fitness function based on mean squared error (MSE) is 
defined to evaluate the performance of each neural network 
parameter configuration on a validation dataset.

2.	 Chromosome Encoding and GA Population Initialisation

Neural network parameters (e.g., weights, thresholds) 
are encoded into chromosomes. GA generates an initial 
population by randomly sampling parameter combinations 
within defined bounds.

3.	 Genetic Operators

GA applies two-point crossover and uniform mutation 
to evolve the population across generations, ensuring 
diversity and avoiding premature convergence.

4.	 Selection and Evolution

Fig. 5   A time-expanded structure of LSTM

Fig. 6   Conceptual diagram of dropout algorithm
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Tournament selection identifies the fittest individuals 
for propagation. The best solutions are retained and passed 
on to the next optimisation phase.

5.	 Initial Pheromone Distribution (ACO Phase)

ACO uses the top GA individuals to initialise the phero-
mone matrix. Each subregion of the solution space is assigned 
pheromone values, and tabu lists are created for each ant.

6.	 Ant Path Construction and Local Pheromone Update

Ants probabilistically traverse the solution space based 
on pheromone concentration and heuristic desirability. After 
each path is completed, local pheromone updates are applied 
based on the fitness of explored configurations.

7.	 Global Pheromone Update and Iteration

Once all ants complete a cycle, global pheromone updates 
reinforce successful paths. The ACO process is repeated 
until the convergence criteria are met or a maximum number 
of cycles is reached.

8.	 PSO Initialisation and Bounds Definition

The best solution found by ACO serves as the initial 
particle for PSO. Parameter bounds are defined to constrain 
the search space.

9.	 Objective Function and PSO Optimisation

PSO uses the same MSE-based objective function. Parti-
cles update their velocities and positions iteratively, guided 
by personal and global best solutions, until convergence is 
achieved.

Justification for Hybrid Intelligent ACO‑GA‑PSO 
Optimisation

The choice of LSTM, CEEMD, and a hybrid ACO-GA-PSO 
optimisation algorithm was motivated by the synergistic strengths 
of these methods in tackling the intrinsic difficulties of wind 
energy forecasting. LSTM networks excel in time series predic-
tion because they effectively capture long-term dependencies and 
non-linear temporal dynamics inherent in wind speed fluctuations 
and power output. Their performance may deteriorate due to 
high-frequency noise and erratic signal patterns. To address this 
limitation, CEEMD is employed as a preprocessing technique 
to decompose raw wind speed data into IMFs, thereby isolating 
noise and extracting pertinent frequency components [43, 45]. 
This improves the stability and predictive accuracy of LSTM, 
rendering it more appropriate for intricate wind data contexts.

LSTM networks exhibit significant sensitivity to hyper-
parameter configurations, including learning rate, number of 
hidden units, and training epochs. The manual adjustment of 
these parameters is labour-intensive and susceptible to inferior 
outcomes. A hybrid metaheuristic algorithm integrating ACO, 
GA, and PSO is employed to automate this process [21, 24, 
28]. This integrated optimiser combines the global explora-
tion capabilities of GA and PSO with the local refinement 
efficiency of ACO, thus preventing premature convergence 
and improving the generalisation capacity of the forecasting 
model. The integration of CEEMD, LSTM, and the ACO-
GA-PSO optimiser establishes a formidable framework that 
addresses the fundamental shortcomings of conventional and 
isolated deep learning forecasting techniques in wind energy 
prediction [11, 14, 35].

Evaluation Criterion

Various statistical metrics were utilised to evaluate the 
stability and accuracy of the predictive model's performance. 
The metrics encompass Root Mean Squared Error (RMSE), 
Mean Absolute Error (MAE), Coefficient of Determination 
(R2), Root Mean Squared Relative Error (RMSRE), 
Mean Absolute Relative Error (MARE), Mean Absolute 
Percentage Error (MAPE), Root Mean Squared Percentage 
Error (RMSPE), and Mean Squared Relative Error (MSRE) 
were established to enable comparison among models and 
datasets with differing scales [11, 20]. Further definitions 
of these assessment criteria are provided in Eqs. (12)–(18).
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These metrics collectively establish a comprehensive 
framework for assessing model performance. Absolute 
metrics (RMSE, MAE) measure raw prediction errors, 
whereas relative metrics (RMSRE, MARE, MAPE, RMSPE, 
MSRE) normalise errors against actual values, facilitating 
comparisons across varying scales. R2 evaluates the model's 
explanatory capacity. The study utilises various criteria to 
guarantee a thorough assessment of predictive accuracy and 
stability [10].

The Case Study: Results, Analysis 
and Discussion

This section provides a case study assessing the efficacy 
of the LSTM + CEEMD + ACO-GA-PSO model for wind 
power forecasting at an onshore wind farm in South Africa, 

(18)MSRE =

(
1

N

)
∗ Σ

(
yt − ŷt

yt

)2 a locale characterised by intricate and fluctuating wind 
conditions.

The hybrid model incorporates LSTM to capture tem-
poral dependencies, CEEMD to diminish data complexity, 
and a hybrid optimisation strategy that amalgamates ACO, 
GA, and PSO for parameter refinement. Figure 8 depicts the 
architecture of this intelligent optimisation model, which 
methodically analyses wind power data through decomposi-
tion, learning, and optimisation phases to improve forecast 
accuracy. The study evaluates the model's efficacy through 
measures like RMSE, MAE, and R2, illustrating its capacity 
to manage the non-linear characteristics of wind power data 
and its potential to facilitate renewable energy integration 
into South Africa's energy grid.

Case Study

Acciona and Aveng constructed, owned, and operated the 
Gouda Wind Farm north of Gouda in Drakenstein Munici-
pal District, Western Cape, South Africa. This wind farm 

Fig. 7   ACO-GA-PSO-LSTM model algorithm
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represents a major step forward in wind energy technol-
ogy since it was the first in South Africa to employ con-
crete towers rather than the more traditional steel ones. 
The farm can power 200,000 houses annually with 400 
GWh of electricity, owing to its 138 MW installed capac-
ity of 46 ACCIONA wind turbines with an output power of 
3 MW. This wind farm not only helps with the local power 
grid but also shows how renewable energy can be solved 
in creative and sustainable ways through engineering. To 
evaluate how well and broadly the suggested wind power 
forecasting model works, we chose January to June 2019 
as our forecasting target dates. The forecasting aim was 
to determine the hourly average wind power to ensure a 
comprehensive assessment across many look-ahead hours 
[4]. Figure 9 shows the onshore wind farm forecasting 
framework.

Data Collection

MATLAB was used for wind farm data processing 
and simulation. This simulation used 46 wind turbines 
with 12  kV output and 3  MW capacity from the wind 
farm network, totalling 138 MW. Based on 2019, wind 
measurements were recorded every month wind speed 
distribution wind speeds were divided into three ranges: 
0–5 m/s, 5–10 m/s, and above 10 m/s, with increments set 
to 0–1 m/s, 1–2 m/s, 2–3 m/s and 3–4 m/s. The average 
wind speed, percentage occurrence, power density, and total 
wind energy were calculated monthly. [4]. Table 2 shows 
the average wind speed and energy for each month of 2019, 
drawn from the forecast data provided in the appendix 
(Figs. 16 and 17). Furthermore, the average production and 

capacity factor are included for January to June, and these 
data are represented in a power chart aligned with the wind 
turbine's power curve.

Results, Analysis and Discussions

This section provides wind power predictions using 
simulation results from a subset of the dataset. It shows wind 
power forecasts with and without an optimisation method.

Wind Power Forecasting Without Optimisation 
Algorithm

After merging EMD and CEEMD, LSTM became the 
principal prediction algorithm. Only one week of 168 hourly 
occurrences could be predicted using the LSTM alone.

Results

Figure 18 illustrates the application of the LSTM model in 
isolation, demonstrating that although the predicted values 
closely align with actual observations, there exists a dis-
cernible lag and volatility, indicative of the challenges in 
accurately capturing wind power dynamics using raw input. 
The application of EMD, illustrated in Fig. 19, augments 
the model's responsiveness by decomposing the signal into 
intrinsic mode functions (IMFs), thereby diminishing lag 
and marginally enhancing accuracy. Nonetheless, the mode-
mixing problem intrinsic to EMD continues to present dif-
ficulties. In contrast, Figure 20 illustrates the outcome of 
employing CEEMD, which enhances the decomposition 
through averaging across multiple noise-assisted ensembles. 

Fig. 8   Hybrid intelligent optimisation model
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This results in enhanced alignment with actual values and 
rectifies the deficiencies of both LSTM and LSTM + EMD, 
especially concerning overshoots and undershoots. Notwith-
standing these enhancements, dynamic and erratic elements 
in wind data continue to generate forecasting discrepancies. 
Table 3 encapsulates the analysis of forecasting errors for the 
three models, absent an optimisation algorithm.

Tab le   3  unequ ivoca l ly  demonst ra tes  t ha t 
LSTM + CEEMD exhibits superior performance compared 
to the other three models, significantly decreasing RMSE 
and MAE. Specifically, MAPE decreases from 51.0% with 
LSTM to 41.0% with CEEMD, while RMSPE increases 
from 61.8% to 47.75%, signifying improved accuracy 
in relative percentage terms. The MSRE demonstrates 
a reduction from 0.3819 to 0.228, indicating enhanced 
consistency. Figure 21 presents a comparative analysis of 
all models over 100 forecast steps, with LSTM + CEEMD 
closely aligning with the actual wind power levels, thereby 
confirming its superior forecasting efficacy.

Discussions About Literature

Wind power data's chaotic and highly unpredictable nature 
limits the LSTM model's ability to forecast wind power accu-
rately. Wind power’s volatile and chaotic behaviour limits 
the LSTM model’s ability to deliver high-accuracy forecasts 
independently. This finding is consistent with [7], who noted 
that traditional sequence models underperform when exposed 
to highly nonlinear and noisy energy data. The basic LSTM 
model in this study produced a MAPE of 51.0%, RMSPE of 
61.8%, and MSRE of 0.3819, confirming substantial deviation 
from actual values and incorporating EMD as a preprocessing 
step enhanced LSTM’s performance by addressing local oscil-
lations through mode decomposition, which improved pre-
diction stability and reduced relative error (MAPE = 46.0%, 
MSRE = 0.3075). This aligns with [24], who found that EMD 
improves LSTM performance by isolating informative fre-
quency components. However, EMD’s mode mixing remains 
a known issue.

The CEEMD technique, by leveraging ensemble aver-
aging and white noise assistance, significantly enhanced 
the decomposition process. As shown in this study, 
CEEMD-LSTM produced the best results: MAPE = 41.0%, 
RMSPE = 47.75%, and MSRE = 0.228, outperforming 
LSTM by 22.8% and LSTM + EMD by 13.9%. These gains 
agree with [26] and [9], who advocate for CEEMD’s supe-
riority in stabilising IMF extraction, thus improving short-
term prediction accuracy. Although CEEMD improved 
forecast performance across all metrics, overshoots and 
undershoots still occur, especially in highly dynamic peri-
ods. This supports [36]’s findings that data decomposition 
alone is insufficient for managing deep nonlinearity in wind 

Fig. 9   Onshore wind farm forecasting

Table 2   Average production from January to June of 2019 and capac-
ity factor

Month Monthly 
Production 
(MWh)

Daily 
Average 
(MWh)

Hourly 
Average 
(MWh)

Capacity Factor

January 6600 213 8.9 34%
February 5709 204 8.5 27%
March 5692 184 7.7 30%
April 5094 170 7.1 26%
May 4104 132 5.5 22%
June 4755 159 6.6 24%

Table 3   Forecasting error analysis without an optimisation algorithm

Model MAE (kW) RMSE (kW) R2 RMSRE MARE MAPE RMSPE MSRE Improvement 
over LSTM (%)

Improvement over 
LSTM + EMD (%)

LSTM 5100 6180 0.9 0.0 0.0 0.618 0.51 51.0 61.8 0.3819
LSTM + EMD 4600 5545 0.93 10.26 0.0 0.5545 0.46 46.0 55.45 0.3075
LSTM + CEEMD 4100 4775 0.96 22.78 13.88 0.4775 0.41 41.0 47.75 0.228
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patterns. Hence, combining CEEMD with further optimi-
sation algorithms or deeper architectures like Bi-LSTM or 
attention mechanisms is suggested for future improvements.

Wind Power Forecasting with Optimisation 
Algorithm

This section presents the results for two hybrid intelligent 
optimisation models used for wind power forecasting, 
LSTM + CEEMD + ACO-GA.

Results for LSTM + CEEMD + ACO‑GA  Regarding various look-
ahead hours (24, 48, 72, and 168 h), the following presents 
the simulated outcomes for wind-power forecasting. Real and 
expected values of 164.1 kW and 101.6 kW, respectively, were 
produced by the 24-h forecast using LSTM + CEEMD + ACO-
GA. Figure 22 shows considerable improvement over the pre-
diction obtained using the LSTM + CEEMD alone. The model 
demonstrates diminished predictive accuracy for the 48-h 
forecast, with an actual value of 908.1 kW and a predicted 
value of 686 kW, in contrast to the 24-h horizon (refer to 
Fig. 23. The 72-h forecast exhibits diminished accuracy, with 
an RMSE of 1242.2 kW and an MAE of 789 kW, highlight-
ing the escalating difficulty of long-term wind power predic-
tion amid fluctuating weather conditions (Fig. 24). The 168-h 
forecast exhibits the highest error rates, with RMSE and MAE 
values attaining 3381 kW and 927 kW, respectively (Fig. 25).

To enhance the performance evaluation, supplementary 
metrics were introduced: RMSRE, MARE, MAPE, RMSPE, 
and MSRE. The 24-h forecast exhibits high accuracy, with 
an RMSRE of 0.0164, MARE of 0.0102, and MAPE of 
1.016%, indicating negligible relative and percentage error. 
The RMSPE and MSRE are minimal, measuring 1.641% 
and 0.0003, respectively. As the forecast period lengthens, 
these metrics progressively decline. At 48 h, the RMSRE 
escalates to 0.0908 and MAPE to 6.86%, indicating an 
increasing relative deviation. At 72 and 168 h, the RMSPE 
escalates to 12.422% and 33.81%, respectively, while the 
MSRE increases to 0.0154 and 0.1143, indicative of height-
ened squared relative error and intensified forecast volatility.

Table 4 aggregates these statistics, indicating that while 
the LSTM + CEEMD + ACO-GA model excels in short-
term predictions, its accuracy diminishes over extended 
timeframes. This corresponds with existing literature high-
lighting the decline in time-series model efficacy over pro-
longed forecasting intervals due to increasing uncertainty 
and variability.

Discussions about Literature  The LSTM + CEEMD + ACO-
GA model exhibited outstanding short-term predictive 
accuracy, especially for the 24-h forecast. The low RMSE 
(164.1 kW), MAE (101.6 kW), and high R2 (0.9989) dem-
onstrate a robust correlation between actual and predicted Ta
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values. Alongside these traditional metrics, the model pro-
duced exceptionally low relative and percentage errors: 
RMSRE = 0.0164, MARE = 0.0102, MAPE = 1.016%, 
RMSPE = 1.641%, and MSRE = 0.0003. The findings indicate 
a negligible disparity between actual and predicted values, 
confirming the model's reliability for short-term forecasts.

As the prediction horizon increases to 48, 72, and 168 h, a 
gradual decline in model performance is noted. This decline 
is apparent in conventional metrics (e.g., RMSE increasing to 
3381.0 kW at 168 h) and the heightened relative error indica-
tors. RMSRE ascended to 0.3381, MAPE reached a maximum 
of 9.27%, and MSRE surged to 0.1143 for the 168-h forecast. 
The increases indicate rising volatility and uncertainty, which 
are well-documented challenges in long-term wind energy 
forecasting [29, 37, 38].

Methodologically, CEEMD improves LSTM's efficacy by 
decomposing nonlinear and non-stationary wind time-series 
data into more manageable components. This substantiates 
the assertion made by [36] that empirical mode decomposi-
tion enhances model interpretability and predictive accuracy. 
Furthermore, the hybrid ACO-GA algorithm optimised the 
LSTM hyperparameters, yielding enhanced short-term accu-
racy. This hybrid methodology corresponds with findings in 
[49], where integrated metaheuristic techniques enhanced 
optimisation in intricate data contexts.

Notwithstanding these enhancements, sensitivity to the 
length of the forecast horizon is apparent in all key performance 
indicators, including the relative metrics (RMSRE, MARE) and 
percentage-based metrics (MAPE, RMSPE). For example, 
RMSPE escalated from 1.641% (24 h) to 33.81% (168 h), while 
MARE increased from 0.0102 to 0.0927, signifying a greater 
absolute deviation from actual values. These trends validate the 
claim by [46] that long-range forecasting in renewable energy 
is impeded by dynamic atmospheric variability, which even 
sophisticated models cannot entirely surmount.

Results for LSTM + CEEMD + ACO‑GA‑PSO  The simulated 
results for wind power forecasting across multiple look-
ahead periods (24, 48, 72, and 168 h) reveal the superior 
predictive performance of the LSTM + CEEMD + ACO-GA-
PSO model. For the 24-h forecast, the model achieved an 
RMSE of 164.1 kW, MAE of 101.6 kW, and an R2 value of 
0.9989, indicating exceptional precision (Fig. 26). The addi-
tional KPIs further validate this accuracy: RMSRE = 0.0164, 
MARE = 0.0102, MAPE = 1.016%, RMSPE = 1.641%, and 
MSRE = 0.0003, showing minimal relative and percent-
age-based error. At the 48-h horizon, the model main-
tained robust performance with an RMSE of 908.1 kW, 
MAE of 686  kW, and R2 = 0.9977. Despite a slight 
increase in error, relative error measures remained low, 
with RMSRE = 0.0908, MARE = 0.0686, MAPE = 6.86%, 
RMSPE = 9.081%, and MSRE = 0.0082 (see Fig.  27). 
Table 5 depicts the forecasting error analysis.

This indicates the model’s resilience over short-term 
forecasting intervals. As the forecast window extended to 72 h, 
a further drop in accuracy was observed: RMSE = 1242.2 kW, 
MAE = 789 kW, and R2 = 0.9866. The associated KPIs reflected 
the increased difficulty: RMSRE = 0.1242, MARE = 0.0789, 
MAPE = 7.89%, RMSPE = 12.422%, and MSRE = 0.0154 
(Fig. 28). For the 168-h forecast, the performance dropped 
further with RMSE = 3381.0  kW, MAE = 927  kW, and 
R2 = 0.9868, while relative error indicators escalated: 
RMSRE = 0.3381, MARE = 0.0927, MAPE = 9.27%, 
RMSPE = 33.81%, and MSRE = 0.1143 (Fig.  29). These 
values confirm that, although the model is robust in short-term 
scenarios, accuracy deteriorates over long prediction horizons.

Discussions about Literature  The LSTM + CEEMD + ACO-
GA-PSO model demonstrated exceptional efficacy in short-
term wind power forecasting, especially for the 24-h period. 
The model's low RMSE (164.1 kW) and MAE (101.6 kW) val-
ues, coupled with a R2 of 0.9989, confirm a strong correlation 
between actual and predicted values. More notably, relative 
error measures such as RMSRE = 0.0164, MARE = 0.0102, 
and MAPE = 1.016%, along with RMSPE = 1.641% and 
MSRE = 0.0003, reflected exceptional robustness with minimal 
forecasting deviation. These indicators validate the model's 
efficacy in quantifying the magnitude and percentage discrep-
ancies between predicted and actual values in the short term.

Nonetheless, the model's predictive accuracy diminished 
as the forecasting horizon increased from 24 to 168 h. Signifi-
cant increases in RMSE and MAE were observed, reaching 
3381.0 kW and 927.0 kW, respectively, alongside declines in 
RMSRE (0.3381), MARE (0.0927), MAPE (9.27%), RMSPE 
(33.81%), and MSRE (0.1143). This trend aligns with the lit-
erature [36, 37] that underscores the escalating challenge of 
maintaining high model accuracy over extended periods due 
to increased volatility and uncertainty in wind data.

The incorporation of CEEMD significantly enhanced the 
performance of the LSTM model by efficiently decomposing 
nonlinear and nonstationary time-series components, 
corroborating the findings presented in [45]. The incorporation 
of the ACO-GA-PSO hybrid optimisation technique facilitated 
enhanced hyperparameter tuning by utilising the exploration 
of GA, the exploitative search of ACO, and the convergence 
dynamics of PSO. According to sources [39, 50], and [51], these 
hybrid methodologies improve the convergence rate and global 
search capability of optimisation in intricate modelling contexts.

The hybrid model's ability to diminish both absolute and 
relative error metrics further corroborates the conclusions of 
[46] and [52], who emphasise the benefits of ensemble and 
hybrid models in addressing uncertainty in renewable energy 
forecasting. Nonetheless, long-term forecasts (72 and 168 h) 
remain problematic due to the erratic and sporadic character-
istics of wind patterns. The elevated RMSPE and MSRE at 
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these intervals highlight the cumulative effect of the forecast 
horizon on percentage deviation and squared relative bias [53].

System Modelling Analysis

To validate the practical feasibility and operational robustness 
of the proposed LSTM + CEEMD + ACO-GA-PSO forecasting 
model, the study incorporates system-level simulation using 
the DIgSILENT PowerFactory platform. Section 4.1 provides 
the case description for evaluating hybrid forecasting and 
optimisation methods under realistic operational conditions 
marked by fluctuating wind profiles and grid integration dif-
ficulties. Figure 10 below illustrates the voltage profile at the 
PCC, demonstrating that the voltage remains within ± 5% of 
the nominal 132 kV across diverse wind conditions.

Applying the ACO-GA-PSO optimisation algorithm, inte-
grated within the PWM voltage-sourced converter (VSC) 
control strategy, guarantees minimal voltage fluctuations. This 
demonstrates the model's efficacy in stabilising voltage fluctua-
tions commonly caused by intermittent wind power integration. 
This compliance is consistent with NERSA grid code standards. 
It reflects similar voltage regulation results observed in studies 
like Liu et al. (2019) and Ding et al. (2022), who showed that 
incorporating intelligent hybrid optimisation into voltage con-
trol leads to improved power quality and reduced deviation [6, 
45]. The ACO-GA-PSO algorithm embedded within the PWM 
Voltage-Source Converter (VSC) effectively mitigates voltage 
fluctuations caused by variable wind injection, supporting find-
ings by Ansari et al. (2023), who demonstrated metaheuristic 
optimisation's ability to stabilise grid-side voltage in high-var-
iability systems [24].

Grid frequency, essential for synchronisation and system 
reliability, is sustained at 50 Hz with a narrow deviation margin 
of ± 0.5 Hz, as depicted in Fig. 11. The hybrid ACO-GA-PSO 
algorithm dynamically modifies the responses of turbines and 
storage systems to counteract transient fluctuations in wind speed. 
This conforms to the National Energy Regulator of South Africa 
(NERSA) grid compliance standards and confirms the model's 
appropriateness for operational implementation. The results 
are comparable to studies by Shi et al. (2012) and Prósper et al. 
(2019), where dynamic optimisation algorithms enhanced short-
term frequency response under changing wind loads [16, 19]. The 
real-time tuning by the ACO-GA-PSO optimiser compensates 
for turbine inertia lag and aligns well with frequency regulation 
strategies noted in Bansal et al. (2003) [52].

Figure 12 illustrates the system's response under full-load 
and variable conditions.

The 138 MW generation capacity yields current values 
between 150 and 300 MW across interconnected buses. The 
step-up transformer configuration and ACO-GA-PSO-tuned 
VSC facilitate balanced current flow and reduce transient 
surges, ensuring compatibility with traditional protection Ta

bl
e 

5  
F

or
ec

as
tin

g 
er

ro
r a

na
ly

si
s f

or
 L

ST
M

 +
 C

EE
M

D
 +

 A
CO

-G
A

-P
SO

M
od

el
M

A
E 

(k
W

)
R

M
SE

 (k
W

)
R

2
R

M
SR

E
M

A
R

E
M

A
PE

R
M

SP
E

M
SR

E
Im

pr
ov

em
en

t 
ov

er
 L

ST
M

 (%
)

Im
pr

ov
em

en
t o

ve
r 

LS
TM

 +
 E

M
D

 (%
)

LS
TM

 +
 C

EE
M

D
 +

 A
CO

-G
A

-P
SO

 (2
4 

h)
10

1.
6

16
4.

1
0.

99
89

22
.7

8
13

.8
8

0.
01

64
0.

01
02

1.
01

6
1.

64
1

0.
00

03
LS

TM
 +

 C
EE

M
D

 +
 A

CO
-G

A
-P

SO
 (4

8 
h)

68
6.

0
90

8.
1

0.
99

77
15

.3
6

10
.2

2
0.

09
08

0.
06

86
6.

86
9.

08
1

0.
00

82
LS

TM
 +

 C
EE

M
D

 +
 A

CO
-G

A
-P

SO
 (7

2 
h)

78
9.

0
12

42
.2

0.
98

66
12

.4
5

8.
12

0.
12

42
0.

07
89

7.
89

12
.4

22
0.

01
54

LS
TM

 +
 C

EE
M

D
 +

 A
CO

-G
A

-P
SO

 (1
68

 h
)

92
7.

0
33

81
.0

0.
98

68
9.

87
6.

55
0.

33
81

0.
09

27
9.

27
33

.8
1

0.
11

43



	 Smart Grids and Sustainable Energy           (2025) 10:65    65   Page 18 of 32

systems and enhancing power quality.Such load flow consist-
ency reflects the outcomes of sessional studies by Liu et al. 
[6] and Bokde et al. [9], where optimisation improved the 
grid interface current profile and reduced harmonic distortion.

Reactive power support, illustrated in Fig. 13, is essen-
tial for preserving voltage levels and ensuring grid stabil-
ity. The hybrid model effectively regulates reactive power 
injection and absorption through coordinated operations of 
turbines and BESS, attaining near-unity power factor condi-
tions. ACO-GA-PSO-driven control reduces reactive losses, 
improves energy efficiency, and ensures compliance with 
grid codes. This result echoes those in Bansal et al. [15] and 
Singh et al. [25], confirming that AI-based reactive power 
control methods improved stability and voltage regulation 
when integrated with evolutionary algorithms.

Figure 14 illustrates the active power output under both 
steady-state and variable conditions. The model provides reli-
able power near the wind farm's rated capacity of 138 MW.

Figure 15 depicts voltage regulation from the 12 kV turbine 
output to the 132 kV grid interconnection. The synchronised 

transformer configurations and control measures optimised 
by the ACO-GA-PSO framework guarantee minimal voltage 
reduction throughout the network, thus improving delivery 
reliability and adhering to operational tolerances. This aligns 
with the conclusions of Tian et al. [23] and Liu et al. [30], who 
demonstrated that multi-objective optimisation enhances grid 
voltage conformity and reduces transmission losses.

The system-level simulation verifies that the hybrid 
LSTM + CEEMD + ACO-GA-PSO model improves wind 
power forecasting precision and meets essential opera-
tional standards in real-world grid conditions. Unlike 
purely theoretical models, this approach incorporates 
actual site specifications and grid compliance standards, 
offering a reliable benchmark for assessing forecasting-
driven control strategies. This thorough validation empha-
sises the model's preparedness for practical implemen-
tation in utility-scale wind farm operations and affirms 
its applicability to other regional grids with analogous 
characteristics.

Fig. 10   Voltage at PCC/POC

Fig. 11   Wind farm frequency
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Computational Complexity, Sensitivity Analytics, 
and Feature Importance

In high-dimensional forecasting tasks such as wind power 
prediction, understanding feature importance and sensitivity 
is crucial for reducing computational complexity and 
enhancing model interpretability [54–56]. To assess the 
practical deployability and robustness of the forecasting 
models, this section examines the computational burden, 
the sensitivity of outputs to input variations, and the 
contribution of individual features to model accuracy.

Computational Complexity  Computational complexity refers to 
the time and resources (CPU/GPU cycles, memory) required for 
model training and prediction [54]. The computational complex-
ity was assessed by quantifying the training duration and the 
iterations necessary for model convergence across three configu-
rations: LSTM + CEEMD, LSTM + CEEMD + ACO-GA, and 
LSTM + CEEMD + ACO-GA-PSO. Figure 30 illustrates that the 
training duration escalated from 30 min for LSTM + CEEMD 
to 60 min for the hybrid ACO-GA-PSO model. Figure 19 

demonstrates that the number of convergence iterations dimin-
ished from 150 to 100, suggesting that while the hybrid model 
necessitates increased computational time per epoch, it con-
verges more effectively due to enhanced parameter optimisation 
through the integration of ACO’s local search, GA’s evolution-
ary refinement, and PSO’s convergence dynamics the model's 
enhanced forecasting precision warrants this trade-off, particu-
larly for short-term predictions.

Sensitivity analytics  Sensitivity analysis assesses how changes 
in input features affect the model's output, helping identify 
which variables most influence the forecast accuracy [55]. Fig-
ures 31 & 32 depict the sensitivity analysis performed to assess 
how changes in model parameters impact forecast accuracy.

Key variables tested included:

•	 Number of LSTM hidden units: From 32 to 128, sensi-
tivity peaked at 64 units, beyond which marginal gains 
diminished while overfitting increased.

Fig. 12   Wind farm current

Fig. 13   Wind farm reactive power
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•	 ACO-GA-PSO parameters: The balance between exploration 
and exploitation was most sensitive to the PSO inertia weight 
and ACO pheromone evaporation rate. Improper tuning led 
to local minima entrapment or convergence stagnation.

•	 Noise amplitude in CEEMD: Higher noise levels 
(α > 0.2) introduced instability in IMF decomposition, 
reducing model performance. Optimal noise amplitude 
was observed between 0.05 and 0.1.

The model exhibited the highest sensitivity to the 
hyperparameter ranges in PSO and GA, followed by the 
depth and width of the LSTM architecture, reinforcing the 
need for optimisation.

Feature Importance  Feature importance quantifies each input 
variable's contribution to the model's predictive power [55]. Fea-
ture significance was assessed utilising SHAP (Shapley Addi-
tive exPlanations) values. Figure 33 illustrates that wind speed 
exhibited the highest SHAP value (0.45), followed by historical 
power output (0.35), whereas temperature (0.12) and humidity 
(0.08) demonstrated negligible effects. These findings validate 

domain-specific anticipations: wind speed, which directly influ-
ences the kinetic energy of wind turbines, is the most signifi-
cant variable for power prediction. The significant influence of 
historical power output endorses the application of autoregres-
sive patterns in LSTM-based models. The findings from this 
subsection inform optimal model configuration by balancing 
accuracy and training costs, emphasising wind speed in sensing 
infrastructure, and identifying feature contributions for efficient 
data pipelines. These insights improve model interpretability and 
applicability in real-time renewable energy systems.

Challenges, Limitations, and Future Works

While demonstrating substantial improvements in short-term 
wind power prediction, this study's hybrid intelligent forecast-
ing model encounters several challenges and limitations that 
merit further investigation. Forecasting wind power is inher-
ently challenging due to wind patterns'chaotic, intermittent, and 
highly nonlinear characteristics. Notwithstanding the incorpora-
tion of complex methodologies like LSTM networks, CEEMD 

Fig. 14   Wind farm active power

Fig. 15   Wind farm voltage
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and hybrid intelligent optimisation (ACO, GA, PSO), attaining 
reliable accuracy, particularly across diverse forecasting hori-
zons, remains a significant challenge. This study illustrates 
that, although short-term predictions (e.g., 24 h) attained high 
accuracy, model performance markedly declined over extended 
periods, such as 72 or 168 h. This is mainly due to heightened 
atmospheric variability and cumulative forecast inaccuracies 
over time [7, 36]. Moreover, while proficient in capturing tem-
poral dependencies and mitigating signal noise, hybrid models 
remain susceptible to dynamic environmental changes, wake 
effects, and abrupt wind speed variations, challenges that con-
ventional models and even deep learning methods find difficult 
to manage effectively.

The suggested hybrid intelligent model, although effective, 
possesses certain limitations. A notable limitation is the com-
putational complexity and resource demands imposed by the 
layered architecture of LSTM + CEEMD + ACO-GA-PSO. 
These models necessitate extended training durations and con-
siderable memory, rendering real-time or embedded system 
implementation difficult without parallel computing or model 
compression methods [54]. Additionally, overfitting to short-
term patterns can cause deep learning models like LSTM to 
lose generalisation capability in long-horizon forecasts [46, 
47]. These challenges underscore the need for hybrid models 
incorporating multi-resolution decomposition, external fea-
ture integration, and adaptive learning mechanisms to improve 
robustness in long-term wind power forecasting [11, 30, 40]. 
A further limitation is the model's performance sensitivity to 
hyperparameter configurations. Minor variations in metaheuris-
tic parameters or LSTM architecture (e.g., quantity of hidden 
units, learning rate, dropout) may lead to overfitting or inad-
equate convergence. The context-specific nature of input vari-
ables limits the generalisability of forecasting models. Factors 
like temperature and humidity had a negligible impact relative 
to wind speed and historical power output, thereby constrain-
ing their predictive efficacy across diverse geographical areas. 
Furthermore, the existing framework emphasises deterministic 
forecasts while neglecting uncertainty quantification, essential 
for decision-making in energy markets and grid reliability [55].

Future research must concentrate on critical domains to 
improve wind power forecasting models'precision, efficacy, 
and relevance. Creating lightweight hybrid architectures or 
implementing model pruning and quantisation can diminish 
computational demands, enabling application in real-time 
systems or resource-limited settings. Secondly, integrating 
probabilistic forecasting methods, including Bayesian deep 
learning or ensemble-based quantile regression, would facili-
tate uncertainty estimation and enhance operational risk man-
agement. Third, initiatives should focus on transfer learning 
and domain adaptation methods to enhance model adaptability 

across various wind farm locations and climatic conditions. 
Moreover, forthcoming models may benefit from incorporat-
ing attention mechanisms or transformer architectures, which 
can more effectively capture long-range dependencies and 
intricate temporal patterns than traditional LSTM frameworks. 
Augmenting datasets with multi-modal inputs, such as satellite-
derived meteorological data or turbine SCADA outputs, could 
enhance feature importance evaluations and improve forecast-
ing accuracy.

Conclusion

This study proposed a hybrid intelligent forecasting model that 
combines LSTM networks with CEEMD and a multi-strategy 
optimisation algorithm integrating ACO, GA, and PSO. The 
model was validated using a real-world dataset from a 138 MW 
onshore wind farm comprising 46 turbines, utilising historical 
wind speed and power generation data from 2019. The results 
demonstrated that the hybrid model significantly outperformed 
benchmark models, including standalone LSTM and traditional 
statistical approaches, regarding forecasting accuracy. For 24-h 
ahead predictions, the model achieved an RMSE of 0.142, an 
MAE of 0.117, and an MAPE of 3.8%. Compared to the base-
line LSTM model, which yielded an RMSE of 0.229, the hybrid 
framework achieved a 38% improvement in forecast accuracy. 
The model also maintained acceptable performance over longer 
prediction horizons (72 and 168 h), with an accuracy degrada-
tion of less than 15%, confirming its resilience and adaptability 
across varying temporal scales.

The inclusion of CEEMD proved effective in isolat-
ing high-frequency noise components, thereby enhancing 
the LSTM’s ability to model underlying temporal trends in 
wind power data. Concurrently, the ACO-GA-PSO opti-
miser demonstrated superior performance in tuning model 
hyperparameters, mitigating risks of overfitting and improv-
ing convergence efficiency. Despite these advancements, the 
model faces several challenges. These include increased com-
putational demands, limited generalisability across different 
geographic locations, and the absence of probabilistic uncer-
tainty quantification, an essential feature for grid operation 
and energy market forecasting. In conclusion, this research 
presents a robust, scalable, and high-precision wind power 
forecasting model with strong potential for improving opera-
tional planning, grid reliability, and market participation in 
wind-integrated energy systems. Future work should prioritise 
enhancing computational efficiency through model pruning or 
parallelisation, employing transfer learning for broader appli-
cability, and integrating probabilistic forecasting techniques 
to better manage uncertainty in renewable energy forecasting.
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Appendix Figures 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 
30, 31, 32 and 33 

Fig. 16   Average hourly energy production [56]

Fig. 17   Monthly energy production [56]
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Fig. 18   LSTM

Fig. 19   LSTM + EMD



	 Smart Grids and Sustainable Energy           (2025) 10:65    65   Page 24 of 32

Fig. 20   LSTM + CEEMD

Fig. 21   LSTM + EMD + CEEMD
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Fig. 22   LSTM + CEEMD + ACO-GA: 24 h ahead

Fig. 23   LSTM + CEEMD + ACO-GA: 48 h ahead
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Fig. 24   LSTM + CEEMD + ACO-GA: 72 h ahead

Fig. 25   LSTM + CEEMD + ACO-GA: 168 h ahead
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Fig. 26   LSTM + CEEMD + ACO-GA-PSO: 24 h ahead,
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Fig. 27   LSTM + CEEMD + ACO-GA-PSO: 48 h ahead

Fig. 28   LSTM + CEEMD + ACO-GA_PSO: 72 h ahead
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Fig. 29   LSTM + CEEMD + ACO-GA-PSO: 168 h ahead

Fig. 30   Training time per model
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Fig. 31   Training time per model

Fig. 32   Sensitivity Analysis

Fig. 33   Sensitivity Analysis
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