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HIGHLIGHTS

« Developed a data preprocessing approach termed the dual decomposition strategy.

« Designed an innovative prediction system employing Deep Residual Networks for forecasting electricity prices.
« Enhanced both the accuracy and stability of the forecasting system concurrently.

« Verified the applicability and effectiveness in the context of a real electricity market in Australia.
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ABSTRACT

Electricity price (E P) forecasting is vital for effective market operation, strategic planning, and risk management
in deregulated energy systems. However, the inherent volatility and complexity of electricity prices, shaped by de-
mand supply dynamics, weather variability, and regulatory interventions, pose substantial challenges to accurate
prediction. This study introduces a novel hybrid framework designed to improve forecasting accuracy by lever-
aging both signal decomposition and deep learning techniques. Specifically, the method integrates Variational
Mode Decomposition (VMD) and Empirical Wavelet Transform (EWT) for noise reduction and feature extraction,
followed by a Multi Resolution Convolution (MRC) layer and a Bidirectional Long Short Term Memory (BiLSTM)
network to capture multiscale temporal patterns in electricity price data. The model is applied to half hourly
electricity price data from South Australia spanning January 2018 to December 2022. Its performance is bench-
marked against a suite of traditional and hybrid models using a comprehensive set of twelve evaluation metrics.
The results reveal that the proposed hybrid model consistently outperforms all baselines across seasons and fore-
cast horizons. Notably, during the spring period, it achieved a Normalized Root Mean Square Error of ~ 4.87 %,
a Mean Absolute Percentage Error of ~ 12.09 %, and a Global Performance Index of ~ 3.22. These improvements
demonstrate the model’s ability to effectively handle the non-linear and nonstationary nature of E P. Overall, the
findings underscore the potential of combining advanced decomposition methods with deep learning architec-
tures to deliver more accurate and robust E P forecasts, thereby offering valuable support for decision making in
complex and evolving energy markets.
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List of acronyms

ACBFS Adaptive copula-based feature selection

Adam Adaptive moment estimation optimization

ADMM Alternating direction method of multipliers

AEMO Australian energy market operator

Al Artificial intelligence

ANEM Australian national electricity market

ANFIS Adaptive neuro-fuzzy inference system

ANN Artificial neural network

AR Autoregressive

ARD Automatic relevance determination

ARIFMA Autoregressive fractionally integrated moving average

ARIMA Autoregressive integrated moving average

ARMA Autoregressive moving average

ATT Attention mechanism

AUD Australian dollar

BDL Bayesian deep learning

BiLSTM Bi-Directional long short-term memory

BNN Bayesian neural network

BO Bayesian optimization

BOHB Bayesian optimization and hyperband

BP Backpropagation neural network

CEEMD Complete ensemble empirical mode decomposition

CEEMDAN Complementary ensemble empirical mode decomposi-
tion with adaptive noises

CNN Convolutional neural network

D-GCNN Deep graph convolutional neural network

DBN Deep belief network

DE Differential evolution

DL Deep learning

DNN Deep neural networks

EEMD Ensemble empirical mode decomposition

ELM Extreme learning machine

EMD Empirical mode decomposition

ENN or ELMAN Elman neural network

EP Electricity prices (AUD/MWh)

ERCRF Error correction random forest

ETR Extra tree regression

EWT Empirical wavelet transform

FA Firefly algorithm

FEEMD Fast ensemble empirical mode decomposition

FFNN Feed forward neural networks

GARCH Generalized autoregressive conditional heteroskedasticity

GBM Gradient boosting machine

GRU Gated recurrent unit

GVM Grey verhulst model

GWO Grey wolf optimizer

ICEEMDAN Improved complementary ensemble empirical mode de-
composition with adaptive noises

IMD Improved mahalanobis distance

LASSO Least absolute shrinkage and selection operator

LEAR LASSO estimated autoregressive

LR Linear regression

LSSVM Least squares support vector machine

LSTM Long short-term memory

LSTR Logistic smooth transition regression

MAE Mean absolute error

MAPE Mean absolute percentage error

ML Machine learning

MLP Multi-layer perceptron

MOBBSA Multi-objective binary backtracking search algorithm

MoDWT Maximal overlap discrete wavelet transform

MOGWO Multi-objective grey wolf optimizer

MSVR Modified support vector regression

NARX Auto regressive model with exogenous

NN Neural network

PACF Partial autocorrelation function

PSO Particle swarm optimization

RBFNN Radial basis function neural network

Res. Residual term

RF Random forest regression

RMSE Root mean square error

RNN Recurrent neural network

RVM Relevance vector machine

SAE Stacked autoencoder

SARMAX Seasonal autoregressive moving average with exogenous
variables

sMAPE Symmetric mean absolute percentage error

SSDAE Stacked sparse denoising autoencoder

TabNet Tabular neural network

VMD Variational mode decomposition

WNN Wavelet neural network

WT Wavelet transform

XGB eXtreme gradient boost

1. Introduction

The global electric power system is pivotal to national economies,
with electricity prices (EP) shaped by factors like supply and de-
mand dynamics, fuel prices, weather patterns, and regulatory frame-
works [1]. These fluctuations influence investment decisions made by
electricity producers, consumers, and associated industries worldwide.
Additionally, the attainment of Sustainable Development Goal 7 (SDG
7) [2], which aims for universal access to affordable, reliable, sustain-
able, and modern energy, heavily relies on effective electricity pricing.
High prices can restrict access for low-income households, impact-
ing their ability to afford essential services and hindering economic
progress. Conversely, well-planned pricing strategies can stimulate in-
vestments in robust infrastructure and promote the adoption of renew-
able energy sources, thereby advancing sustainability [3]. Competitive
and stable electricity pricing also encourages energy efficiency improve-
ments and the adoption of modern technologies [4]. Hence, the precise
prediction of EP trends is essential for facilitating informed decisions

on investments and consumption in a dynamic and competitive market
environment.

Traditional approaches to EP forecasting include Multi-Agent
Models, Fundamental Models, and Reduced-Form Models. Multi-Agent
Models such as the Nash Cournot Framework, Supply Function
Equilibrium, Strategic Production Cost Models, and Agent-Based
Simulations aim to capture the strategic behavior of market participants
[5,6]. These models can offer insights into market dynamics and pol-
icy effects, but their reliance on assumptions like perfect information
and rational behavior can reduce their effectiveness in rapidly changing
environments [7]. Fundamental Models, which are based on physical
and economic relationships, are useful for long-term forecasting and sce-
nario analysis [8-10]. However, they may not perform well in short-term
prediction tasks and often require intensive computation [11]. Reduced-
Form Models such as Jump Diffusion and Markov Regime Switching
are designed to represent volatility and sudden price changes [12,13].
While effective in capturing regime shifts and stochastic behavior,
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these models are sensitive to parameter estimation and require careful
calibration [8].

Empirically, a wide range of forecasting methods has been applied,
including classical time series models, regression techniques, and data-
driven methods such as artificial neural networks and other machine
learning algorithms [14]. As noted in the literature, no single method
consistently outperforms others across all situations [15]. The selec-
tion of a suitable model depends on the characteristics of electricity
price data, including seasonality, stationarity, linearity, and trends.
Additionally, the forecasting task has become more complex due to ex-
ternal factors such as economic fluctuations, the COVID-19 pandemic,
and natural disasters linked to climate change [16,17]. These challenges
affect both electricity demand and price behavior. As a result, forecast-
ing approaches in recent studies are generally grouped into three main
categories: time series econometric models, machine learning and deep
learning models, and hybrid models.

1. Time Series Econometrics Models: These models focus on sta-
tistical methods rooted in time-series analysis and econometrics
principles. They often account for traditional factors such as
seasonal patterns, trends, and autocorrelation [18].

2. Machine and Deep Learning Models: These modern approaches
leverage advanced computational techniques to capture complex
patterns and dependencies within data. They are capable of han-
dling non-linearities and are increasingly applied due to their
flexibility and ability to learn from large datasets [19].

3. Hybrid Models: Typically, these models integrate multiple ma-
chine learning (ML) or deep learning (DL) techniques, incorpo-
rating strategies such as data decomposition, feature selection,
clustering, ensemble, and heuristic optimization to effectively
estimate model hyperparameters [20]. This approach leverages
the strengths of different methodologies to enhance predictive
accuracy and robustness across diverse datasets and scenarios.

Each category offers distinct advantages and challenges, catering to
different aspects of prediction accuracy and computational efficiency
in varying contexts. Until recently, econometric models have domi-
nated empirical applications, primarily focusing on linear time series
models such as Auto Regressive Moving Average (ARMA), Logistic
Smooth Transition Regression (LSTR), Auto Regressive Integrated
Moving Average (ARIMA), Seasonal Auto Regressive Integrated Moving
Average (SARIMA), Seasonal Autoregressive Moving Average with
Exogenous Variables (SARMAX) and Vector Auto Regressive (VAR) [21].
In Ref. [22], an LSTR framework was employed to reveal that electricity
spot price dynamics are influenced by non-linear intra-day relation-
ships with key fundamental drivers, which differ across various time
segments. Specifically, carbon prices were significant during off-peak
hours, reserve margins played a crucial role during morning peak pe-
riods, and market concentration became more influential during the
evening peak. These findings emphasize the need to account for regime-
specific structural features in electricity price modeling. Building on this,
a subsequent study [23] evaluated two hybrid models for day-ahead E P
forecasting: one integrating fundamental supply stack modeling with
econometric methods, and an enhanced version incorporating LSTR to
capture structural regime shifts. The hybrid-LSTR model outperformed
conventional SARMA, SARMAX, and stand-alone LSTR models in out-
of-sample forecasts, although its prediction intervals were too narrow,
indicating an under-representation of uncertainty. These studies collec-
tively highlight the benefits of combining traditional and econometric
techniques to improve forecasting accuracy in complex and evolving
market environments. However, despite their computational efficiency
and straightforward estimation, such models often fail to fully capture

Applied Energy 395 (2025) 126197

the non-linear dynamics and sharp fluctuations typical of electricity
markets, limiting their robustness and reliability in practice [24].

In contrast, Machine Learning (ML) and Deep Learning (DL) models
have recently emerged as powerful alternatives to traditional economet-
rics [25]. These Al-based approaches are particularly adept at handling
complex, multivariate datasets with significant non-linearities, thereby
offering an enhanced capability to capture and model intricate pat-
terns. ML models have gained widespread application across various
prediction domains, demonstrating their effectiveness in addressing
the limitations of traditional statistical models in E P prediction [26].
Common ML models used for EP prediction include Random Forest
(RFR), Support Vector Regression (SVR), and Artificial Neural Networks
(ANN). For instance, a modified SVR (MSVR) has been shown to outper-
form Feed-Forward Neural Networks (FFNN) and Grey Verhulst Model
(GVM) in long-term EP prediction [27], offering superior general-
ization ability to efficiently reach global solutions. However, MSVR’s
scalability for larger datasets remains limited. ANN, with its power-
ful multivariable mapping capability, addresses scalability issues but
often gets trapped in local optima, losing sight of the internal influ-
ences of the data, thereby restricting further improvements in prediction
accuracy.

Conversely, DL models address the limitations of traditional ML
models by effectively handling large datasets and capturing complex
underlying patterns within the data. DL is particularly proficient at
feature extraction and modeling temporal dependencies. Feature ex-
traction reduces the number of parameters, making the model more
concise and efficient. Popular DL models for feature extraction in EP
prediction include Stacked Autoencoder (SAE), Deep Belief Network
(DBN), and Convolutional Neural Network (CNN). CNNs have demon-
strated remarkable results in time series feature extraction due to their
convolutional kernels, which autonomously mine relevant information
from the data. For instance, in Ref. [28], the SEPNet model, which
integrates CNN, Variational Mode Decomposition (VMD), and Gated
Recurrent Unit (GRU), was proposed for one-hour-ahead E P prediction.
The results demonstrated that SEPNet outperformed other models, with
Mean Absolute Percentage Error (M APE) and Root Mean Square Error
(RM SE) reduced by ~ 84 % and ~ 81 %, respectively, across differ-
ent seasons. Another study in Ref. [29] introduced Long Short-Term
Memory (LSTM) optimized with Sequence Model-Based Optimization
(SMBO) for EP prediction, achieving the lowest RMSE of ~ 1.72.
Similarly, an LSTM model in Ref. [30] achieved a minimal prediction
error of less than ~ 1.5 % for one-day-ahead EP prediction. Moreover,
the proposed LSTM network demonstrated superior performance com-
pared to linear regression, Decision Trees, Deep Neural Networks (DNN),
and Deep Feed-Forward Neural Networks (DFFNN).

In many instances, traditional single prediction models struggle to
effectively analyse intricate relationships within non-stationary and non-
linear datasets [31]. Consequently, researchers often employ hybrid
models to enhance prediction accuracy either through model combi-
nation or by leveraging decomposition techniques [32]. For instance,
in [33], a hybrid approach integrating Extreme Learning Machine (ELM)
and Maximum Likelihood Estimation (MLE) was proposed for day-
ahead EP prediction in the Australian electricity market. Similarly,
in [34] authors introduced a hybrid evolutionary adaptive method-
ology combining Wavelet Transform (WT), Mutual Information (MI),
Adaptive Neuro-Fuzzy Inference System (ANFIS), and Particle Swarm
Optimization (PSO) for short-term EP prediction. In [35], a novel
hybrid model is proposed employing Fast Ensemble Empirical Mode
Decomposition (FEEMD), VMD, and Back-Propagation (BP) neural net-
work optimized by the Firefly Algorithm (FA) for multi-step-ahead E P
prediction. In [36] the authors uses Empirical Mode Decomposition
with Support Vector Regression for electricity price prediction. In [37],
Whale Optimization Algorithm (WOA)-based multivariate exponential
smoothing Grey-Holt (GMHES) model is proposed for EP forecasting.
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Recently in [38], ensembles of ML models have been tested for electricity
price forecasting.

Moreover, the integration of CNN and LSTM models has emerged
as a prominent approach in EP prediction. For example, in [39,40],
CNN-LSTM was utilised to predict EP one hour ahead using the
Pennsylvania-New Jersey-Maryland Interconnection (PJM) dataset,
while Ref. [41] focused on short-term prediction up to one day ahead
in the German electricity market, demonstrating superior average pre-
diction performance. Additionally, Ref. [42] introduced a hybrid model
that combines Wavelet Transform (WT), Sparse Autoencoder (SAE), and
LSTM for EP prediction. In another study, Ref. [43] proposed a novel
error compensation framework using VMD and RFR for half-hourly EP
prediction in the Australian market. The research showed significant
improvements with increases in Legates and McCabe Index by 15.97 %,
16.31 %, 20.23 %, 10.24 %, and 14.03 % for winter, autumn, spring, sum-
mer, and yearly predictions, respectively, compared to standalone ML
and DL models. Furthermore, Ref. [44] presented a hybrid model based
on WT, ARMA, and Kernel-based ELM for day-ahead EP prediction,
demonstrating both linear and nonlinear prediction capabilities vali-
dated across three real electricity markets. In another study [45], an
adaptive hybrid prediction model that combines VMD with self-adaptive
particle swarm optimization (SAPSO) for predicting EP was proposed.
This innovative approach aims to enhance prediction accuracy by effec-
tively decomposing the original E P sequence using VMD and then DBN
model was optimized by SAPSO. The model’s performance was validated
using quarterly data from diverse electricity markets including Australia,
PJM, and Spain, demonstrating robust stability and high accuracy in
prediction. Furthermore, a separate study [46] proposed a combined
prediction model that integrates VMD with General Regression Neural
Network (GRNN), focusing on modeling both EP and load series dy-
namics. This hybrid approach was specifically validated in PJM and
Spanish electricity markets. By leveraging the capabilities of VMD to ex-
tract meaningful features and the predictive power of GRNN, the model
aims to capture complex relationships within the £ P and demand data,
thereby improving the accuracy of short-term E P prediction.

Recent advancements in hybrid forecasting models have led to
notable improvements across various domains such as EP forecast-
ing, carbon pricing, water quality, building energy consumption, wind
energy, and hydrological flow prediction. For instance, in carbon
price forecasting, a framework combining the Maximal Information
Coefficient (MIC), Improved Variational Mode Decomposition (IVMD),
Autoformer, and Extreme Learning Machine (ELM) achieved outstand-
ing accuracy with Coefficient of Determination values exceeding 0.99
for 15-25-day forecasts [47]. In water quality prediction, a hybrid
model using MIC, decomposition-reconstruction strategies, Temporal
Convolutional Networks (TCNs), and Gated Recurrent Units (GRUS) at-
tained Nash-Sutcliffe Efficiency values ranging from 0.88 to 0.99 [48].
In the context of building energy consumption, a hybrid approach using
an Improved Dung Beetle Optimization (IDBO) algorithm, VMD, and
Bidirectional LSTM networks enhanced forecasting [49]. For wind en-
ergy prediction, combining Singular Spectral Analysis and VMD in a
multi-stage hybrid framework reduced M APE by over 50 % for 72-h
forecasts [50]. VMD-based models such as VMD-BiGRU and VMD-LSTM
also outperformed conventional methods for short- to medium-term
energy consumption forecasting across multiple countries [51]. In hy-
dropower reservoir flow forecasting, coupling VMD with Echo State
Networks (ESNs), Deep Echo State Networks (DeepESNs), and Next
Generation Reservoir Computing (NGRC) resulted in significant error
reductions for 7-21-day horizons [52]. A novel ensemble model combin-
ing VMD, AR, Elman Neural Network (ELMAN), Improved Bidirectional
LSTM, and attention-based Convolutional Neural Networks further im-
proved energy prices forecasting accuracy [53]. Furthermore, empirical
wavelet transform (EWT) paired with an attention-based LSTM has
demonstrated superior performance for monthly energy consumption
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prediction [54]. Recent research has also explored the integration of
multi-head self-attention mechanisms, decomposition algorithm and
CNN-based architectures, offering additional enhancements in E P fore-
casting capabilities [55-57].

Despite the advancements, these models typically rely on a sin-
gle decomposition approach for data preprocessing, potentially lim-
iting their ability to fully capture the main features of EP series.
Moreover, challenges associated with predicting high-frequency sig-
nals remain largely unaddressed in previous studies, highlighting the
need for improved data preprocessing techniques to enhance predic-
tion performance. Therefore, enhancing data preprocessing techniques
to boost prediction performance necessitates further investigation and
refinement in future studies.

In response to the challenges outlined above and with the goal of
advancing beyond existing methodologies, this study introduces a novel
and robust model for predicting electricity prices (EP) tailored specif-
ically for the electricity market. The framework encompasses four core
modules: data preprocessing, optimization, prediction, and evaluation.
Notably, the data preprocessing module integrates a novel dual decom-
position approach utilising Variational Mode Decomposition (VMD) and
Empirical Wavelet Transform (EWT). This innovative strategy addresses
the shortcomings of prior decomposition techniques, yielding substan-
tial improvements in preprocessing effectiveness. Simultaneously, to
achieve dual objectives of enhancing prediction accuracy and stabil-
ity, a sophisticated hybrid model is proposed. This model combines
Multi-scale Residual Convolutional Neural Network (MRC-CNN) with a
stacked Bi-directional Long Short-Term Memory (BiLSTM), optimized
using Bayesian Optimization (BO) within the dedicated optimization
module. This hybrid architecture significantly boosts the precision and
stability of predictions for each decomposed component. Ultimately, the
combined predictions from these components are aggregated to derive
the final predicted values.

This study contributes significantly by addressing gaps in existing
literature on “decomposition-prediction” methodologies and rectifying
deficiencies observed in prior research. Unlike conventional hybrid mod-
els, the VMD-EWT-MRC-BiLSTM model developed in this study offers
several distinctive advantages:

« Firstly, a two-layer decomposition approach incorporating VMD and
EWT is applied to EP series. The residual after VMD decomposi-
tion often includes noise and other stochastic components of the
EP series. By isolating and modeling these separately, the predictive
model can reduce the impact of noise, leading to more stable and reli-
able predictions. EWT is further employed to decompose the residual
terms post-VMD decomposition, thereby enhancing the accuracy of
residual term prediction and overall hybrid model performance.
Secondly, a novel hybrid model, Multi-scale Residual Convolutional
Neural Network with Bi-directional Long Short-Term Memory (MRC-
BiLSTM) is introduced. This innovative model architecture involves
stacking BiLSTM layers on top of the MRC-CNN. The integration
of these two advanced neural network structures allows the model
to leverage the strengths of both: MRC-CNN'’s powerful feature ex-
traction capabilities and BiLSTM’s proficiency in handling sequential
data. MRC-CNN effectively captures intricate patterns and features
from the data through its multi-scale residual learning approach, en-
suring robust and nuanced feature extraction. On the other hand,
BiLSTM excels in sequence modeling by capturing long-term depen-
dencies and bidirectional relationships within the data sequence. By
combining these capabilities, the MRC-BiLSTM model enhances over-
all prediction accuracy, making it highly effective for complex and
dynamic E P prediction. This hybrid approach not only improves the
model’s ability to understand and predict complex patterns but also
ensures that both spatial and temporal dependencies within the data
are effectively addressed.
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* Lastly, the Bayesian Optimization Algorithm is employed to fine-
tune the parameters of the MRC-BiLSTM model during the training
process. This optimization technique systematically searches the
parameter space and efficiently identifies the optimal set of hyper-
parameters that enhance the model’s performance. By leveraging
Bayesian Optimization, the model can achieve a higher level of
stability and reliability in its predictions. This method not only
ensures that the MRC-BiLSTM model is accurately calibrated but
also enhances its robustness against overfitting and underfitting.
Consequently, the use of Bayesian Optimization contributes signif-
icantly to improving the model’s predictive accuracy and general-
ization capability, making it a more effective tool for predicting
EP.

The developed EP prediction model is rigorously validated across
four seasonal as well as twelve months prediction scenarios, demon-
strating resilience to seasonal effects and robust prediction performance.
Experimental results underscore the effectiveness and reliability of the
proposed system, positioning it as a valuable tool for risk analysis and
decision-making within real-world electricity markets. Thus, this robust
prediction system holds significant potential for widespread application,
offering enhanced insights for strategic decision-making in electricity
markets.

The structure of the paper unfolds as follows: Section 2 intro-
duces methodologies. In Section 3, the dataset and the developed dual
decomposition-based hybrid model for electricity price prediction are
detailed. Section 4 provides an analysis of the results obtained and of-
fers the authors’ insights on the experimental findings. Finally, Section 5
provides the concluding remarks for the paper.

2. Methodologies

This section provides an overview of the study’s primary focus on de-
composition and deep hybrid models, specifically the Variational Modal
Decomposition (VMD), Empirical Wavelet Transform (EWT), Multi-scale
Residual Convolutional block (MRC) and Bidirectional Long Short-Term
Memory (BiLSTM) models. Additionally, it is worth noting that de-
tailed explanations of Deep learning models, such as Long Short-term
Memory (LSTM), Convolutional Neural Networks (CNN) are discussed
in more detail in [40,43,58-61], as they are widely recognised and
well-established models for time-series prediction.

2.1. Variational modal decomposition

The Variational Modal Decomposition (VMD) technique is a rela-
tively recent quasi-orthogonal method designed for the decomposition of
input signals into intrinsic mode functions (IMFs) [62]. These IMFs serve
to segregate distinct frequency components within the processed signal.
The VMD method achieves this through the computation of a one-way
frequency spectrum utilising the Hilbert Transform (HT) and subse-
quently shifting individual modes to the baseband. The bandwidth of
each mode is estimated by evaluating the Dirichlet energy of the demod-
ulated signal [63]. VMD departs from Empirical Mode Decomposition’s
(EMD) cubic spline curve-fitting approach for decomposition and instead
adopts a novel method involving the formulation and resolution of a
variational model [64]. This transformation eliminates the need to ad-
dress the fitting challenge associated with local extreme points. Given
this fundamental shift in the decomposition approach, VMD exhibits
clear advantages over conventional signal processing techniques, par-
ticularly in terms of mitigating modal mixing and noise robustness [65].
It also presents specific computational benefits.

To obtain the bandwidths of the multiple modes after the VMD
method, the original signal, denoted as f(¢), can be decomposed into
K intrinsic mode functions (IMFs), represented by u;(#),i = 1,2, ... ,K:

Applied Energy 395 (2025) 126197

}

K
min
{u; ) {ew; } {[z:‘

9, [(5(1) + i) * u,-(t)] e Joit
it
K

subject to z u;(t) = f()

i=1

@

where K represents the number of IMFs, u,(f) represents the set of
the i" IMF, w; represents the set of center frequencies corresponding
to the i’ mode, and () is the Dirac function,* for convolutional op-
erations. To solve this problem, the optimization problem mentioned
earlier, which includes equality constraints Eq. (1), can be converted
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where 1 is the Lagrange multiplier and « is the quadratic penalty term.
Utilising the Alternating Direction Multiplication Method (ADMM) to
solve the aforementioned problem results in the determination of both
{u;} and {w;}. The efficacy of VMD is contingent upon the choice of
parameter [K,a]. A high value for K may introduce noise redundancy,
whereas an excessively low value may yield inadequate decomposition
and mode aliasing. Likewise, a small « value might cause mode aliasing,
while a large a value may result in substantial signal loss.

2.2. Empirical wavelet transform

Gilles introduced the Empirical Wavelet Transform (EWT) algorithm
in 2013, offering a novel method for the adaptive analysis of time series
signals that exhibit non-linearity and non-stationarity [66]. The funda-
mental idea at the heart of this algorithm involves the creation of a
customised wavelet filter bank that dynamically adapts to the unique
features of the input signal, leading to its segmentation into distinct
modes. The EWT algorithm typically encompasses two primary phases:

* Phase 1: Spectrum Computation and Boundary Identification:
The first step involves calculating the spectrum of the original signal
through the Fast Fourier Transform (FFT) algorithm. Subsequently,
local maxima within the spectrum are identified, serving as critical
reference points for the partitioning process.

Phase 2: Empirical Wavelet Construction: The second step en-
tails the creation of empirical wavelets based on the previously
determined boundaries. These empirical wavelets are instrumental
in extracting the individual signal modes, effectively characterising
the signal’s various components.

During the segmentation process using EWT, specialised orthogo-
nal wavelet filters are designed to enhance the amplitude and fre-
quency modulation (AM-FM) characteristics in the Fourier spectrum.
Subsequently, the Hilbert transform is applied to AM-FM to yield
instantaneous frequency amplitude [67]. From a Fourier transform per-
spective, this transformation is analogous to creating a series of bandpass
filters. The theoretical foundation of the EWT algorithm is elucidated as
follows: it postulates that the Fourier spectrum can be partitioned into
continuous N segments, with each segment denoted as A, = [0,_;, ®,]
where w, (o) = 0,wy = ) represents the boundaries of these segments.
In this context, the empirical wavelet functions are considered as the
wavelet filters corresponding to each A,. The scaling function Eq. (3)
and the empirical wavelet function Eq. (4) are subsequently derived us-
ing the Meyer wavelet, and their specific mathematical expressions are
detailed below.
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1, if |o| < -y,
b = cos[%ﬂ(lml_z(;#m‘)], it (1-pw, <ol <1+ 7)o, )
0, otherwise.
1, if Ad+pw,<lol<0-y)o,,
o feos[Ea (B2 )| it (= o < ol < (4 o
" (2o (0]t (1= po, <ol < (1 + 1),
0, otherwise,
4
where (x) is defined as:
0, if x<0,
Bx)=41, if x>1, (5)
x* (35— 84x +70x? —20x%), if x€[0,1].
and
B+ —x)=1, Vxel0,1] (6)

The approximation coefficients (WfE (0,1)) are given by the inner product
with the scaling function Eq. (7):

Wf(0,1)=<fs<ﬂ1>=/f(f)<ﬂ1n(f—l)dT- )

The detailed coefficients (Wf6 (n,1)) are given by the inner products
with the empirical wavelets Eq. (8):

wi (n,t)=(f,fﬂn>=/f(T)(p,,(T—t)dT ®

The original signal can be reconstructed as follows:

FO=WFO,0 % @D+ Y, Win 1 % w, ()

n=1

N
- (v?/; ©0.0) - (@) + Y Wino)- Ww)) ©

n=1

where 1717; (n, w) represents the Fourier transform of ij(n, 1), ¢ (w) is
the Fourier transform of the scaling function, ,(w) is the Fourier trans-
form of the wavelet functions, and F~! refers to the inverse Fourier
transform. x represents convolution. According to the above formula, the
empirical modes are obtained by Egs. (10) and (11):

So@ =W 0,0) @) (1) 10)

Fe @ = Wi (k1) sy (1) an

Hence, the Empirical Wavelet Transform (EWT) is a dynamic decom-
position of the Fourier spectrum, and it may not always align precisely
with the positions of distinct modes. Employing the local max-min
technique, the algorithm can effectively identify the period boundaries
within the Fourier supports based on the information extracted from the
processed spectrum.
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Fig. 1. Residual learning framework with skip connections.

2.3. Deep residual networks

In Deep Learning models, adding more layers enhances feature sep-
aration and identification, resulting in improved network performance.
However, increasing the network’s depth introduces challenges like van-
ishing or exploding gradients, which can hinder convergence of the
optimization algorithm [68]. These issues can be mitigated through tech-
niques like batch normalization and appropriate initialisation strategies,
enabling the training of deep networks with numerous layers. While
these methods facilitate the training of deeper networks, an issue called
degradation arises as the network’s depth increases. Degradation refers
to the situation where the accuracy of the model on the training set de-
creases with more layers, leading to deep networks under-performing
compared to shallow ones [69]. To address this degradation problem,
deep residual networks were developed. The DNN-ResNet, proposed
by He et al. [70], comprises multiple residual units, as illustrated in
Fig. 1. Each residual block can be conceptualized as a shallow Neural
Network. A standard residual block comprises weighted layers, activa-
tion functions, and an activation function, and the shortcut connection.
lustrated in Fig. 1, the shortcut connection allows the input to bypass
one or more layers, facilitating the transmission of data to deeper layers
in the neural network without any loss of information. The study con-
ducted in [71] effectively demonstrates the pivotal role played by these
shortcuts in the context of residual networks. The following Egs. (12)
and (13) encapsulate the representation of each residual unit:

v, = h(x)+ F(x,, w,) (12)

X1 = F (1) 13)

Where F is a residual function, f is an activation function (ReLU), w,
is the weight matrix, and x, and y, are the inputs and outputs of the #*
layer. The function 4 is an identity mapping given by (14):

h(x,) = x, (14)

Skip connections, akin to residual connections, are shortcuts within
the model’s architecture. Through skip connections, each residual block
can directly transmit its output to the final node of the model. This out-
put is then combined with outputs from other levels and the single final
output that has traversed all block transformations [72]. Employing skip
connections in time series data integration enables the incorporation of
features from earlier layers, both before and after model nonlinear trans-
formations, fostering a comprehensive understanding of data trends and
seasonality. Consequently, this contributes to improved network con-
vergence [73]. Inspired by the concept of Residual units, our proposed
model incorporates skip connections.

2.4. Deep hybrid MRC-BiLSTM model architecture

Drawing inspiration from ResNet [74] and driven by the necessity
to address time series challenges, this study has innovatively devised
the Multi-scale Residual Convolutional block (MRC). This building
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block is specifically tailored for one-dimensional Convolutional Neural
Network (CNN) applications. The MRC is seamlessly integrated with a
Bi-directional LSTM network, giving rise to a novel deep hybrid net-
work architecture referred to as MRC-BiLSTM, engineered for the task
of predicting half-hourly electricity price time series. In the subsequent
sections, we will commence by providing an exposition on the design
principles behind the multi-scale residual block. Subsequently, we will
elaborate on the structure of the MRC-BiLSTM model, elucidating how
this new building block collaborates with BiLSTM to yield electricity
price predictions.

2.4.1. The multi-scale residual CNN block

Convolutional Neural Network (CNN) is a widely recognised deep
feature extraction framework comprising convolutional, pooling, fully
connected, and regression layers. The convolutional layers execute con-
volutions, employing various filters to generate feature maps. Following
convolution, a pooling operation is carried out to reduce feature map res-
olution. Subsequently, fully connected layers come into play, wherein
each neuron is interconnected with neurons in the subsequent layer.
The primary concept underpinning the use of fully connected layers
is to encapsulate the learned global features distribution within a uni-
fied space for higher-level reasoning, thereby aiding in the prediction
of the ultimate output through the regression layer. The mathematical
representations of the Convolution layer and the pooling operation are
denoted in Egs. (15) and (16), respectively.

Chao = F ((W))' XL, +1L) 1s)
Py = Pool (X.,.,) 16)

where b/ represents the bias of the convolutional filter in the /' layer,
X ,’M represents the locations of the input region in the /" layer, and F
is the activation function.

In practice, the inclusion of multiple CNN layers is a common
approach for addressing complex problems and enhancing accuracy per-
formance. The rationale behind incorporating additional layers is to
extract intricate features from the input data. However, increasing the
number of layers in the network can lead to higher training and testing
errors, heightened complexity, and diminished performance. To resolve
the challenges associated with training deep-layer networks, the concept
of residual networks was introduced. These networks utilise a residual
connection, which links the output of an earlier convolutional layer to
the input of a subsequent convolutional layer located several layers fur-
ther along the network. This connection effectively skips a number of
intermediate convolutional steps, as depicted in Fig. 2. In terms of how
the extracted features from the mainstream model input and the input
from the preceding convolutional layer are combined, this study has
adopted a structure similar to DenseNet [75]. Instead of summing the
features, they are concatenated. This concatenation of features offers the
advantage of allowing each additional layer in the network to incorpo-
rate information from some subset of prior residual block outputs. This
results in increased information available for the model’s utilisation,
ideally leading to a more precise model fit [76].

2.4.2. MRC-BiLSTM model

The deep hybrid architecture, comprised of Multi-scale Residual CNN
(MRC) and a stacked Bi-directional LSTM (BiLSTM), effectively captures
the intricate and irregular trends while extracting complex spatiotempo-
ral features from the electricity price (EP) data (Fig. 3). In this process,
the residual CNN layers play a pivotal role in feature extraction [77,78],
forwarding the extracted features to the stacked BiLSTM to uncover the
sequential patterns connecting them. BiLSTM, an enhanced variant of
the LSTM model [79], is employed due to its suitability for EP pre-
diction. This choice arises from the limitations of traditional Recurrent
Neural Networks (RNN), such as vanishing gradient problems. LSTM
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Fig. 2. An example of a skip connection, connecting the input to the output of
one convolution block.
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Fig. 3. The overall framework of Multi-scale residual CNN and BiLSTM to predict
half-hourly electricity price.

addresses this issue by facilitating the learning of both short-term and
long-term dependencies. Information is propagated through the forget
gate(f,), input gate(i,), and output gate(o,), thereby controlling the ex-
tent of memory retention and information forgetting regarding prior
and current data. The forget gate determines the exclusion of irrele-
vant information. Specifically, it processes the output from the previous
time step and the input from the current time step to compute the for-
get gate’s output. The standard expression of the LSTM is provided in
the Egs. (17)-(22):

iy =0, (Wis;_ +Uix, + b;) 17)
o, =0, (Wps,_1 +U,x, +b,) 18)
fi=0y (Wpsii +Upx, +by) 19)
§=¢ (W (0, @s,.1) +Ux, +) (20)
s;=f08_1+i,05 21)
yi=000,(s) (22)

where s, and s,_; are the current and previous states; W, U are the
weights in the networks; b is the bias; o,, ¢, o, are activation func-
tions; and ® denotes the element-wise multiplication. For BiLSTM,
the architecture consists of both forward and backward LSTM layers,
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Fig. 4. Flow chart of the proposed VMD-EWT-MRC-BIiLSTM deep hybrid model.

where the inputs from the forward and backward layers are handled
simultaneously by the output layer as follows:

g —_— -

no=H (Wlx, +Woh + b) (23)

«— —

h,=H <W3x, + Wsh,_; + b) 24
— —

v = Wih, + Weh, + b, (25)

where PT,Z: and y, are the vectors for backward propagation, forward

propagation and an output layer, respectively; W, W,, W5, W,, Ws
«—

and W are the corresponding weight coefficients; b, b and b, are the

corresponding bias vectors.

2.5. Proposed VMD-EWT-MRC-BIiLSTM model

As previously mentioned, the electricity price sequence exhibits a
multitude of complex characteristics, and relying on a single predic-
tion method often results in limited accuracy. The VMD technique is
particularly valuable in decomposing intricate signals into several reg-
ular modal components, significantly enhancing prediction accuracy.
However, in contrast to typical residuals obtained through other decom-
position methods, the residual term derived from VMD tends to be more
intricate. In previous research employing the VMD technique, insuffi-
cient attention has been given to the wealth of information contained
within the residual term, leading to diminished overall prediction accu-
racy of the model. To address this issue, this study introduces a two-layer
decomposition technique to perform comprehensive decomposition and
prediction on the residual term produced by VMD. This approach aims
to bolster the prediction performance of the residual term. The deep
hybrid model presented in this paper (Fig. 4), VMD-EWT-MRC-BiLSTM,
consists of four essential modules:

Table 1

+ Pre-processing Module: The VMD method is applied to decom-
pose the initial EP sequence into individual modal VMF components.
The cumulative sum of these VMF components is then subtracted
from the original time series data to derive the residual term (RES)
subsequent to the VMD decomposition.

Normalization and optimization: Each VMF component is normal-
ized, suitable training and testing datasets are chosen, and the train-
ing of each VMF component is carried out using the MRC-BiLSTM
model. Within the MRC-BiLSTM training process, the model’s param-
eters are fine-tuned using the Bayesian Optimization (BO) algorithm.
This parameter optimization and training procedure lead to the gen-
eration of prediction results for each VMF component sub-sequence.
Second Decomposition: The RES undergoes the EWT decomposi-
tion, followed by utilising the MRC-BiLSTM model for the prediction
of each subsequence resulting from the EWT decomposition.
Integration Module: The predictions for each VMF component and
residual component are combined to yield the final EP prediction.

3. Electricity price data and predictive model development

Electricity price sequences obtained from the Australian Energy
Market Operator (https://www.aemo.com.au/) are employed in this
study to assess the predictive performance of the VMD-EWT-MRC-
BiLSTM model. The focus is primarily on the half-hour EP; AUD/MWh
of South Australia (SA). The dataset encompasses observations from
January 1, 2018, to December 31, 2022, totaling 77,446 data points.
Within this dataset, data from January 1, 2018, to December 31, 2021
(63,540 data points) serve as the training dataset, while data from
January 1, 2021, to December 31, 2022 (13,906 data points) are des-
ignated as the test dataset. Descriptive statistical outcomes for EP series
are detailed in Table 1. The distributional characteristics of the EP series
generally exhibit non-normality. As shown in Table 1, the EP series dis-
play positive skewness (Skew), and their kurtosis (Kurt) surpasses three,
indicating a leptokurtic distribution. To assess the normality of the daily

The statistical description of the electricity price(EP) dataset of South Australia. Note Mean, Max, Min and Std. dev. refers to the mean,
maximum, minimum and standard deviation value of EP in AUD/MWh respectively.

Mean Max. Min. Std. dev. Skew

Kurt JB

JB ADF ADF

stat pual stat puval

63.32 981.65 1.00 56.40 3.41

25.40

400,064.14 0.00 —8.06 0.00
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Fig. 5. Box-plot of daily and monthly cycle attributes of the EP.

distribution of EP, the Jarque-Bera statistic test (JB,,,) [80] was em-
ployed, as presented in Table 1. All the p — values are below the 0.05
level of significance, leading to the rejection of the null hypothesis. This
suggests that the half-hourly EP series are not adequately approximated
by a normal distribution. Additionally, each price series undergoes a
unit root test using the augmented Dickey-Fuller (ADF) test. With
p — values below 0.05, it can be concluded that the EP series exhibit
stationarity.

Moreover, Figs. 5 and 6 employ box plots to provide a visual rep-
resentation of noteworthy attributes related to EP concerning factors
such as the day of the week, month, hourly variations, and annual
trends. In the top and bottom panels of Fig. 5, the box plots illustrate
the weekly and monthly seasonality in hourly prices. The top panel
clearly illustrates that, on average, weekdays exhibit higher prices com-
pared to Saturdays and Sundays. When considering annual seasonality,
it aligns with expectations, showing that winter months (June, July, and
August) tend to experience higher prices in contrast to summer months
(December, January, and February). Notably, the price trajectory ini-
tiates an increase at approximately 6:00 a.m. as people wake up and
the workday commences. The mean prices steadily rise throughout the
day, reaching a peak at around 6:00 p.m., and then decrease rapidly
after dark (Fig. 6 top panel). This observed price pattern is most likely
a result of increased demand for air conditioning during these hours.
Furthermore, Fig. 6 lower panel displays the annual EP distribution span-
ning from 2018 to 2022. It’s essential to observe that the EP for the
year 2020 stands out as notably lower compared to other years due to
the impact of the COVID-19 pandemic. On March 11, 2020, the World
Health Organisation [81] declared the COVID-19 pandemic, leading to
stringent lockdown measures implemented by Australian government
(23-March-2020-15-May-2020). These measures included restrictions

on movement, event cancellations, and the suspension of numerous
commercial activities. These changes in societal behaviour also had
repercussions on the electricity sector, resulting in alterations in con-
sumption patterns. Notably, in Australia, total electric demand during
the pandemic decreased by 5.6 % [82], with a significant 40 % [83]
increase in residential demand.

3.1. Decomposition of electricity price series

In this study, we initially employed VMD to decompose the original
EP series, characterised by complex variations, into subsequences known
as V' M Fs, which exhibit simpler variation characteristics. Despite this
decomposition, the variation characteristics of the residual sequence
(VMD _RES) that remained after VMD were still somewhat complex.
To further reduce the complexity, we applied EWT to decompose the
VMD RES into IM Fs. This additional decomposition resulted in a
reduction of the non-stationary and non-linear characteristics in the de-
composed subsequences, making them more amenable to prediction.
However, the proper determination of parameters during VMD decom-
position is crucial for achieving effective results. In our study, for VMD,
we selected a penalty factor («) of 4000, and the mode number (K) was
determined using the central frequency iteration rule [84]. Fig. 7 illus-
trates the central frequency of each sub-component obtained by VMD
for different values of mode number K. Notably, Fig. 7 reveals a con-
sistent central frequency pattern when the decomposition mode number
K falls within the range of 13 to 18, indicating an over-decomposition
phenomenon. Therefore, for this study, we set the decomposition mode
number K of VMD to 12.

Fig. 8 presents the original EP series and the V' M Fs (IMFs of VMD)
after the decomposition of the EP series using VMD. VM F1-VM F12
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Fig. 6. Box-plot of hourly and yearly cycle attributes of the EP.
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Fig. 7. Central frequency of each sub-signal (V' M F) obtained by VMD with
different decomposition mode number (K).

represent the components of the decomposed EP series, ranging from low
to high frequency. Among these components, V M F1 and V' M F2, rep-
resenting the lowest frequency signals, reflect the trend changes in the
original sequence, while V M F3-V M F12, which represent the highest
frequency signals, reflect local volatility trends. Importantly, each mode
retained the original EP series’ characteristics and mitigated mode alias-
ing. Additionally, we observed that the residual component of VMD
(VM D_RES), displayed in Fig. 8, exhibited fluctuations within the
range of 0-200. This disordered and irregular residue, remaining after
VMD decomposition, could potentially impact the accuracy and stability
of prediction models.

10

To address this challenge, we applied the EWT algorithm to fur-
ther decompose the VM D_RES. EWT reduced the randomness and
fluctuation in the initial ¥ M D_RES, enhancing the series’ modeling
capabilities and ultimately improving prediction accuracy. Before im-
plementing EWT, we needed to pre-determine the mode number (N).
To select the mode number, we calculated the Root Mean Square Error
(RM SE) of EWT reconstruction and chose the mode that exhibited the
lowest RM SE error. Based on the findings presented in Fig. 9, we es-
tablished the mode number for EWT decomposition as 8, with the aim of
further reducing the complexity of the residual sequence and lessening
the computational burden. The decomposition results of the residual se-
quence are displayed in Fig. 10, demonstrating a reduction in complexity
following EWT decomposition. It is worth noting that the both training
data and test data are separately decomposed to prevent the leakage of
future information. This practice is essential for practical applications,
particularly when the test dataset is unknown.

3.2. Data normalization

To ensure the prediction effectiveness of the VMD-EWT-MRC-
BiLSTM model, we need to normalize the data for each decomposed
series of every modal component(VMF and IMF) after decomposition.
This study employs the min-max deviation normalization method for
data transformation, as expressed below:

IMF - IMF,,,

(26)
IMF,, —IMF,,

IMF' =

max

where I M F’ is normalized subsequence data, I M F is its original value,
and IMF,, and IMF,;, are its maximum and minimum values,
respectively.
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Fig. 8. Decomposition of electricity price (EP) series using the VMD algorithm.
In the iterative process of half-hourly EP prediction, the input variables
consisted of 24 sub series (twelve VMF and twelve IMF), and the num-
1.21 ber of inputs for the prediction models was determined, as outlined in
Table 2.
1.0 1
Eé 3.4. Predictive model development
s 0.8
“5% Once the best predictors have been identified, the decomposition
it based prediction model (MRC-BiLSTM) is constructed for each sub-series
2 0.6
QE: < (e (VMF and IMF). To achieve the optimal prediction results for different
sub-series, the optimal hyper-parameters are selected using Bayesian
0.4 1 Optimization [85]. In the proposed MRC-BiLSTM, parameters can be
fine-tuned, and various types of layers can be adjusted to optimize
0.2 1 the model. The model comprises three types of layers: residual convo-
. . . ; ) . . . lutional blocks, BiLSTM layers, and dense layers. Parameters such as
3 6 9 12 15 18 21 24 kernel size, the number of units in LSTM, and the number of filters in

Number of decomposition components (N)

Fig. 9. Analysis of EWT decomposition modes and reconstruction RM S E error.

3.3. Extraction of significant time-lagged inputs for predictive model
development

Fig. 11 illustrates the results of Partial Autocorrelation Function
(PACF) analysis for the normalized decomposed VMF and IMF series.
The selection of input variables was based on an analysis of the PACF
diagrams, as seen in the plots of PACFs with varying lag lengths (Fig. 11).

11

CNN can be adjusted in each layer, potentially affecting learning speed
and performance. Table 3 provides details on the layer types, param-
eters, and kernel sizes for each layer. The lagged series (Table 2) of
each decomposed component is then passed to the residual CNN. The
residual CNN architecture is employed to extract spatial information
from processed historical data. A Rectified Linear Unit (ReLU) activation
function is applied in each convolutional layer and after adding a layer
to the architecture. The output feature from the residual CNN is flat-
tened and then forwarded to stacked BiLSTM layers to capture temporal
information. Finally, fully connected layers are integrated to produce
the predicted output values. A block diagram of the MRC-BiLSTM is
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Fig. 10. Decomposition of VMD residual (V' M D) sequences into IMF components using the EWT algorithm.

presented in Fig. 12, illustrating the training and testing procedure of the
model.

3.5. Hyperparameter tuning

As previously mentioned, Bayesian Optimization [85] is utilised
to fine-tune the hyperparameters of the proposed model. Bayesian
optimization (BO) operates based on Bayes’ theorem, as described
by Eq. (27). BO involves two crucial components when selecting the next
hyperparameter configuration: a probabilistic surrogate model for mod-
eling the objective function and an acquisition function that explores
new areas in the sample space while exploiting known areas for optimal
results [86]. This characteristic makes BO more efficient compared to
grid search and random search.

p(D|w) p(w)

p(w|D) = »(D)

27)

where w indicates an unseen value, p(w) refers to the preceding distribu-
tion, p (D|w) indicates the probability and p (w|D) denotes the posterior
distribution. The fundamental steps of BO are as follows [87]:

1. Build a probabilistic surrogate model of the objective function.

2. Determine the optimal hyperparameter values on the surrogate
model.

3. Apply the chosen hyperparameter values to the real objective
function for evaluation.

4. Update the surrogate model with the new results.

5. Repeat steps (2-4) until the maximum number of iterations is
reached.

Following each evaluation of the objective function, BO updates the
surrogate model. Common surrogate models for BO include Gaussian
process (GP) [88], Random Forest (RF) [89], and the tree-structured

12
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Fig. 11. Partial autocorrelation function (PACF) plot of the decomposed EP series using VMD (VMF) and EWT (IMF).

Parzen estimator (TPE) [90]. In this study, the TPE surrogate function
is employed to model the objective function due to its lower time com-
plexity [91]. In this study, we harnessed the Hyperopt [92] framework to
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apply the TPE algorithm for the automatic optimization of hyperparam-
eters for all models. Python [93] was the chosen programming language,
and TensorFlow 2.0 [94] served as the deep learning framework.
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Table 2
The input features and output targets for the VMD and EWT decomposition sequences for predictive model development.
Decomposition algorithm Feature term Model input Number of inputs Output
VMD decomposition VMF1 X(t-i),i=0,1,2,3,4,5,6,7,8 9 X(t+1)
VMF2 X(t-i),i=0,1,2,4,5,6,7,8 8 X(t+1)
VMF3 X(ti),i=0,1,2,3,4,5,6,7,8 9 X(t+1)
VMF4 X(ti),i=0,1,2,3,4,5,6,7,8,9, 10 11 X(t+1)
VMF5 X(t-1),i=0,1,2,3,4,5,6,7,8,9 10 X(t+1)
VMF6 X(ti),i=0,1,2,3,4,5,6,7,8,9 10 X(t+1)
VMF7 X(t-),i=0,1,2,3,4,5,6,7,8,9 10 X(t+1)
VMF8 X(t-i),i=0,1,2,3,4,5,6,7,8 9 X(t+1)
VMF9 X(t-),i=0,1,2,3,4,5,6 7 X(t+1)
VMF10 X(t0),1=0,1,2,3,4,6,8 7 X(t+1)
VMF11 X(t-i),i=0,1,2,3,4,6,8 7 X(t+1)
VMF12 X(t),i=0,1,2,3,4,5 6 X(t+1)
EWT decomposition IMF1 X(t-i),i=0,1,2,3,4,5,6 7 X(t+1)
IMF2 X(ti),i=0,1,2,3,4,5,6,7,8,9 10 X(t+1)
IMF3 X(t-),i=0,1, 2, 3,4,5,6,7, 8,9 10 X(t+1)
IMF4 X(t-i),i=0,1,2,3,4,5,8 7 X(t+1)
IMF5 X(t-i),i=0,1,2,4,5,6,7 7 X(t+1)
IMF6 X(t-),i=0, 1,2, 3,4,5,6,7 8 X(t+1)
IMF7 X(t-i),i=0,1,2,3,4,5,6 7 X(t+1)
IMF8 X(t-i),i=0,1,2,3,4,5 6 X(t+1)
IMF9 X(t-i),i=0,1,2,3,4,5,6, 8 8 X(t+1)
IMF10 X(t-i),i=0,1,2,3,4,5,6,7,8,9, 10 11 X(t+1)
IMF11 X(t-i),i=0,1,2,3,4,5,7,8,9 9 X(t+1)
IMF12 X(ti),i=0,1,2,3,4,5,6,7,8,9 10 X(t+1)
EWT RES X(t),i=0, 1, 2, 3, 4 5 X(t+1)

Table 3

Internal architecture of residual CNN model with stacked BiLSTM.

Layer Name Parameters Hyperparameter search space Fixed parameter
Number of filters [32, 64,128,256]
Conv1,2,3 Kernel size 4,3,2
Add layer [Conv 2 and Conv 3] Number of filters [32, 64,128,256]
Number of filters [32, 64,128,256]
Conv 4,5,6 Kernel size 4,3,2
Add Layer [Conv 5 and Conv 6] Number of filters [32, 64,128,256]
Number of filters [32, 64,128,256]
Conv7,8,9 Kernel size 4,3,2
Add layer [Conv 8 and Conv 9] Number of filters [32, 64,128,256]
Flatten layer
BiLSTM layer Number of units [20,015,010,050]
BiLSTM layer Number of units [1,501,005,020]
BiLSTM layer Number of units [100,755,020]
Dense layer [1,005,040]
Dense layer [1,005,040]
Activation layer ReLu
Batch size [300, 500, 1000, 1500, 2000]
Optimizer Adam

3.6. Benchmark model development

To assess the effectiveness of the proposed VMD-EWT-MRC-BiLSTM

model, it is compared with several benchmark and competitive
models.

1. VMD-LSTM: The EP series are first decomposed using the VMD
algorithm, followed by predictions made with the LSTM model. A
three-layer stacked LSTM model is utilised, with each hidden layer
having a Bayesian optimization search range of units between 50
and 100, and a batch size search range between 200 and 1000.
The ReLU activation function is applied.

2. VMD-CLSTM: The EP series is initially decomposed using the
VMD algorithm, and subsequently, predictions are generated us-
ing the deep hybrid CNN-LSTM model. This model consists of a
two-layer CNN and a three-layer stacked LSTM. For the LSTM hid-
den layers, a Bayesian optimization search range for units is set
between 50 and 100, with a batch size search range between 200
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and 1000. The ReLU activation function is applied. Likewise, for
the CNN, the search range for the number of filters is between 50
and 200.

. VMD-ALSTM: The E P series undergo initial decomposition using

the VMD algorithm, and subsequently, predictions are made using
the Attention-based LSTM model. This model includes a three-
layer stacked LSTM, with each hidden layer having a Bayesian
optimization search range for units between 50 and 100, and
a batch size search range between 200 and 1000. The ReLU
activation function is applied.

. VMD-GRU: The initial step involves decomposing the EP series

using the VMD algorithm, after which predictions are generated
using the GRU model. The GRU model employed in this study is
a four-layer stacked configuration, with each hidden layer having
its units determined via Bayesian optimization, within a range of
20-200 units. The batch size is also optimized within a range of
100-1000. Furthermore, the ReLU activation function is employed
in this model.
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Fig. 12. Model Development phase of the deep hybrid VMD-EWT-MRC-BiLSTM
model for half-hourly EP prediction.

5. Standalone models: In this study, the CLSTM, ALSTM, LSTM, and
GRU models are also used for comparative analysis. It is important
to emphasize that these standalone models utilise lagged E P val-
ues as input features, and Bayesian Optimization (BO) is employed
to fine-tune their respective hyperparameters.

3.7. Model performance criteria

An extensive set of scoring metrics was applied to conduct a thorough
evaluation of the newly developed deep hybrid VMD-EWT-MRC-BiLSTM
model in comparison to benchmark decomposition-based models and
standalone models. This study employs a diverse array of visual and sta-
tistical metrics during the independent testing phase. The effectiveness
of a model hinges primarily on the relationship between projected and
observed values. However, these criteria are often determined without
due consideration of the model’s goals and objectives. The statistical
metrics are categorized into two classes: Class A, where the ideal value
is 1, and Class B, where the ideal value is 0 [95-97]. The evalua-
tion encompasses five Class A indicators Coefficient of Determination
(R?, Eq. 28), Willmott’s Index (W I, Eq. 29), Nash-Sutcliffe Efficiency
(NS, Eq. 30), Legates-McCabe’s Index (LM, Eq. 31), and Kling-Gupta
Efficiency (KGE, Eq. 32) and seven Class B indicators (Root Mean Square
Error (RMSE, Eq. 33), Mean Absolute Error(MAE, Eq. 34), Normalized
RMSE(nRMSE, Eq. 35), Relative MAE (RMAE, Eq. 36), Symmetric
Mean Absolute Percentage Error (sMAPE, Eq. 41), Theil’s Inequality
Coefficient (TIC, Eq. 38), and Absolute Percentage Bias (APB, Eq. 39)).
The Class A indicators measured the discrepancies between the predicted
and actual EP values, whereas the Class B error indicators evaluated
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the model’s inherent bias. Since both bias and variance contribute to
correctable errors, the models were assessed in terms of their capacity
to simultaneously reduce bias and variance.

Coefficient of Determination (R2):

SN (EP®—(EP%))(EP? — (EP?))

R*= (28)
\/Zle (EPa — <EPa))2\/Zf=l (EPP — (EPP))
Wilmott’s Index (I, ;)
N 2
. (EP?— EPP
WI=1-— Zimi ) . (29)
YL (EPP = (EPY)| +|(EP° — (EPP)|)’
Nash-Sutcliffe Index (I g):
N 2
 (EP?*—-EPP
NS=1- ZN‘=1( )2, (30)
Y (EPe—(EP9))
Legates and McCabe Index (I y,):
N
,|EP? — EP?
LM =1- —ZN'=1 | L (31
Zi:l |EPa — (EP%)|
Kling-Gupta Efficiency:
(EP?) 2 cvr\?
KGE =1-1/(r—1)? -1 32
\/(r y+ < (EP%) *eove 32)
Root Mean Square Error (RM SE):
1 N
RMSE(AUD/MWh) = | — Z (EP? — EP9)?, (33)
NS
Mean Absolute Error (M AE):
1 N
MAE(AUD/MWh) = — Y |EP? — EP*|, (34)
NS
Normalized Root Mean Square Error(RRM SE):
nRMSE@) = SESE x100 % 35)
Relative Mean Absolute(RM AE):
RMAE%) = MAE L 100 9 (36)
EP*
Symmetric Mean Absolute Percentage Error (sM APE):
| <  |EP— EP?|
SMAPE = —Z _ (37)
N & ([EP“| + |EP?]) /2
Theil’s Inequality Coefficient:
n
Lx ¥ (EPP - EP°Y
i=1
TIC = - (38)

(\/i X f} (EPY? + \/5 X f} (EP”)2>
i=1 i=1
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Absolute Percentage Bias (AP B):

Z?:l (EP*—-EPP)

APB(%) = AT

- 100, (39)

Notably, EP? and E PP represent actual and predicted half-hourly EP
while (EP?) and ( E PP) represent actual and predicted mean EP, N =
number of tested data points and CV is the Coefficient of Variation.

3.7.1. Global performance indicator

This study has incorporated the Global Performance Indicator (GPI)
as a technique for ranking the performance of machine learning mod-
els [98]. The GPI integrates various metrics to produce a score that
assesses the superior model. The GPI formula encompasses a constant a,
which is set to —1 for Class A metrics and +1 for Class B metrics. The
normalized value of each statistical indicator is denoted as n;; and m;
representing the median of the normalized statistical indicator j across
all models (where k ranges from 1 to 12). Higher GPI values signify
superior model performance

12
GPI =Y ap(mg—ny), (=00 <GPI<+o0) (40)
k=1

3.7.2. Skill score

In addition to comparing the models, this study used Skill Score met-
rics to assess them against a persistence-based approach. The Skill Score
metric (RM SE,) is defined in Eq. (41), where ‘M’ represents the error
(RM SE) resulting from the predictions made by the models being stud-
ied, and ‘P’ corresponds to the RM SE of the persistence model. The
persistence model assumes that the E P prediction for the next time step
depends on the EP at the current time step.

RMSE,,

RMSEgs=1- RMSE,

41
3.7.3. Directional statistic

The directional statistic (D,,,,) serves to quantify the likelihood that
the predicted series and the actual series exhibit changes in the same
direction. This index is extensively employed in the evaluation of pre-
diction models for price time series, owing to its ability to effectively
assess the models’ capacity to predict both upward and downward move-
ments. In general, a higher D, value indicates superior prediction
performance. The equation representing this metric is provided below:

n
Dyur =~ Y d, x 100 % 42)
n
=2
where:
g {1 ER - ERL)ER ERL)>0 )
0 otherwise

3.7.4. The giacomini—white test

The Giacomini-White (GW) test [99] can be viewed as an extension
of the Diebold-Mariano test [100], assessing the Conditional Predictive
Ability (CPA) instead of Unconditional predictive ability [13]. Similar
to the DM test, the GW test gauges the statistical significance of dispar-
ities between predictions produced by two different models. This study
utilises the GW tests to assess the significance of differences in predic-
tion accuracy. The mathematical formulation of the GW tests can be
found in Ref. [101].

3.8. Model implementation environment

The computational setup used for this research is outlined in Table 4.
It is important to note that training times may differ based on the specific
computational environment employed. Table 5 provides information re-
garding the time spent for model construction, including training and
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Table 4
Computational environment.
Hardware/software Specifications
CPU Intel i7-9700k 3.80 GHz
Memory 64 GB
Compile Python 3.12
DL framework Tensorflow 2.0
Hyperopt 0.2.7
Keras 2.14.0

Table 5
Average of computation time.

Model Construction time Prediction time
(Training and validation) (Test data)
VMD-CLSTM 185 min 25s
VMD-LSTM 178 min 29s
VMD-GRU 162 min 28 s
VMD-ALSTM 157 min 28s
CLSTM 80 min 26s
ALSTM 76 min 32s
LSTM 58 min 3ls
GRU 63 min 32s
Proposed model 265 min 29s

(VMD-EWT-MRC-BiLSTM)

validation, as well as the time required for processing new inputs dur-
ing testing. According to the data presented in Table 4, the average time
for building the VMD-EWT-MRC-BiLSTM model was 265 minutes, which
is relatively lengthy. However, once the model is established, it can be
utilised over an extended period, considering the testing dataset spans
13,902 data points. Moreover, the processing time for a testing is under
30 s, ensuring the practical feasibility of applying our model.

4. Results and discussion

The evaluation of the proposed VMD-EWT-MRC-BiLSTM model and
benchmark with other decomposition-based and standalone models
were carried out through a comprehensive set of performance criteria.
Generally, the extensive experimental results demonstrate that the pro-
posed VMD-EWT-MRC-BiLSTM model outperforms standalone models,
including GRU, ALSTM, CLSTM, and LSTM, across various predictive
metrics. Even their hybrid models, which also use VMD but without
EWT and MRC components, including VMD-LSTM, VMD-CLSTM, VMD-
ALSTM and VMD-GRU, also performed well but did not reach the same
level of accuracy as the VMD-EWT-MRC-BiLSTM model.

Table 6 shows the evaluation results of the proposed model against
other comparative models during the testing phase, highlighting the
significant improvements in predictive performance across all Class A
metrics. The proposed VMD-EWT-MRC-BiLSTM model achieved an R?

Table 6

Evaluation of proposed (i.e. VMD-EWT-MRC-BiLSTM) vs. all other compar-
ative models in the testing phase, using the Class A Metrics (Coefficient of
Determination (R?, Eq. 28), Willmott’s Index Iy, Eq. 29), Nash-Sutcliffe
Efficiency (g, Eq. 30), Legates-McCabe’s Index (I, ,,, Eq. 31), and Kling-Gupta
Efficiency (KGE, Eq. 32).

Predictive models R? wI NS M KGE

VMD-EWT-MRC-BiLSTM 0.999 0.995 0.994 0.938 0.988
VMD-LSTM 0.972 0.953 0.972 0.912 0.958
VMD-CLSTM 0.972 0.953 0.971 0.909 0.953
VMD-ALSTM 0.969 0.946 0.948 0.878 0.886
VMD-GRU 0.953 0.903 0.891 0.758 0.873
GRU 0.923 0.828 0.790 0.654 0.862
ALSTM 0.922 0.827 0.788 0.654 0.877
CLSTM 0.922 0.828 0.786 0.656 0.894
LSTM 0.948 0.848 0.806 0.673 0.896
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Fig. 13. Scatter plot of predicted and actual EP in testing phase using the proposed VMD-EWT-MRC-BIiLSTM vs. other models for half-hourly EP prediction. Least
square regression line and coefficient of determination (R?) with a linear fit is shown in each sub-panel.

value of ~ 0.999, suggesting that it can explain nearly all variability in
the target E P variable, outperforming all other models in capturing the
underlying patterns in the data. This is a substantial improvement com-
pared to the next best models, VMD-LSTM and VMD-CLSTM, both of
which recorded R? values of ~ 0.972. The comparative analysis can be
also visualised through Figs. 13 and 14 illustrating how well these mod-
els fit the predicted and actual EP. In terms of Willmott’s Index, the
VMD-EWT-MRC-BiLSTM model attained the highest score of ~ 0.995.
The comparative models, VMD-LSTM and VMD-CLSTM, both scored
~ 0.953, showing that while they are effective, they are less precise
than the proposed model. Similarly, the proposed model recorded the
highest values of Iy g (= 0.994), I, ,, (=~ 0.938), and KGE (~ 0.988), sig-
nificantly higher than the next best models, VMD-LSTM (I ¢ =~ 0.972,
I . ~ 0912, and KGE ~ 0.958 and VMD-CLSTM (Iyg &~ 0.972, I,
~ 0.909, and KGE ~ 0.958). Standalone models, such as GRU, ALSTM,
CLSTM and LSTM, have R? values ranging from ~ 0.922 to ~ 0.948 and
other metric scores correspondingly lower.

The proposed model (VMD-EWT-MRC-BIiLSTM) also demonstrated
superior performance across all Class B error metrics, including RM SE,
MAE, nRMSE, and RM AE, as shown in Table 7. These metrics are
essential to understand the accuracy and reliability of the models in
predicting EP. With an RMSE ~ 10.555 AUD/MWh and an MAE
~ 6.707 AUD/MWh, the VMD-EWT-MRC-BiLSTM model showed lower
error rates than the other models evaluated, confirming its precision
in EP prediction. The decomposition-based VMD-LSTM model is the
second-best model with an RMSE ~ 12.680 AUD/MWh and an M AE
~ 7.396 AUD/MWh. Additionally, the lower nRM SE and RM AE of the
proposed model indicate that its errors are smaller relative to the overall
variation in the data and its predictions are closer to the actual prices,
respectively. The results in Table 8 also provide an evaluation of the
proposed VMD-EWT-MRC-BiLSTM model against comparative models,
using Class B metrics. The lower sM APE, TIC, and AP B values indi-
cate the capacity of the proposed model in capturing complex patterns
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in the data effectively, reducing both error and bias. These findings fur-
ther highlight the consistently superior predictive performance of the
proposed model, making it more reliable for practical applications.

The performance of the model for the prediction of electricity prices
a half hour in advance across different time intervals was also notable.
Table 9 presents the results of the month-wise prediction for the E P pre-
diction in the half hour ahead. Overall, the proposed VMD-EWT-MRC-
BiLSTM model consistently achieved higher GPIs across all months
compared to other models. Particularly, the GPI ~ 2.38, 3.12, 2.55 and
2.24 in March, April, Nov and December, respectively, are markedly
higher than those of the two second-best models, VMD-ALSTM (GPI =
0.97, 1.72, 0.87 and 0.96) and VMD-CLSTM (GPI ~ 1.00, 1.71, 0.86 and
0.96), reflecting exceptional predictive accuracy during these periods.
The negative GPIs of the VMD-GRU and other standalone models in-
dicate their inadequacy in accurately predicting E P. Similarly, across
all weekdays as described in Table 10, the VMD-EWT-MRC-BiLSTM
model consistently outperforms the comparative models, achieving the
lowest RMSE, nRMSE, RMAE and M APE values, as well as the
highest GPI scores. For example, on Sunday analysis, the proposed
model achieved the lowest RMSE ~ 8.89, nRMSE ~5.62 %, RMAE ~
10.09 %, MAPE 11.01 % and the highest GPI 2.41. In con-
trast, the LSTM and ALSTM models perform poorly, with significantly
higher values of RM.SE, nRMSE, RMAE, M APE and lower values of
GPI. Specifically, LSTM attained RMSE ~ 53.98, nRMSE ~ 33.46 %,
RMAE ~ 29.71 %, MAPE ~ 51.50 % and GPI ~ —6.67 while ALSTM
scored RM SE ~ 54.58, nBRM SE ~ 34 %, RMAE ~ 32 %, MAPE ~55%
and GPI ~ —7. Fig. 14 also depicts the predicted residual errors for
half-hourly E P prediction at 1-day period among the tested models, in-
dicating superior performance of the proposed VMD-EWT-MRC-BiLSTM
model.

Moreover, the seasonal analysis shown in Table 11 reveals that the
VMD-EWT-MRC-BiLSTM model stands out in all seasons. For example,
in spring, the proposed model achieved nRMSE ~ 4.87 %, RMAE

~

~
~

~
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Fig. 14. The time series plot of predicted and actual E P for the proposed VMD-EWT-MRC-BiLSTM model and other comparative models for half-hourly E P prediction.
Note: Errors (residuals) of each prediction is plotted on secondary axis.

Table 7

Evaluation of proposed (i.e. VMD-EWT-MRC-BiLSTM) vs. all other comparative
models in the testing phase, using the Class B metrics (Root Mean Square Error
(RMSE, Eq. 33;AUD/MWh), Mean Absolute Error(MAE, Eq. 34; AUD/MWh),
Normalized RMSE(nRMSE, Eq. 35;%), and Relative MAE (RMAE, Eq. 36;%).

Table 8

Evaluation of proposed (i.e. VMD-EWT-MRC-BiLSTM) vs. all other comparative
models in the testing phase, using the Class B metrics (Symmetric Mean Absolute
Percentage Error (sSMAPE, Eq. 41;%), Theil’s Inequality Coefficient (TIC, Eq. 38),

and Absolute Percentage Bias (APB, Eq. 39;%).

Predictive models RMSE MAE nRMSE RMAE Predictive models APB SMAPE TIC

VMD-EWT-MRC-BiLSTM 10.555 6.707 5.971 11.115 VMD-EWT-MRC-BiLSTM 3.794 0.080 0.023
VMD-LSTM 12.680 7.396 7.173 11.986 VMD-LSTM 4.584 0.089 0.028
VMD-CLSTM 13.328 7.707 7.540 11.681 VMD-CLSTM 4.760 0.088 0.029
VMD-ALSTM 24.790 11.095 14.024 12.449 VMD-ALSTM 6.677 0.094 0.054
VMD-GRU 41.706 24.153 23.594 43.386 VMD-GRU 14.064 0.202 0.092
GRU 60.774 35.462 34.381 59.031 GRU 20.461 0.293 0.137
ALSTM 61.089 35.396 34.559 58.007 ALST 20.424 0.297 0.137
CLSTM 61.408 35.227 34.739 57.947 CLSTM 20.328 0.289 0.137
LSTM 61.424 35.571 34.748 56.357 LSTM 20.123 0.285 0.138

~ 6.74 %, MAPE ~ 12.09 % and GPI ~ 3.22, outperforming other
models by a significant margin. In general, the models VMD-LSTM and
VMD-CLSTM frequently appear as the second-best performers. However,
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if we consider the overall presence across all seasons, VMD-LSTM ap-
pears most consistently in second place for multiple metrics. In contrast,
ALSTM model consistently has the worst performance, followed by
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Table 9
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Month-wise prediction results for half-an-hour ahead electricity price forecasting (AU D/ MW h). Models highlighted in bold demonstrate superior performance as

assessed by the Global Performance Indicator (GPI) metrics.

Models
Month VMD-EWT-MRC-BiLSTM VMD-LSTM VMD-CLSTM VMD-GRU VMD-ALSTM LSTM CLSTM GRU ALSTM
Jan 0.93 0.85 0.86 —-0.83 0.87 —-8.20 —8.23 —8.45 —8.73
Feb 0.96 0.92 0.93 -0.89 0.92 —7.92 —-8.11 —8.22 -8.39
Mar 2.38 0.94 1.00 —-0.93 0.97 —-8.18 —-8.34 —-8.35 —8.58
Apr 3.12 1.68 1.71 —-1.68 1.72 —-7.78 -7.76 -7.73 —7.68
May 2.78 2.72 2.71 —2.55 2.53 —6.58 —6.56 —6.46 —6.55
Jun 3.91 3.64 3.67 —-2.74 2.46 -5.20 —4.80 -5.29 —4.89
Jul 5.40 4.80 4.62 -3.60 1.56 —2.45 —1.88 —-2.34 —1.83
Aug 2.26 2.29 2.30 -2.19 2.06 —6.96 —6.94 —-7.02 -6.99
Sep 2.05 1.97 1.98 —-1.96 2.04 —7.24 —-7.22 —-7.28 —7.46
Oct 2.24 1.49 1.38 -1.35 1.58 -7.77 —-7.65 —7.66 -7.74
Nov 2.55 0.85 0.86 —-0.83 0.87 —-8.20 —8.23 —8.45 —8.73
Dec 2.24 0.92 0.96 -0.89 0.96 —7.92 —-8.11 —8.22 -8.39
Table 10

Prediction results for half-an-hour ahead electricity price forecasting (AU D/ M W h) bassed on weekdays.Models highlighted in bold demonstrate superior performance
as assessed by the Root Mean Square Error (RMSE), Normalized RMSE(nRMSE), Relative Mean Absolute Error (RMAE),and Global Performance Indicator (GPI) metrics.

Weekday Metrics VMD-EWT-MRC-BiLSTM VMD-LSTM VMD-CLSTM VMD-GRU VMD-ALSTM LSTM CLSTM GRU ALSTM
Sunday RMSE 8.89 9.79 11.96 33.08 11.14 53.98 53.96 53.75 54.58
nRMSE 5.62 % 6.16 % 7.52 % 19.16 % 6.99 % 33.46 % 33.40 % 33.18% 34 %
RMAE 10.09 % 11.48 % 11.54 % 16.08 % 11.57 % 29.71 % 28.58 % 28.69 % 32%
MAPE 11.01 % 1211 % 11.97 % 46.06 % 11.54 % 51.50 % 52.61 % 54.30 % 55 %
GPI 2.41 2.26 2.11 —2.07 2.22 -6.67 —6.53 —6.79 —7.00
Monday RMSE 10.81 12.13 12.88 41.89 20.63 67.47 67.47 67.02 66.74
nRMSE 5.91 % 6.59 % 7.01 % 21.27 % 11.06 % 36.89 % 36.60 % 36.62 % 36.35 %
RMAE 7.05 % 7.28 % 7.33 % 16.41 % 7.75 % 34.63 % 33.26 % 33.14 % 34.70 %
MAPE 11.03 % 11.91 % 11.54 % 47.51 % 11.72 % 54.92 % 56.25 % 56.97 % 53.99 %
GPI 2.87 2.75 2.71 -1.92 1.92 —6.61 —6.30 —6.69 —6.36
Tuesday RMSE 11.44 13.69 14.71 45.32 29.30 64.80 64.38 63.57 63.73
nRMSE 6.30 % 7.49 % 8.04 % 23.47 % 15.69 % 35.65 % 35.23 % 34.95 % 34.91 %
RMAE 8.31 % 8.58 % 8.32 % 19.91 % 9.12% 30.89 % 30.20 % 30.16 % 34.03 %
MAPE 13.77 % 14.35% 14.04 % 58.87 % 15.03 % 72.48 % 74.23 % 75.29 % 74.49 %
GPI 3.74 3.48 3.39 —1.83 1.83 —5.54 —-5.24 —5.52 —5.43
Wednesday RMSE 11.47 14.61 14.44 45.79 27.27 62.52 62.55 61.87 62.36
nRMSE 6.11 % 7.72% 7.63 % 23.42 % 14.06 % 33.45% 33.28 % 33.10 % 33.28 %
RMAE 7.67 % 8.90 % 7.90 % 16.45 % 9.15% 31.67 % 30.89 % 30.63 % 32.99 %
MAPE 11.09 % 12.07 % 11.73 % 40.38 % 13.05 % 51.91 % 54.08 % 54.75 % 53.95 %
GPI 3.71 3.34 3.34 —1.88 1.85 —5.51 —5.25 —5.58 —5.47
Thursday RMSE 11.19 15.69 15.30 50.37 35.73 66.33 66.24 65.59 65.66
nRMSE 5.66 % 7.87 % 7.67 % 24.99 % 17.31 % 33.91 % 33.59 % 33.51 % 33.41 %
RMAE 6.41 % 6.81 % 6.85 % 16.16 % 7.87 % 29.45 % 28.19 % 28.16 % 30.09 %
MAPE 9.58 % 10.46 % 10.12 % 36.42 % 11.67 % 54.35 % 56.01 % 57.17 % 56.19 %
GPI 4.38 3.91 3.89 —1.85 1.61 —4.96 —4.62 —5.02 —4.89
Friday RMSE 9.62 10.13 11.32 35.02 22.34 55.16 54.91 54.53 55.07
nRMSE 5.32 % 5.58 % 6.22 % 18.57 % 12.00 % 30.40 % 30.17 % 30.02 % 30.26 %
RMAE 5.99 % 6.22 % 6.29 % 13.38 % 7.16 % 28.98 % 28.01 % 27.99 % 29.57 %
MAPE 9.36 % 10.07 % 9.72 % 31.41 % 11.19% 46.96 % 48.17 % 49.49 % 48.91 %
GPI 3.14 3.05 2.87 —-1.33 1.33 —6.15 —5.89 —6.25 —6.28
Saturday RMSE 9.98 11.12 11.90 36.34 17.64 57.16 57.85 56.62 57.28
nRMSE 6.24 % 6.92 % 7.40 % 21.17 % 10.81 % 35.21 % 35.56 % 34.79 % 35.05 %
RMAE 8.02 % 8.60 % 8.58 % 15.73 % 8.56 % 31.63 % 30.79 % 30.65 % 33.30 %
MAPE 11.99 % 12.99 % 12.71 % 43.25 % 12.87 % 62.20 % 64.03 % 65.09 % 63.89 %
GPI 2.76 2.65 2.56 -1.78 1.78 —6.45 —6.42 —6.57 —6.61

VMD-GRU. Additionally, Fig. 15 shows an evaluation of the proposed
VMD-EWT-MRC-BiLSTM model versus other comparative models for
half-hourly E P prediction, using G PI. The plot effectively demonstrates
the superior predictive capability of the proposed model in predicting
half-hourly EP.

Fig. 16 provides box plots illustrating the Prediction Error (|PE|)
generated by the VMD-EWT-MRC-BIiLSTM and benchmarked models in
the testing phase. Overall, the proposed model presents a smaller spread,
lower median, and fewer outliers compared to the other models. These
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demonstrates more accurate predictions with minimal prediction er-
rors and less variation, and better handling of extreme values of the
VMD-EWT-MRC-BiLSTM model. The VMD-LSTM and VMD-CLSTM mod-
els also perform well but have a slightly larger spread and more outliers
compared to VMD-EWT-MRC-BiLSTM. The VMD-GRU and VMD-ALSTM
models show a larger spread in the (|PE|) values and a higher num-
ber of outliers, indicating less reliable performance. Finally, traditional
models such as LSTM, GRU, and their variants (ALSTM, CLSTM) exhibit
the largest spread and the highest number of outliers, suggesting they
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Table 11
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Prediction results for half-an-hour ahead electricity price forecasting (AU D/ M W h) based on season. Models highlighted in bold demonstrate superior performance as
assessed by the Root Mean Square Error (RMSE), Normalized RMSE(nRMSE), Relative Mean Absolute Error (RMAE), and Global Performance Indicator (GPI) metrics.

Season Metrics VMD-EWT-MRC-BiLSTM VMD-LSTM VMD-CLSTM VMD-GRU VMD-ALSTM LSTM CLSTM GRU ALSTM
Summer nRMSE 5.91 % 6.86 % 6.94 % 18.86 % 6.82 % 47.24 % 47.43 % 45.71 % 46.02 %
RMAE 7.97 % 8.88 % 8.61 % 17.49 % 8.68 % 33.43 % 32.27 % 32.45 % 33.50 %
MAPE 9.02 % 11.86 % 11.18 % 30.43 % 11.31 % 55.18 % 58.27 % 61.90 % 64.11 %
GPI 2.66 1.17 1.19 -1.17 1.20 —-7.81 —7.89 —8.03 —-8.31
Autumn nRMSE 4.22 % 4.82 % 4.94 % 16.36 % 5.40 % 31.57 % 31.95% 31.11 % 31.58 %
RMAE 5.53 % 6.71 % 6.18 % 13.52 % 6.59 % 29.09 % 28.05 % 27.70 % 28.94 %
MAPE 7.71 % 10.23 % 9.83 % 35.90 % 9.94 % 48.04 % 49.83 % 50.65 % 49.76 %
GPI 3.41 1.97 2.01 -1.86 1.92 -7.35 -7.39 -7.37 -7.51
Winter nRMSE 5.43 % 6.99 % 7.40 % 22.55 % 14.72 % 28.92 % 28.27 % 28.81 % 28.40 %
RMAE 6.88 % 8.82 % 7.66 % 18.40 % 9.89 % 28.61 % 27.89 % 28.03 % 31.32%
MAPE 10.02 % 12.07 % 12.32% 58.08 % 15.45 % 55.15% 55.41 % 55.20 % 52.51 %
GPI 6.48 4.44 4.35 —2.68 2.15 —4.15 —3.68 —-4.13 —3.74
Spring nRMSE 4.87 % 6.03 % 6.14 % 17.71 % 5.65 % 3711 % 37.44 % 36.55 % 37.53 %
RMAE 6.74 % 8.02 % 9.69 % 15.94 % 7.97 % 33.81 % 32.67 % 32.39 % 36.77 %
MAPE 12.09 % 14.22 % 13.74 % 48.51 % 13.46 % 69.50 % 70.85 % 7113 % 68.52 %
GPI 3.22 1.67 1.63 —-1.61 1.74 —7.54 —7.53 —-7.53 -7.70
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Fig. 15. Efficacy of proposed VMD-EWT-MRC-BiLSTM model vs. other compar-
ative models for half-hourly EP prediction in terms of the Global Performance
Indicator (GPI).

are the least accurate and most variable in their predictions. Fig. 17
provides further assessment of the (| PE|) distributions among models.
It can be seen that the majority of errors (~ 48 %) generated by the
VMD-EWT-MRC-BIiLSTM lies in the first bin (0-5) compared to the other
models.

Fig. 18 compares the performance of all models using two metrics:
Skill Score (RM S E 4 ) and Directional Symmetry (D.S). The VMD-EWT-
MRC-BiLSTM model achieved the highest RMSEg¢ ~ 97 %, indicating

20

VMD-LSTM, VMD-CLSTM, and VDM-ALSTM also performed well with
RMSEgs ~92 %, ~91 %, and ~ 85 %, respectively, showing substantial
error reductions. VMD-GRU recorded RM SEgg ~ 59 %, indicating mod-
erate performance. LSTM, CLSTM, GRU, and ALSTM have much lower
RM SEgg, ranging from = 11 % to ~ 13 %, indicating they are less ef-
fective at reducing RM SE compared to the hybrid and decomposed
models. Similarly, the VMD-EWT-MRC-BiLSTM model also stand out in
DS metric, achieving ~ 96 %, which implies that it correctly predicts the
direction of price changes ~ 96 % of the time. VMD-LSTM follows with
DS =~ 87 %, and VMD-CLSTM with DS ~ 77 %, suggesting these mod-
els also have good directional prediction capability. On the other hand,
VMD-GRU and VMD-ALSTM show DS = 73 % and = 70 %, respectively,
showing reasonable performance. However, LSTM (DS ~ 62 %), CLSTM
(DS =~ 54 %), GRU (DS =~ 53 %), and ALSTM (DS =~ 53 %) perform
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Fig. 17. Histogram illustrating the frequency (in percentages) of absolute Prediction Errors (| PE|) of the best performing VMD-EWT-MRC-BiLSTM model during test
period compared with benchmarked models for the prediction of half-hourly EP.

significantly worse, indicating they are less reliable in predicting the
direction of price changes.

The predictive ability among all models was also evaluated using the
unconditional Giacomini-White test, illustrated in Fig. 19. The p—values
close to 0 (green colour) against all benchmark models suggest that
the VMD-EWT-MRC-BiLSTM model is significantly superior in predic-
tive accuracy. The absence of significant red areas in the first row
indicates that no benchmark model significantly outperforms the VMD-
EWT-MRC-BiLSTM model. VMD-LSTM displays a small red area against
VMD-CLSTM, indicating a case where VMD-CLSTM is slightly more accu-
rate. Furthermore, the hybrid models including VMD-LSTM, VMD-GRU,
VMD-CLSTM and VMD-ALSTM perform well against traditional models
(LSTM, CLSTM, GRU, ALSTM) with green areas.

According to numerous published scholars [102-104], hybrid mod-
els that integrate decomposition methods with advanced neural net-
works tend to outperform standalone models due to their ability to
capture complex patterns and temporal dependencies in data. In this
study, the enhanced performance reflects the contribution of the effec-
tive decomposition of input signals by VMD and EWT, which separate
various underlying mode functions and relevant features. Specifically,
VMD is effective in decomposing non-stationary signals into intrinsic
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mode functions, aiding in more accurate feature extraction for prediction
models [62]. At the same time, EWT is beneficial for analysing localised
variations in frequency components, making it suitable for electricity
price data which is often volatile [66]. These decompositions allow the
MRC and BiLSTM components to better capture temporal patterns and
dependencies in the electricity price data. These findings highlight the
importance of the hybrid approach for accurate modelling of electricity
prices, which are inherently volatile and influenced by numerous fac-
tors such as demand-supply dynamics, weather conditions, and market
regulations.

Despite promising results, the model performance may vary with
different datasets and market conditions. Additionally, due to the com-
plex nature of electricity prices, involving rapid price spikes, high
volatility, and seasonality, the overall performance of various types of
predictive models still continues to be competitive and cannot consis-
tently outperform one another [105]. Compared to previous studies
that employed single decomposition methods or standard neural net-
work architectures, our results demonstrate that hybrid or multi-stage
models are superior, which is in agreement with published scholars
[28,45,106,107]. This improvement is particularly evident when bench-
marked against price prediction models reported in recent literature,
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Fig. 18. The performance of the proposed VMD-EWT-MRC-BiLSTM model in comparison to other models using a) Skill score (RM S E ) and b) Directional symmetry
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Fig. 19. The p — values of the unconditional Giacomini-White test for superior
predictive ability between the VMD-EWT-MRC-BIiLSTM model and each of the
benchmark models. p—wvalues close to O represent cases where the predicted out-
put from the model on the x-axis is significantly more accurate than the forecast
on the y-axis.

such as standard GRU and LSTM [105,108] or single-decomposition
VMD-LSTM and VMD-GRU [109-112]. However, other studies stated
that hybrid models do not necessarily outperform their standalone coun-
terparts [113,114]. Therefore, additional exploration of this argument
is highly recommended.

5. Conclusion and recommendations

This study presents a novel deep hybrid model for electric-
ity price prediction, integrating Variational Modal Decomposition
(VMD), Empirical Wavelet Transform (EWT), Multi-scale Residual
Convolutional block (MRC), and Bidirectional Long Short-Term Memory
(BiLSTM). This hybrid approach aims to leverage the strengths of each
standalone algorithm in addressing the complex and non-linear na-
ture of electricity price data, offering a comprehensive framework that
improves prediction accuracy. The proposed VMD-EWT-MRC-BiLSTM
model was evaluated and bench-marked against other decomposition-
based and standalone models using a comprehensive set of performance
criteria.

The proposed VMD-EWT-MRC-BIiLSTM model represents a signifi-
cant advancement in the field of electricity price prediction. By effec-
tively blending decomposition techniques with advanced deep learning
architectures, the model addresses the complex nature of electricity
price data, achieving superior accurate and reliable predictions. The
comprehensive evaluation of the proposed hybrid model against several
decomposition-based and standalone alternatives has demonstrated its
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superior performance across a variety of metrics and time scales. This
research contributes to ongoing efforts to enhance predictive models in
the energy sector, offering substantial benefits for various stakeholders,
and providing the tool for more efficient and informed decision-making
processes. For instance, energy traders can have better decision-making,
allowing them to optimise their trading strategies and maximise prof-
its. Furthermore, utility companies can benefit from precise forecasts
to manage supply and demand more effectively, ensuring stability and
reducing the risk of blackouts. Regulators and policymakers can use
reliable price forecasts to design better market regulations and poli-
cies that promote fair competition and consumer protection. Finally,
researchers can build upon this hybrid approach to further enhance
predictive models in other domains of time series prediction.

There are multiple promising directions for future research that can
extend the contributions of this study. First, optimizing the model’s
parameters and refining its architectural design could lead to further im-
provements in forecasting performance. In particular, the current study
utilised empirical heuristics to determine decomposition parameters,
such as the number of modes (K) in Variational Mode Decomposition
(VMD) based on center frequency stabilization, and the number of bands
(N) in Empirical Wavelet Transform (EWT) determined using reconstruc-
tion error measured by RMSE. While these approaches are practical
and commonly used, they lack a systematic examination of parame-
ter sensitivity. Future work should include a comprehensive sensitivity
analysis to better understand the influence of these parameters on the
model’s output and to enhance the robustness, interpretability, and re-
producibility of the approach. In addition, future studies could focus
on minimizing the residual error between predicted and actual electric-
ity prices while also incorporating methods to estimate uncertainty at
various confidence levels. Incorporating error correction mechanisms
and probabilistic forecasting techniques could improve the accuracy and
reliability of the proposed model [115].

Another important direction involves the inclusion of additional ex-
ogenous variables such as weather data, electricity demand, generation
capacity, fuel prices, economic indicators, and social or policy-related
factors. Prior studies [13,113,116-118] have demonstrated that such
variables can improve model performance, and their integration could
further strengthen the forecasting capabilities of the proposed approach.
Developing real-time forecasting systems [119] based on the proposed
model would also offer substantial practical benefits, providing timely,
data-driven insights to electricity market stakeholders and grid oper-
ators, thus enhancing their ability to make informed operational and

Appendix A. Literature review

Table A.12 summarizes the recent state-of-the-art models for EP
prediction.
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strategic decisions. Furthermore, a more detailed analysis of how differ-
ent models perform under specific scenarios, such as sharp short-term
fluctuations or long-term trend turnarounds, is an important area for
future research. Exploring how models behave in response to sudden
price spikes, market crashes, or significant shifts in trends will provide
a deeper understanding of their strengths and weaknesses, ultimately
contributing to the optimization and practical application of these mod-
els. Finally, it is important to address the geographical limitation of the
current study. The model was trained and tested using data from South
Australia, and therefore its generalization to other regions with differ-
ent market structures or environmental conditions remains uncertain.
Future research should validate the proposed model using datasets from
various geographic areas, both within and beyond Australia, to assess
its scalability and applicability across diverse energy markets.
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Table A.12
Summary of recent models for E P prediction.
Ref. Model Inputs Prediction horizon Datasets Decomposition
algorithm
[56] STL-VMD-MLP RFR-TabNet half hourly lagged EP Short-term Australia STL and VMD
values
[120] VMD-GWO-ATT-LSTM Lagged price data Half-hourly Australia market VMD
[55] Multi-head self-attention 168 hourly lagged EP Day ahead Ontario electricity prices None
and Convolutional Neural values
networks
[121] Deep Graph Convolutional Lagged price data Half-hourly Market for India, EMD and WT
Neural Network (D-GCNN) Singapore and Australia
[122] LASSO Estimated Preceding 8 h of EP prices Day ahead Market for Ireland and None
AutoRegressive (LEAR) Northern Ireland
[123] (CNN-GRU) with an Cyclical time variables and Hourly German electricity None
attention mechanism other climatic variables market
[43] VMD-CLSTM-VMD-ERCRF Record of EP of the past Half-hourly Queensland, Australia VMD

24h
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Table A.12 (continued)
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Ref. Model Inputs Prediction horizon Datasets Decomposition
algorithm
[124] CNN-GRU Lagged EP, electricity load, Hourly Ontario electricity prices None
generation, import and
export, and weather data
[125] Quantile Regression and Lagged EP data and other Daily Iranian wholesale market None
Kalman Filter climatic variables
[126] Combined probability Lagged price data Half-hourly New South Wales, None
forecasting system (CPFS) Australia and Singapore
half-hourly electricity
price dataset
[127] ICEEMDAN-CNN-SSDAE Lagged price data Day ahead Australia market ICEEMDAN
[3] RF-IMD-ICEEMD-VMD-Bi- Historical data and other Daily Denmark market ICEEMD and VMD
LSTM Renewable energy variables
[39] CNN-LSTM 168 hourly lagged EP Day ahead Iranian electricity market None
values
[128] ACBFS-VMD-BOHB-LSTM Lagged price data Day ahead PJIM VMD
[14] VMD-Res.-EEMD-DE-ELM- Lagged price data Half-hourly Australia market VMD and EEMD
DE-ELM
[42] CNN-LSTM 24, 168, and 720 hourly Day, week, and month German electricity spot None
lagged EP values ahead price
[30] LSTM Record of EP for the past Four hours ahead Spanish electricity None
96 h dataset
[129] ARD-ETR 168 hourly lagged EP Short-term Nord pool market None
values
[28] VMD-CNN-GRU Record of EP of the past Hour ahead New York City in the VMD
24 h United States
[130] WT-SAE-LSTM 168 hourly lagged EP Short-term (Hour ahead) Shandong province WT
values
[131] ICEEMDAN-VMD-MOGWO- Lagged price data Half-hourly Australia market ICEEMDAN and VMD
ENN
[132] WT-Adam-LSTM 168 hourly lagged EP Hour ahead, Day ahead New South Wales of WT
values Australia and French
[133] MOBBSA-ANFIS 168 hourly lagged EP Short-term Ontario market None
values
[29] LSTM 24, 168, hourly lagged EP Hour and day ahead PJIM None
values
[41] CNN-LSTM Record of EP of the past Short-term (Hour ahead) PJM Regulation Zone None
24h Preliminary Billing Data
[35] FEEMD-VMD-FA-BP Lagged price data Half-hourly Australia market FEEMD and VMD
[134] RVMs-LR 24, 168, hourly lagged EP Day ahead New England Electricity None
values market
Data availability [12] Hamilton JD. Regime switching models. In: Macroeconometrics and time series

Data were acquired from AEMO (https://www.aemo.com.au/).
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