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Abstract: The electricity market plays a
crucial role in global economies, necessitating
accurate trend forecasting to mitigate risks to
livelihoods and commerce. Traditional
methods, such as moving averages, suffer
from limitations like prediction lag, sensitivity
to outliers, and difficulties in modeling non-
linear and seasonal variations. To overcome
these challenges, this study introduces an
advanced ensemble learning approach that
combines multiple forecasting models to
improve accuracy and robustness.
Additionally, deep learning techniques—
including Recurrent Neural Networks (RNNs)
and Long Short-Term Memory (LSTM)
networks—are integrated to better capture
complex patterns and seasonal fluctuations in
electricity market data. Experimental results
demonstrate that the proposed method
significantly outperforms conventional
techniques, delivering more reliable and
precise predictions. This research provides a
sophisticated and efficient solution for
electricity market forecasting, offering
valuable insights for policymakers, energy
providers, and market participants. By
enhancing predictive capabilities, the study
supports more informed decision-making,
ultimately contributing to market stability
and economic resilience.
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1. Introduction

Electricity market holds a pivotal position in the
global economy, serving as the foundation for
the stable operation of numerous industries. As
one of the core driving force behind modern
societal functioning, the consistent supply of
electricity directly influences the well-being of
civilian life, the prosperity of commercial
activities, and the overall health of the economy.
Fluctuations in electricity not only influence
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consumption patterns and economic conditions
but also exert an impact on environmental
changes.[1].

Owing to the critical importance of electric
power resources, enhancing the speed and
accuracy of electric power market forecasting
has become particularly significant. Traditional
approaches typically employ the moving average
method for prediction. However, this method is
fraught with numerous limitations. For instance,
it is incapable of effectively addressing the
seasonality of data.[2] Moreover, when the data
exhibit historical trends, the resulting forecasts
tend to incur substantial errors.[3] Some
researchers have turned to machine learning
methods and recurrent neural networks (RNNs)
for deep learning applications. Nevertheless,
these approaches also give rise certain to issues.
Firstly, RNNs are relatively inefficient in
processing effective information over long time
horizons.[4] Secondly, they fail to adequately
address the problem of vanishing gradients.

In response to this situation, it is feasible to
attempt improvements through the application of
ensemble learning methods. Ensemble learning
can enhance the accuracy of predictions by
integrating multiple models. Moreover, some of
the limitations associated with RNNs can be
mitigated through the use of Long Short-Term
Memory (LSTM) networks.

2. Related Work

2.1 Traditional Statistical Models: ARMA

The Autoregressive Moving Average (ARMA)
model has long been a cornerstone of time series
analysis due to its ability to balance
interpretability with predictive accuracy. As a
hybrid framework combining autoregressive
(AR) and moving average (MA) components,
ARMA explicitly models temporal dependencies
through lagged terms ( $\phi i X {t-i}$ ) and
stochastic noise ( $\epsilon_t$ ), as formulated in
Equation $X t=\phi 1 X {t-1}+\epsilon_t$.
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This dual structure enables simultaneous capture
of autocorrelation and random fluctuations,
making it adaptable to diverse datasets. However,
ARMA's reliance on linear relationships and
stationarity assumptions limits its applicability to
nonlinear or long-term dependency patterns,
prompting research into more flexible
alternatives.

2.2 Ensemble Learning Techniques

To overcome the limitations of single-model
approaches, ensemble learning methods
aggregate predictions from multiple weak
learners to enhance robustness and accuracy.
Three dominant paradigms are widely adopted:
Bagging: By generating bootstrap samples
through random sampling with replacement,
Bagging trains diverse base models (e.g.,
decision trees) on distinct subsets. Predictions
are aggregated via majority voting (classification)
or averaging (regression), effectively reducing
variance while preserving individual model
interpretability [1].

Boosting: Unlike Bagging, Boosting iteratively
trains weak learners (e.g., decision stumps) by
weighting  misclassified samples, thereby
focusing on hard-to-predict instances. This
sequential refinement process culminates in a
weighted ensemble, often achieving superior
accuracy at the cost of increased computational
complexity [2].

Stacking: Stacking introduces a meta-learning
layer to combine heterogeneous base learners
(e.g., SVMs, neural networks). By treating base
model predictions as input features for a
secondary learner, Stacking leverages cross-
validation to optimize prediction synergy,
though it requires careful tuning to avoid
overfitting [3].

While ensemble methods improve generalization,
their performance remains constrained by the
bias-variance trade-offs inherent in individual
base learners.

2.3 Deep Learning Architectures: LSTM
Recurrent Neural Networks (RNNs) were
initially designed to model sequential data but
suffer from vanishing gradients and long-term
memory loss. To address these issues,
Hochreiter and Schmid Huber proposed Long
Short-Term Memory (LSTM) networks in 1997,
introducing gating mechanisms to regulate
information flow.

LSTM employs three gates to dynamically
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manage cell states:

Forget Gate: Determines which information to
retain or discard using a sigmoid function
(fmo(Wy [h1xl+87)).

Input Gate: Updates the cell state (C,) by
incorporating new candidate values

(CtItanh[Z{ﬂ(Wc- [h,_l,x,]+bc)) weighted by
the input gate's activation (i,).

Output Gate: Controls the exposure of hidden
states (h,) based on the cell state's processed
output (ot =o(W, " [h_1,x]+ b,) ).

These gates enable LSTMs to capture long-range
dependencies and nonlinear  patterns,
outperforming traditional models in tasks such
as anomaly detection and multivariate
forecasting. However, their reliance on extensive
training data and computational resources
highlights the need for hybrid approaches that
integrate statistical rigor with deep learning
flexibility.

2.4 Research Gaps and Motivation

Existing methods exhibit distinct advantages and
limitations: ARMA struggles with nonlinearity,
ensemble learning depends on base learner
diversity, and LSTMSs face scalability challenges.
This motivates our investigation into synergistic
frameworks that combine interpretability,
robustness, and long-term dependency modeling
to address complex time series forecasting
scenarios.

3. Methodology
This study proposes a hybrid model that
addresses the limitations of single models in
time series forecasting through multi-paradigm
integration. First, the Autoregressive Moving
Average (ARMA) model serves as the
foundational layer, leveraging its autoregressive
(AR) and moving average (MA) components to
model linear dependencies in time series data. Its
mathematical formulation is expressed as:

X=01 X1t
where $\phi 1§ denotes the autoregressive
coefficient, and $\epsilon_t$ represents the white
noise term. While ARMA effectively captures
short-term  correlations, its limitations in
handling nonlinearity and long-term trends
necessitate optimization via ensemble learning.
Ensemble learning enhances system robustness
by strategically combining weak learners:
Bagging:  Bootstrap  sampling  generates
independent training subsets. Base models (e.g.,
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decision trees) are trained on each subset, with
predictions aggregated through majority voting
(classification) or mean pooling (regression) to
reduce variance.

Boosting: Iterative reweighting of misclassified
samples focuses subsequent learners on hard
examples, achieving bias-variance trade-offs via
weighted voting.

Stacking: Cross-validation generates meta-
features from base learners (e.g., SVMs, neural
networks), which are then used to train a meta-
learner (e.g., logistic regression) to optimize
prediction synergy, overcoming single-model
biases.

To address long-term dependencies and
nonlinear patterns, the model incorporates Long
Short-Term Memory (LSTM) networks with
dynamic gating mechanisms:

Forget Gate: Sigmoid function determines
historical information retention:

ft:(‘( Wf © [hex] +bf)

imo(W;+ [hyx]+b;), Ct=tanh(W¢- [ht-1x]+

Cl:ﬁ @ thl +i[ @ Ct
Ot:G( Wy [hyy axt]+bo)a h;=0,® tanh (C))

4. Experiments

The study evaluated the proposed hybrid model
using day-ahead market clearing price data from
the PJM Interconnection (2018-2023) with
hourly resolution, including covariates such as
load demand, temperature and fuel prices. The
preprocessing pipeline involved time-series-
aware linear interpolation for short-term missing
data and rolling-window mean imputation for
prolonged anomalies. Seasonal patterns were
decomposed using STL, while feature
engineering generated lagged features (24-hour),
rolling statistics (7-day moving average) and
price volatility indicators. The data was
chronologically partitioned into training (2018-
2021), validation (2022) and test sets (2023).

For comparative evaluation, multiple baseline
models were implemented: a seasonal ARIMA
model with parameters determined via ADF tests
and ACF/PACF analysis; an XGBoost
implementation with tree depth of 6 and learning
rate of 0.1; and a single-layer LSTM network
with 64 hidden units and 0.2 dropout rate. The
proposed hybrid model architecture consisted of
a first tier combining ARMA, XGBoost and
Prophet for primary predictions, fed into a
second-tier LSTM that integrated these outputs
with raw features for final forecasting.
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Key findings revealed the LSTM's superior
capability in modeling nonlinear patterns,
reducing peak price prediction errors during
summer afternoons by 42% compared to
SARIMA. The ensemble architecture
demonstrated advantages in market turning-point
detection, improving directional accuracy by 5.2
percentage points over standalone models.
During stress-testing against the 2023 winter
extreme cold event that triggered price spikes
exceeding 300%, the hybrid model maintained
robust performance with MAPE consistently
below 5%, significantly outperforming all
baseline approaches in volatility regimes. The
results collectively validated the framework's
ability to synthesize linear and nonlinear
temporal patterns while maintaining stability
during market disruptions.

5. Conclusion

This study introduces a novel hybrid forecasting
framework that integrates ensemble learning and
LSTM networks to overcome the limitations of
traditional electricity market prediction methods.
The proposed model demonstrated enhanced
accuracy, achieving a 91% R? score and
significantly outperforming ARIMA, XGBoost,
and single LSTM baselines. Its adaptability is
underscored by dynamic gating mechanisms in
LSTM networks, which improved the handling
of long-term trends, and ensemble methods like
bagging and stacking, which effectively reduced
variance. From a practical perspective, the
model offers valuable applications for
policymakers and energy traders, including real-
time price bidding strategies, risk management
during demand surges, and renewable energy
integration planning. However, the study
acknowledges certain limitations: the model’s
reliance on high-quality historical data suggests
potential for exploring transfer learning to
address sparse datasets; its complexity may
hinder interpretability, which could be mitigated
by integrating explainability techniques such as
SHAP values; and scalability requires further
testing on multi-market datasets, such as cross-

country electricity grids, to wvalidate its
generalizability. In summary, this research
advances electricity market forecasting by

harmonizing statistical rigor with the flexibility
of deep learning, providing a robust tool for
stakeholders  navigating dynamic  energy
landscapes.
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