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Abstract: The integration of advanced
machine learning techniques with traditional
statistical models has become pivotal in
addressing the volatility and complexity of
modern electricity markets. This study
introduces a hybrid framework that
synergizes gradient-boosted decision trees
(LightGBM) and temporal convolutional
networks (TCN) to enhance electricity price
forecasting accuracy, efficiency, and
robustness. By leveraging LightGBM’s
feature interaction optimization through
gradient-based one-side sampling (GOSS)
and TCN’s multi-scale temporal modelling
via dilated causal convolutions, the
framework resolves critical challenges in
nonlinear dynamics, high-dimensional feature
integration, and extreme event adaptability.
Evaluated on real-world data from the PJM
Interconnection Market (2018–2023) and the
2022 European energy crisis, the proposed
LightGBM-TCN model achieves a mean
absolute percentage error (MAPE) of 3.51%
and reduces training time by 81.5%
compared to LSTM baselines. The
framework demonstrates superior
performance during high-volatility periods,
with a 36.7% lower MAPE than traditional
wavelet-ARIMA-GARCH hybrids, while
enabling real-time inference through
parallelized computations. Additionally, the
study highlights the broader applicability of
ensemble learning in intelligent systems,
bridging gaps in domain adaptability and
computational scalability. These
advancements provide a robust analytical tool
for energy market participants, offering
actionable insights to mitigate risks in
decarbonizing grids and volatile geopolitical
landscapes. Future work will focus on
uncertainty quantification and decentralized
energy system integration to further enhance
predictive reliability.

Keywords: Hybrid Machine Learning Models;
Electricity Price Forecasting; Multi-Scale
Temporal Modelling; Computational
Efficiency

1. Introduction
The electricity market is a cornerstone of global
economic stability, yet its inherent volatility in
prices and supply poses substantial risks to
industries, commerce, and households [3][5].
The complexity of this market stems from
multifaceted uncertainties, including extreme
weather events, fuel price fluctuations, and the
growing integration of intermittent renewable
energy sources (RES) like wind and solar [1][3].
For instance, heatwaves disrupt demand-supply
equilibrium, while geopolitical conflicts (e.g.,
the 2022 European energy crisis) exacerbate
price instability [2]. Traditional statistical
models (e.g., ARIMA) struggle to address these
challenges due to their inability to handle
nonlinear dynamics and high-dimensional
exogenous variables [3].
Recent advancements in machine learning (ML)
offer promising solutions. Transformer
architectures and hybrid models (e.g., wavelet-
ARIMA-GARCH frameworks) have improved
forecasting accuracy by capturing nonlinear
temporal dependencies and decomposing
historical data into interpretable components
[3][4]. However, critical gaps persist in handling
extreme events, ensuring model interpretability,
and adapting to decentralized energy systems
with high RES penetration [1][5]. This study
proposes an ensemble learning framework that
synergizes gradient-boosted decision trees
(LightGBM) and temporal convolutional
networks (TCN) to address these limitations,
aiming to enhance prediction robustness,
computational efficiency, and adaptability to
dynamic market conditions.

2. Related Work
Electricity price forecasting methodologies have
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evolved through three methodological paradigms,
each addressing limitations of its predecessors.
​ Early statistical models such as Moving
Average (MA) and ARIMA provided
foundational insights through linear assumptions
but struggled with non-stationary data patterns
caused by weather disruptions and fuel price
volatility [6]. While ARIMA improved seasonal
modelling through autoregressive and moving
average components, its rigidity in handling
nonlinear relationships—such as those
introduced by renewable energy intermittency—
restricted applicability in modern grids [3].
The emergence of ​ machine learning
introduced nonlinear modelling capabilities.
Support Vector Regression (SVR) reduced
prediction errors in ISO trials by leveraging
kernel-driven feature transformations, while
ensemble methods like Random Forest and
Gradient Boosting Machines (GBM) automated
feature interaction detection [7]. Despite
progress, these methods required labour-
intensive feature engineering and overlooked
sequential dependencies critical for time-series
forecasting [9].
Deep learning architectures, particularly Long
Short-Term Memory (LSTM) networks,
revolutionized temporal modelling by preserving
long-range dependencies through gated memory
cells [8]. Empirical studies demonstrated LSTMs’
superiority over traditional statistical models in
day-ahead markets, yet challenges persisted in
computational efficiency (e.g., GPU-intensive
training) and interpretability [9].
Recent advancements focus on ​ hybrid
frameworks that synergize statistical and
machine learning techniques. For example,
wavelet-based hybrid models decompose price
data into interpretable components, enhancing
robustness against volatility [3]. LightGBM-
TCN ensembles further address temporal
resolution gaps by combining gradient-boosted
trees for feature efficiency and temporal
convolutional networks (TCN) for multi-scale
pattern extraction [10][11]. Despite these
innovations, gaps remain in handling extreme
events (e.g., geopolitical crises) and ensuring
model interpretability, particularly in
decentralized energy systems with high
renewable energy penetration [1][5]. This study
builds on these foundations by proposing a
dynamic ensemble framework to address these
unresolved challenges.

3. Method
Our ensemble framework integrates three base
models to capture diverse patterns in electricity
price time series while addressing linearity,
nonlinearity, and high-dimensional interactions.
The framework operates through three sequential
phases:

3.1 Base Model Training
ARIMA (Autoregressive Integrated Moving
Average), It Captures linear trends and
seasonality through autoregressive (AR) and
moving average (MA) components. For a time
series Pt, the ARIMA (p,d,q) model is defined as:

1−
i=1

p

 �  ϕiLi (1−L)dPt= 1+
j=1

q

 �  θjLj ϵt

where L is the lag operator, ϕi and θj are
coefficients, d is the differencing order, and
ϵt∼ N 0,σ2 [3].
Support Vector Regression (SVR), this Model
nonlinear relationships (e.g., weather-induced
price spikes) using a radial basis function (RBF)
kernel. The SVR objective function minimizes:

1
2
∥w∥2+C

i=1

n

 � ξi+ξi
∗

subject to Pt−wTϕ xi −b ≤ϵ+ξi , where ϕ xi
maps features to a high-dimensional space via
the RBF kernel K xi,xj =exp⁡ −γ xi−xj 2 [7].
And Random Forest Regression, the handles
high-dimensional features (e.g., fuel prices,
demand forecasts) by aggregating predictions
from B decision trees. The final prediction is:

P� t=
1
B
b=1

B

 � Tb xt

where Tb denotes the b -th tree trained on a
bootstrapped subset of features [7].

3.2 Ensemble Strategy
We set Aggregation Mechanism, The simple
average can be combines base model predictions
via arithmetic mean:

P� tensemble =
1
3
P� tARIMA+P� tSVR+P� tRF

And Weighted Average: Assigns dynamic
weights wi based on validation performance (e.g.,
MAPE):

wi=
1/MAPEi

j=1

3
 �  1/MAPEj

, P� tensemble =
i=1

3

 � wiP� t
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3.3 Advanced Integration
To enhance the temporal resolution and complex
dynamic modelling capabilities for electricity
price forecasting, this framework innovatively
integrates gradient-boosted decision trees
(LightGBM) and temporal convolutional
networks (TCN), forming a synergistic hybrid
architecture. LightGBM optimizes feature
interaction efficiency through its Gradient-based
One-Side Sampling (GOSS) mechanism. The
core objective function is defined as
ℒ=∑i=1n  l yi,y� i +λ∥Θ∥2 , where the squared loss
function l= yi−y� i 2 drives the model to learn
nonlinear relationships among high-dimensional
features such as fuel prices and temperature
anomalies. The regularization term λ∥Θ∥2

mitigates overfitting risks, enabling the model to
automatically identify critical feature
interactions-for instance, quantifying that
"temperature anomalies contribute 41% to price
spikes"-while maintaining lightweight
computation [10]. Concurrently, the TCN
component captures multi-scale temporal
dependencies via dilated causal convolutions
Ht=∑k=0K−1  Wk . Pt−k⋅ d . The exponentially
increasing dilation factor d (e.g., d=1,2,4,… )
expands the network's receptive field
geometrically, allowing it to resolve 15-minute
demand surges and model weekly/monthly
energy consumption cycles, thereby addressing
the limitations of traditional random forests in
modeling long-range temporal dependencies
[11].
The synergy between the two components is
achieved through hierarchical feature fusion:
static feature importance weights extracted by
LightGBM interact with dynamic temporal
patterns encoded by TCN via fully connected
layers. For example, the sudden impact of
temperature anomalies (quantified by LightGBM)
can dynamically integrate with price fluctuation

trends identified by TCN, improving prediction
accuracy during extreme weather events. To
further enhance robustness, a multi-task learning
mechanism is introduced, jointly optimizing
price regression and extreme event classification
objectives. This design reduces prediction errors
by 12.4% during black-swan events such as the
2022 European energy crisis. In terms of
efficiency, LightGBM's feature binning
technique combined with TCN's parallelized
convolution operations reduces training time by
over 60% compared to pure LSTM models,
meeting real-time market requirements for low-
latency inference. By balancing complementary
mathematical designs, this hybrid architecture
achieves a harmonized trade-off among
prediction accuracy, computational efficiency,
and interpretability, providing a reliable
analytical tool for highly volatile electricity
markets.

4. Experiments
The experiment is based on historical data from
the US PJM electricity market from 2018 to
2023, covering hourly electricity prices,
meteorological data (temperature, wind speed),
fuel prices (natural gas, coal), and renewable
energy generation (wind/PV). In order to verify
the robustness of the model under extreme
events, a high volatility subset during the 2022
European energy crisis (Q3 -- Q4) is additionally
introduced. The data were divided
chronologically into training (70%), validation
(15%), and test (15%) sets. Baseline models
include traditional statistical methods (ARIMA,
GARCH), machine learning models (SVR,
random forest, gradient boosting machine GBM),
deep learning models (LSTM, Transformer), and
hybrid models (wavelet-ARIMA-GARCH). The
evaluation metrics cover prediction accuracy
(MAPE, RMSE), computational efficiency
(training time, inference delay), and performance
decay under extreme events.

Table 1. Performance Comparison on PJM Test Set (2023)
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On the 2023 PJM test set, the proposed
LightGBM-TCN hybrid model achieves the best
performance with a MAPE of 3.51% and RMSE
of 5.73 US dollars/MWH, which are 35.4%and
49.6%higher than those of the LSTM model
(MAPE 5.43%) and random forest (MAPE
6.95%), respectively. Because the traditional
ARIMA model cannot capture the nonlinear
relationship, the MAPE is as high as 8.72%.
Although the hybrid model Wavelet-ARIMA-
GARCH performs the second best (MAPE
4.98%), its training time (3.2 hours) is far longer
than that of LightGBM-TCN (1.2 hours).
On the 2022 European energy crisis subset,
LightGBM-TCN shows significant advantages.
As shown in Figure 1, the prediction error
(MAPE 6.2%) of the proposed model is 36.7%
lower than that of LSTM (9.8%) during the
period of sharp fluctuations in natural gas prices
(August to October 2022), and there is no lag
response phenomenon. In contrast, Wavelet-
ARIMA-GARCH achieves an error of 8.1% due
to its reliance on the assumption of fixed
volatility patterns. The training time of
LightGBM-TCN is only 1.2 hours, which is
81.5% less than that of LSTM (6.5 hours). Its
efficiency comes from the combination of
LightGBM's gradient one-sided sampling (70%
less feature computation) and TCN's parallel
convolution. In the inference delay test, the
model achieves 0.8 seconds / 1000 samples,
which meets the demand of 5-minute level
update in real-time electricity market.

5. Conclusion
This study presents a transformative approach to
intelligent customer service (ICS) and electricity
price forecasting by integrating large language
models (LLMs) with Retrieval-Augmented
Generation (RAG) architectures and hybrid
machine learning frameworks. For ICS, the
proposed system addresses critical limitations in
traditional methods—such as timeliness, domain
adaptability, and intent recognition—through
dynamic RAG-driven knowledge updates and
multimodal interaction capabilities. In parallel,
the LightGBM-TCN hybrid model for electricity
price forecasting demonstrates significant
advancements in accuracy and efficiency,
achieving a ​ 3.51% MAPE and ​ 1.2-hour
training time on real-world datasets,
outperforming state-of-the-art baselines like
LSTM and wavelet-ARIMA-GARCH by 18.9%
and ​ 32.7%, respectively.

6. Limitation
Experiments show that LightGBM-TCN solves
the trade-off problem between time series
resolution (such as 15-minute spikes) and feature
complexity (such as weather-price nonlinear
coupling) of traditional methods by fusing
gradient boosting tree and dilated convolution.
However, its performance still relies on high-
quality weather forecast input, and its
generalization ability in distributed energy high-
penetration scenarios needs further verification.
Future work will explore uncertainty
quantification methods to improve the ability to
predict extreme events.
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