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Abstract

To address the high volatility of spot market prices and the feature extraction limitations of
single models, a short-term electricity price forecasting method based on a reinforcement
learning dynamic soft ensemble strategy is proposed. First, a complementary dual-branch
architecture is constructed: the CNN-LSTM-Attention branch mines local temporal fea-
tures, while the Transformer branch captures long-range global dependencies. Second, the
Q-learning algorithm is introduced to model weight optimization as a Markov Decision
Process. An intelligent agent perceives fluctuation states to adaptively allocate weights,
overcoming the rigidity of traditional ensembles. Case studies on PJM market data demon-
strate that the proposed model outperforms advanced benchmarks in MAE and RMSE
metrics. Notably, prediction accuracy is significantly improved during price spikes and
negative price periods. The results verify that the strategy effectively copes with market
concept drift, supporting reliable bidding and risk mitigation.

Keywords: short-term electricity price forecasting; dynamic soft ensemble strategy;
reinforcement learning; multi-architecture fusion; negative electricity prices; dynamic
weight allocation

1. Introduction

With the deepening of market-oriented reforms in the electricity sector, a diversified
competitive landscape centered on the spot market has initially taken shape [1,2]. In the new
power system, influenced by the high integration of renewable energy and instantaneous
changes in supply and demand, electricity price sequences exhibit characteristics of strong
volatility [3], non-stationarity, and multiple time scales. Extreme phenomena, such as the
coexistence of “negative electricity prices” and price spikes, occur frequently [4,5]. Negative
electricity prices typically arise when high renewable energy generation (e.g., wind and
solar) coincides with periods of low electricity demand. Under these conditions, inflexible
baseload generators (such as nuclear or large coal units) often bid negatively to avoid the
high economic and technical costs associated with shutting down and restarting, resulting
in negative clearing prices. As the guiding signal for market resource allocation, price
volatility directly impacts the operating efficiency of generation and sales companies and
the energy costs of users. Therefore, constructing a short-term electricity price forecasting
model with high precision and strong robustness is not only a guarantee for the efficient
operation of the electricity market but also a key technical means for market entities to
formulate scientific bidding strategies and mitigate spot market price risks.
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Currently, electricity price forecasting technologies are mainly categorized into sta-
tistical methods and artificial intelligence methods. Early statistical methods, such as
Autoregressive Integrated Moving Average (ARIMA) [6] and Generalized Autoregressive
Conditional Heteroskedasticity (GARCH) models, as well as shallow machine learning
models like Support Vector Machines (SVMs), possess certain advantages when processing
stationary sequences. However, when facing massive, high-dimensional, and nonlinear
electricity price time-series data, the feature extraction capabilities and generalization per-
formance of such models often fail to meet the requirements for high-precision forecasting.

In recent years, deep learning technology has become mainstream [7,8] due to its pow-
erful nonlinear mapping capabilities. Convolutional Neural Networks (CNNs) [9], due to
their local perception characteristics, can effectively capture short-term fluctuation patterns
of electricity prices; Long Short-Term Memory (LSTM) networks solve the long-sequence
dependency problem through gating mechanisms; and the Transformer architecture further
achieves parallel capture of global dependencies in sequences via multi-head self-attention
mechanisms [10,11]. However, single models often struggle to balance local abrupt changes
and global trends: CNNs and LSTMs find it difficult to capture long-range dependencies,
while Transformers have relatively insufficient sensitivity [12,13] when extracting local
extreme features, leading to limited prediction accuracy at price spikes.

To break through the performance bottlenecks of single models, combination predic-
tion strategies have emerged. Existing studies mostly employ linear weighting or static
ensemble methods [14] based on the inverse of errors. However, the electricity market
environment possesses significant “concept drift” characteristics [15]—meaning data dis-
tribution dynamically switches between stable periods, oscillating periods, and extreme
negative price periods. Traditional static weighting strategies lack environmental per-
ception capabilities and cannot adjust model emphasis in a timely manner when market
states shift, leading to significantly amplified prediction deviations. Unlike existing static
ensemble methods that rely on fixed weights or global error minimization, the proposed
framework introduces a state-aware agent. This agent dynamically adjusts the fusion strat-
egy at each time step, specifically targeting local volatility shifts that traditional methods
fail to capture.

To address the aforementioned challenges, this paper proposes a short-term electric-
ity price forecasting method based on a reinforcement learning dynamic soft ensemble
strategy. Distinct from traditional static ensembles, this paper models the dynamic op-
timization problem of multi-model weights as a Markov Decision Process (MDP). First,
a complementary dual-branch prediction architecture containing CNN-LSTM-Attention
and the Transformer is constructed, which are responsible for the refined extraction of
local temporal features and global long-range dependencies, respectively. Second, an
intelligent ensemble agent based on Q-learning [16-18] is designed. By perceiving elec-
tricity price fluctuation states (stable, oscillating, or extreme) in real time, it adaptively
learns the optimal weight allocation strategy through interaction with the environment.
This method endows the prediction model with environmental perception and dynamic
decision-making capabilities, effectively solving the problem of prediction inaccuracy dur-
ing negative electricity prices and peak moments, providing a new engineering solution
for electricity price forecasting in complex market environments. The remainder of this
paper is organized as follows: Section 2 details the proposed dual-branch deep learning
architecture, the reinforcement learning-based dynamic ensemble strategy, and the data
description. Section 3 focuses on the experimental results, including performance analysis
under extreme market conditions. Section 4 discusses the mechanism analysis and practical
implications. Finally, Section 5 concludes the paper.
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2. Methodology
2.1. Dual-Branch Deep Learning Architecture

The proposed soft ensemble strategy is built upon the complementary advantages of
heterogeneous neural networks. This section details the mathematical characteristics of
each fundamental component.

2.1.1. CNN-LSTM Module

The first component of the dual-branch architecture adopts a series structure of Convo-
lutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, which
are designed to extract local fluctuation features and short-term temporal dependencies.
The model first utilizes CNN convolutional layers to perform local feature extraction on
the input price sequence, filtering out high-frequency random noise via weight sharing and
extracting underlying local trend features. The processed feature vectors are then fed into
the LSTM network. Through gating mechanisms, LSTM effectively addresses the vanishing
gradient problem in long-sequence training. The specific structure is illustrated in Figure 1.
The state update formulas for the LSTM unit are as follows:

fr = o(Wg - [hy—1, x¢] + by)

i = U'(Wi . [l’lt_1, xt] + bl)

Cvt = tal’lh(WC : [ht—ll xt] + bC)
Ci = fr* Cr1 +ir x Cy

0y = O’(Wo . [ht_l,xt] + bo)

hy = o x tanh(Cy),

(1)

where x; represents the CNN feature input; ;_; is the hidden state at the previous time
step; Cy and @ denote the cell state and candidate cell state, respectively; f;, i;, and o; are
the states of the forget gate, input gate, and output gate, respectively; W and b represent
the weight matrices and bias vectors corresponding to each state; o denotes the Sigmoid
activation function; and * represents the Hadamard product.

— h,

Xt
Figure 1. Schematic diagram of the LSTM unit structure.

2.1.2. Integration of Attention Mechanism

To complete the first branch and significantly enhance its ability to capture critical
information such as price spikes, an Attention mechanism is introduced subsequent to the
LSTM layer. This integration forms the CNN-LSTM-Attention branch [19]. The mechanism
dynamically allocates weights to time steps by calculating the correlation between query
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and key vectors, allowing the model to focus on historical moments with the greatest
impact on future prices. The mathematical expression is calculated as follows:

. QKT
Attention(Q, K, V) = softmax| =— |V, ()

Vg
where Q, K, and V represent the query vector, key vector, and value vector, respectively; dj
denotes the dimension of the key vector [20]; and +/d serves as the scaling factor.

2.1.3. Transformer Branch

The second branch employs the Transformer architecture [21], which is designed to
overcome the time-step limitations of recurrent networks and capture long-range global
dependencies of the electricity price sequence in parallel. Unlike the recursive processing
of LSTM, the Transformer is based entirely on the multi-head self-attention mechanism,
enabling it to directly associate distant historical price features with the current prediction
target across the temporal dimension. The structure of the multi-head attention mechanism
is illustrated in Figure 2.
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Figure 2. Structure of the multi-head attention mechanism.

The specific architectural hyperparameters for both branches, including the lookback
window size, CNN kernel settings, and attention head configurations, are detailed in
Section 2.3.

2.2. Reinforcement Learning-Based Soft Ensemble Strategy
2.2.1. Soft Ensemble Framework

To address the varying adaptability of single models across different market environ-
ments, this study proposes a soft ensemble framework that integrates dual-branch parallel
prediction with dynamic weight optimization. The overall architecture and workflow are
illustrated in Figure 3.
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Figure 3. Dynamic soft ensemble forecasting framework based on reinforcement learning.

The process involves three specific stages:

Dual-Branch Prediction: Preprocessed sequences are fed into both the CNN-LSTM-
Attention branch and the Transformer branch to generate basic predictions §;,, ; and
yAglobal,t, respectively;

Dynamic Weight Optimization: An Ensemble Agent utilizes the Q-learning algorithm
to dynamically determine the optimal weight coefficient w; based on the current
fluctuation state;

Weighted Fusion and Feedback: The final prediction result is derived using the
weighted fusion formula:

yfinul,t = Wt 9locul,t + (1 - wt) ' yglobal,tr (3)

where the prediction error is subsequently used to construct a reward signal to update
the agent’s strategy online.

2.2.2. Dynamic Weight Optimization via Q-Learning

The electricity spot market exhibits significant “concept drift” characteristics. To enable

the model to actively adapt to environmental changes, the dynamic weight allocation
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problem is modeled as a Markov Decision Process (MDP) [22] and solved using the Q-
learning algorithm. The specific definitions are as follows:

e  State Space (S): The state S; characterizes the market fluctuation environment at
time t. The standard deviation o; calculated over a 24-h sliding window of historical
prices serves as the observation value. Based on thresholds 6; and 65, the continuous
volatility is discretized into three typical market states:

0 (Stable), if oy < 01
St = {1 (Oscillating), if6; < 0; < 6y, 4)
2 (Extreme), if oy > 6,

e  Action Space (A): The action a; represents the weight coefficient w; of the CNN-LSTM-
Attention branch. To balance computational efficiency and optimization precision, the
continuous weight interval [0, 1] is discretized into N candidate values:

A=1{00,01,...,1.0}, 6)

Upon selecting action a;, the weight for the Transformer branch is automatically set to
1-— Wt.

e Reward Function (R): A compound reward mechanism is designed to guide the
model toward reducing overall error while penalizing prediction failures. As shown
in Equation (6), a positive reward is granted if the prediction error decreases (i.e.,
e; < e;_1); otherwise, a penalty is applied. An additional heavy penalty A is imposed
via the indicator function I(-) when the true price y; exceeds the spike threshold ¢ or
drops below zero:

+1, if er < €1
Tip1 = o (6)
—1—A-I(Jys|>dVy: <0), otherwise

e Strategy Update: The agent maintains a Q-table Q(s, 2) and updates it online using
the Bellman equation to minimize the temporal difference error:

Q(st,ar) < Q(se, ar) + IX[VtH + ’Ymaxa'Q(StH/a/) - Q(Str”t)]r @)

where « is the learning rate and v is the discount factor. An e-greedy strategy is
employed to balance exploration and exploitation.

2.3. Experimental Setup and Evaluation Metrics

Experiments were conducted on a GPU-based computing platform using the Tensor-
Flow 2.0 deep learning framework. Model training utilized the Adam optimizer [23] with
an initial learning rate of 0.001 and a batch size of 64. Early stopping was implemented to
prevent overfitting [24]. In the reinforcement learning module, the state space discretization
thresholds were set to 61 = 5 and 6, = 15, determined by the 50th and 90th percentiles
of the historical volatility distribution, respectively; the learning rate « was set to 0.1, and
the discount factor -y was set to 0.9. Regarding the reward function, the penalty coefficient
A was set to 10, and the spike threshold é was defined as the mean plus three standard
deviations (y + 30) of the historical window.

Specifically, the model input was set to a lookback window of 168 h to effectively
capture weekly periodicities, and the forecast horizon was set to 1 h (single-step prediction).
The Mean Squared Error (MSE) was utilized as the loss function for model training. In terms
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of network architecture, the CNN-LSTM-Attention branch employs 64 convolutional filters
(kernel size of 3) followed by 128 LSTM hidden units. Parallelly, the Transformer branch is
configured with 2 encoder layers, 4 attention heads, and a feed-forward dimension of 256
with a dropout rate of 0.1.

To quantitatively assess forecasting performance, the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) were
employed as core evaluation metrics:

T

1
MAE = — Y " |ly; — i/, (®)
thl
1& 2
RMSE = | %) (y: = )", ©)
t=1
_ 1 d yt*yt o
MAPE = —) " 15— | x 100%, (10)
T=l v

where T denotes the total number of samples in the test set, y; represents the actual
electricity price at time ¢, and #; is the predicted value.

It is important to note that the MAPE metric can be numerically unstable or undefined
when actual prices (y;) approach zero, and it lacks physical interpretability for negative
prices. Therefore, while we report MAPE for overall performance comparison, this study
prioritizes MAE and RMSE for the evaluation of negative price periods and spike scenarios.
These metrics provide a robust measure of absolute error magnitude regardless of the
price polarity.

2.4. Data Description and Preprocessing

This study utilizes public market data from the PJM Interconnection [25,26]. The
dataset covers the period from 1 January 2023 to 31 December 2024 at an hourly resolution,
totaling 17,544 sample points. To intuitively illustrate the market characteristics prior
to modeling, a representative price sequence is visualized in Figure 4. As shown, the
dataset exhibits significant non-stationarity and multi-scale volatility. Influenced by the
instantaneous balance between supply and demand and the high penetration of renewable
energy, the price sequence demonstrates frequent irregular fluctuations. Notably, the data
is characterized by an extreme distribution where price spikes and negative electricity
prices coexist.

To fully capture the evolution patterns of electricity prices, the model input features
include multi-source variables such as historical price sequences, system load forecasts,
and zonal load forecasts. In the preprocessing stage, the Min-Max normalization method
is employed to map all data into the [-1, 1] range. To strictly prevent future information
leakage, the scaler is fitted solely on the training dataset. The validation and test datasets
are subsequently transformed using the statistical parameters derived from the training set.
Finally, the dataset is partitioned in chronological order, as detailed in Table 1.
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Figure 4. Visualization of typical electricity price fluctuations in the PJM market (representative
700—h window).

Table 1. Dataset partition and sample distribution of the PJM electricity market.

Dataset Time Period Sample Size
Training Set 1 January 2023-30 June 2024 13,128
Validation Set 1 July 2024-30 September 2024 2208
Test Set 1 October 2024-31 December 2024 2208
3. Results

3.1. Overall Forecasting Performance

To verify the performance of the proposed soft ensemble model, three deep learning
models were selected as baselines: a Temporal Convolutional Network (TCN) [27], CNN-
LSTM-Attention, and the Transformer [28]. The latter two serve as independent branches
of the proposed framework, enabling an ablation study to validate the necessity of multi-
architecture fusion. All models were trained and evaluated on the unified PJM dataset. The
overall forecasting performance on the test set is presented in Table 2.

Table 2. Comparison of overall forecasting performance among different models on the test set.

Prediction Model MAE ($/MWh) RMSE ($/MWh) MAPE (%)
TCN 2.342 3.586 9.152
CNN-LSTM-Attention 2.156 3.245 8.243
Transformer 2.048 3.120 7.821
Proposed Soft Ensemble 1.735 2.562 6.544

As shown in Table 2, the proposed soft ensemble model outperforms the comparison
models across all metrics. Compared to the best-performing single baseline model (Trans-
former), the soft ensemble model reduces MAE and RMSE by 15.3% and 17.9%, respectively,
demonstrating a significant improvement in MAPE.

Figure 5 illustrates the tracking curves of each model over continuous time periods. It
reveals that while all models maintain good tracking performance during stable fluctuation
intervals, single models exhibit performance bottlenecks during rapid jump and spike
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periods (e.g., hours 80-100 and near hour 250). In contrast, the soft ensemble model
achieves the best fit and response speed in non-stationary intervals.

Actual Price
60 [|——TCN
CNN-LSTM-Attention
~— Transformer
50 F —— Proposed Soft Ensemble
£ 40
2
&
= 30
(&
=)
=}
20
10
0 1 1 1 1 1
0 50 100 150 200 250 300

Time (h)
Figure 5. Comparison of forecasting results on the test set among different models.

3.2. Performance in Typical Scenarios

Extreme fluctuation scenarios in electricity price sequences represent critical dimen-
sions for evaluating model robustness. This section provides an in-depth analysis of
two typical extreme conditions: price spikes and negative electricity prices.

3.2.1. Price Spike Forecasting

Price jumps and spike moments typically entail high market risks [29]. In this study,
extreme samples were strictly screened based on a rigorous statistical criterion. Specifically,
35 typical abrupt change points, where the absolute price deviation exceeded three times
the rolling standard deviation of the preceding 24-h window, were selected from the test

set for focused analysis. The tracking performance of each model in such extreme scenarios
is shown in Figure 6.

70
*  Actual Price TCN
CNN-LSTM-Attention
60 Transformer
® Proposed Soft Ensemble
*
501 A
~ \\ i
= 10f \ A [
: I\ R
Cob | [
3 %0 ‘ .
E v
20F /
10F \
0 -
0 5 10 15 20 25 30 35

Typical Price Feature Points

Figure 6. Comparison of forecasting performance under price spike scenarios.
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Price (§/MWh)

As indicated in Table 3, the forecasting errors of single models escalate significantly
under highly volatile price fluctuation scenarios. Conversely, the soft ensemble model
demonstrates superior robustness. Its MAE and RMSE metrics are reduced by 39.3% and
37.1%, respectively, compared to the Transformer baseline model.

Table 3. Statistics of forecasting errors under price spike scenarios.

Prediction Model MAE ($/MWh) RMSE ($/MWh)
TCN 4125 6.854
CNN-LSTM-Attention 3.962 6.420
Transformer 3.650 6.108
Proposed Soft Ensemble 2.215 3.842

3.2.2. Negative Electricity Price Forecasting

With the increasing penetration of renewable energy, negative electricity prices have
evolved into a common phenomenon in the electricity market. This section evaluates the
tracking capability of the models in these counter-intuitive extreme value ranges. The
forecasting performance of each model during negative price periods is shown in Figure 7.

40

Actual Price

TCN
CNN-LSTM-Attention
Transformer

Proposed Soft Ensemble

_]O L L 1
0 15 30 45 60

Time (h)

Figure 7. Comparison of forecasting performance under negative price extreme scenarios. The
zoomed-in inset highlights the model’s superior tracking capability during the polarity reversal phase
(Time indices 39-45 h).

The micro-trajectory analysis in Figure 7 reveals significant heterogeneity in the failure
modes of baseline models. The TCN model fails to respond effectively to polarity reversal
signals, resulting in fundamental sign discrimination errors. Although the CNN-LSTM-
Attention model captures the downward trend, it exhibits significant amplitude underfitting.

The Transformer model approximates the true value in amplitude but shows noticeable
phase-leading discrepancies (i.e., predicting the drop earlier than it occurs). In contrast, the
soft ensemble model balances magnitude depth and temporal accuracy, accurately fitting
the negative price trajectory. Table 4 provides the error statistics for this scenario.
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Table 4. Statistics of forecasting errors under negative price extreme scenarios.
Prediction Model MAE ($/MWh) RMSE ($/MWh)
TCN 3.854 5.420
CNN-LSTM-Attention 3.520 5.115
Transformer 3.186 4.850
Proposed Soft Ensemble 2.052 3.150

As shown in Table 4, the soft ensemble model exhibits excellent generalization capabil-
ities. Its MAE and RMSE metrics are reduced by 35.6% and 35.1%, respectively, compared
to the best-performing Transformer model.

4. Discussion
4.1. Mechanism Analysis of Deep Learning Branches

The core finding of this study is that the proposed soft ensemble strategy signifi-
cantly outperforms single-structure models in handling extreme market volatility. This
performance gap can be attributed to the inherent structural limitations of individual base
models. While the CNN-LSTM-Attention branch excels at extracting high-frequency local
oscillation features, its recursive nature limits its ability to model long-term dependencies
spanning hundreds of hours. Conversely, the Transformer branch captures global context
via self-attention but tends to smooth out local anomalies, leading to an “insensitivity”
to instantaneous price spikes (as observed in the underfitting in Figure 6). Furthermore,
the TCN baseline failed to predict negative prices accurately, primarily because its causal
convolution operation lacks a specific mechanism to handle the abrupt “polarity reversal”
of price signals, resulting in significant sign errors.

4.2. Efficacy of the RL-Based Dynamic Weighting Strategy

The superior performance of the soft ensemble model validates the necessity of dy-
namic weight allocation in addressing concept drift in electricity markets. Unlike traditional
static ensemble methods (e.g., linear weighting or inverse-error weighting), the proposed Q-
learning agent acts as an active decision-maker [30]. Through the designed reward function
(Equation (6)), the agent receives heavy penalties when prediction failures occur during
extreme events. It is crucial to highlight that a traditional static ensemble strategy (e.g.,
simple linear averaging) lacks this punishment-driven adaptability. In scenarios where one
branch exhibits significant error (e.g., the Transformer branch failing to capture a sudden
spike), a static ensemble would inevitably propagate this deviation into the final result. In
contrast, the agent learns to identify “precursor states” of volatility. For instance, during
price spikes, the agent adaptively increases the weight of the CNN-LSTM branch, which
is more sensitive to local abrupt changes, while relying more on the Transformer branch
during stable trends. This environmental perception capability allows the model to switch
forecasting logic dynamically, ensuring robustness across conflicting market scenarios.

Furthermore, to verify the robustness of the proposed framework, a sensitivity analysis
was conducted on the volatility state thresholds 61 and 6. The experimental results indicate
that the model’s forecasting performance remains stable when 6 varies within the range
of 3 to 7 and 6, within 12 to 18, with MAE demonstrating negligible fluctuations. This
confirms that the chosen parameters effectively capture market state transitions and that
the agent is not overly sensitive to specific threshold settings.

Regarding the stability concern often associated with reinforcement learning [31],
unlike methods that use DRL to directly generate price curves, our agent functions as
a high-level weight scheduler. By leveraging the inherent stability of the supervised

https://doi.org/10.3390/en19030761


https://doi.org/10.3390/en19030761

Energies 2026, 19, 761

12 of 14

base models (the CNN and Transformer), the proposed method effectively avoids the
convergence difficulties and waveform oscillations common in generative RL approaches.

4.3. Practical Implications for Electricity Markets

From an engineering perspective, the proposed method offers substantial value for
market participants. The accurate prediction of negative electricity prices is particularly
critical for renewable energy generators and energy storage systems. By anticipating
negative price intervals, operators can adjust bidding strategies [32]—such as reducing
output or charging storage units—to convert potential economic losses into arbitrage
opportunities. Similarly, the precise capture of price spikes assists utility companies in
managing procurement risks and optimizing demand-side response measures. Moreover,
this aligns with the emerging paradigm of “value-oriented forecasting” [33], where the
prediction objective shifts from minimizing statistical errors to maximizing economic utility.
By accurately identifying negative price intervals, the proposed model provides a reliable
technical basis for market entities to identify potential arbitrage opportunities, facilitating
a transition from passive acceptance to proactive risk management. Therefore, this study
provides a reliable technical reference for algorithmic trading and risk management in
modern power systems characterized by high renewable penetration.

5. Conclusions

To address the challenges of multi-scale volatility and distribution drift in electric-
ity price forecasting for modern power systems, this paper proposes a soft ensemble
forecasting method based on reinforcement learning. By constructing an adaptive map-
ping mechanism for state perception and weight reconstruction, this study overcomes the
paradigm constraints of traditional static combination models. It achieves complementary
advantages among heterogeneous sub-models under varying market conditions, effectively
circumventing the structural limitations of single architectures.

Validation results indicate that while the proposed model delivers consistent improve-
ments in general error metrics, its primary contribution is the superior robustness and
transient response capability demonstrated specifically during high-frequency price spikes
and negative price reversal scenarios, successfully resolving the engineering bottleneck
of balancing prediction accuracy with generalization stability. This study verifies the ef-
fectiveness of the dynamic ensemble paradigm in processing non-stationary time-series
data, providing valuable technical support for risk quantification and decision-making in
electricity spot trading. However, certain limitations should be noted. First, the current
framework relies on offline training, meaning its adaptability to unforeseen “black swan”
events—extreme outliers beyond the historical distribution—remains to be verified. Second,
while the reinforcement learning hyperparameters were validated on PJM data, application
to other markets with different fluctuation characteristics may necessitate market-specific
parameter tuning.

Future work will focus on incorporating more complex external variables (e.g., extreme
weather events) into the state space and extending the current single-step model to multi-
step-ahead forecasting to further enhance its applicability.
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