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Electricity market price forecasting plays a vital role in power system dispatch and energy management.
However, accurate forecasting is challenging due to the non-stationarity, multi-scale volatility, and complex
nonlinear characteristics of electricity price data. This study presents a CEEMDAN-BiGRU-based approach to
address these challenges. The method first decomposes the electricity price sequence into multiple intrinsic mode
functions (IMFs) using complete ensemble empirical mode decomposition (CEEMDAN), which captures features
across different time scales and mitigates non-stationarity. A bidirectional gated recurrent unit (BiGRU) is then
used for time-series modeling of each component, capturing both forward and backward time dependencies.
The individual forecasts of each component are reconstructed to provide the final forecast. Experimental results
across various electricity market datasets show that the proposed method outperforms comparative models in
terms of RMSE, MAE, MAPE, and trend accuracy, demonstrating robust performance and generalization across
different seasons and time periods.
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1. Introduction

With ongoing power market reforms and the integration
of renewable energy, the operating environment for the
power system is becoming more complex and dynamic
[1]. Electricity prices are increasingly volatile, exhibit-
ing non-stationarity, multi-scale volatility, and high un-
certainty, making accurate forecasting essential for opti-
mizing dispatch strategies and supporting power trad-
ing and demand response [2]. Non-stationarity refers to
time-varying statistical properties, while volatility involves
rapid price fluctuations, complicating forecasting for mod-
els like ARIMA, which assumes stationarity and linearity.
Models such as CEEMDAN combined with BiGRU are bet-
ter suited for capturing these challenges [3]. Electricity

price data shows significant non-stationarity and multi-
scale fluctuations, influenced by external factors like load
demand and weather conditions, which complicates mod-
eling [4, 5]. Early forecasting methods like ARIMA and
machine learning models such as Support Vector Regres-
sion (SVR) have limitations in handling non-linear and
non-stationary data. Recent deep learning methods, in-
cluding RNNs, LSTM, and GRUs, have improved fore-
casting but still struggle with multi-scale fluctuations and
non-stationarity [6-9]. This paper proposes a CEEMDAN-
BiGRU-based method, using CEEMDAN for multi-scale
decomposition of electricity price data and BiGRU to cap-
ture both past and future dependencies. The final forecast
is obtained by fusing and reconstructing the prediction
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results of each component, providing improved accuracy
and robustness in electricity price forecasting.

2. Theory and formula

2.1. Literature
2.1.1. Owverall Framework

BiGRU processes data bidirectionally, capturing both past
and future dependencies, making it more effective for fore-
casting electricity prices compared to unidirectional GRU.
Prophet extracts low-frequency trends and cycles, while
CEEMDAN captures high-frequency components, which
are then fused for BiGRU to capture temporal dependencies
across different time scales. CEEMDAN'’s adaptive noise
mechanism improves mode separation, and a systematic
criterion optimizes the number of IMFs, enhancing fore-
casting accuracy and handling both long-term trends and
short-term variability. Unlike ARIMA, this approach better
handles non-stationarity and volatility. CEEMDAN opti-
mizes decomposition stability by adjusting adaptive noise
amplitude, and the combined features enhance BiGRU’s
ability to model both long-term trends and short-term fluc-
tuations, improving forecasting accuracy. In the Prophet
module, given the original time series x(t), it is represented
as a superposition of trend, period, and residual terms:

x(t) = g(t) +s(t) +r(t) 1)

Where g(t) represents the long-term trend, s(t) repre-
sents the periodic fluctuation component, and r(t) repre-
sents the unexplained residual term. To further model this
complex dynamic, this paper introduces the CEEMDAN
method to decompose the residual:

K
r(t) = Y IMFy(t) +¢(t) )
k=1

Where IMF (t) represents the K th intrinsic mode func-
tion, and &(t) is the final residual. CEEMDAN effectively
avoids mode aliasing by introducing adaptive noise and
performing
ensemble averaging, enabling each IMF to correspond to
oscillation modes within different frequency ranges. Its
decomposition process can be expressed as:

A (1) = r(t) - IMFy (1) @)
IMEK(t) = 131 = 1VE; (s (8) + €51 Exa (4(1)))
@

By recursively extracting multi-scale components layer
by layer, the original complex sequence is decomposed into

multiple relatively stable subsequences, thereby reducing
the modeling difficulty. Within a history window of length
(T), the input matrix can be represented as:

-
Xt = [X_Te1, % -T42,.-, %] € R (K+F) 5)

Where K represents the number of IMF components and
F represents the structural feature dimension. This input
represents the simultaneous integration of low-frequency
trend information and high-frequency fluctuation features,
transforming the original non-stationary sequence into a
feature space with a clear structural hierarchy. The out-
puts from CEEMDAN (IMFs) and Prophet features (trend,
daily /weekly cycles) are concatenated into a unified input
matrix for BiGRU, ensuring dimensional consistency and
allowing the model to learn both low- and high-frequency
patterns efficiently.

2.2. BiGRU-Based Temporal Modeling

As shown in Fig. 1, the paper introduces a bidirectional
recurrent neural network (BiGRU) to model dynamic de-
pendencies in time series. Since power time series are influ-
enced by both historical states and potential future trends,
a unidirectional recurrent structure is insufficient for cap-
turing full time dependency information [10, 11]. The Bi-
GRU is used as the core modeling structure, combined
with batch normalization and a parameterized activation
function (PReLU) to ensure stable and efficient time series
prediction. Dropout and gradient clipping are incorporated
into the training process to stabilize learning, mitigating
volatility and preventing overfitting while controlling large
gradient updates for more stable performance.

Dimensionality reduction techniques, such as PCA or
feature selection, are applied to control feature redundancy,
retaining only the most relevant features for the BiGRU
model, thus improving efficiency and preventing overfit-
ting.

A sensitivity analysis shows that Leaky ReLU’s fixed
slope limits flexibility for non-stationary data, while
PReLU’s learnable « improves stability and performance,
especially during price spikes. BiGRU uses update and
reset gates to control information flow, addressing the van-
ishing gradient problem and enhancing long-term depen-
dency learning. ProSparse attention reduces computational
complexity by selecting significant query-key pairs, pre-
serving key information for accurate predictions. The Bi-
GRU architecture consists of two layers with 128 hidden
units, using ReLU for hidden layers and a linear activation
for the output, ensuring effective temporal dependency
learning.
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Fig. 1. Architecture of the BIGRU-based temporal
modeling

2.3. Encoder-Decoder with ProSparse Attention
2.3.1. Encoder Structure

The encoder takes the concatenated feature representation
as input and extracts key dependencies through multi-layer
ProSparse self-attention modules [12]. The "important sub-
set of queries" is selected based on attention weights, with
a threshold determining which queries exceed the signif-
icance level. The sparsity factor is adjusted based on se-
quence length during training, ensuring efficient process-
ing. ProSparse attention is chosen over other mechanisms
due to its computational efficiency and effectiveness in han-
dling long-sequence forecasting tasks, offering a scalable
solution for large sequences without sacrificing accuracy.

2.3.2. Decoder Structure

During the testing phase, the decoder receives a portion of
the historical input and a placeholder sequence (as shown
by the " 0 " padding in the figure), and gradually generates
prediction results using a masking mechanism. Its core lies
in modeling future sequences through the combined effect
of self-attention and cross-attention.

3. Results and discussion

3.1. Datasets and Experimental Settings

To evaluate the effectiveness and generalization of the pro-
posed model, several publicly available electricity mar-
ket datasets are used, including PJM (USA), Nord Pool
(Nordic), and EPEX (European) markets [13]. The data
is divided chronologically into training (70%), validation
(10%), and test (20%) sets to prevent information leakage.
The data is uniformly set to an hourly resolution, with
missing values filled using linear interpolation. Load de-
mand and meteorological factors, such as temperature and

humidity, are included as input features to better capture
external influences on electricity price fluctuations.

3.2. Baseline Models

1. ARIMA: A classic time series model used to model
linear dependencies.

2. SVR: Support Vector Regression model, suitable for
nonlinear prediction.

3. LSTM: Long Short-Term Memory network, used to
model time dependencies.

4. GRU: Gated Recurrent Unit, with fewer parameters
and faster convergence.

5. BiLSTM: Bidirectional LSTM, enhancing the ability to
model temporal context.

6. Transformer: A sequence modeling method based on
self-attention mechanism.

7. CEEMDAN-LSTM: A decomposition-prediction
framework, validating the effectiveness of the
decomposition method [14].

8. CEEMDAN-BiGRU: The closest comparison method
to the structure presented in this paper (with the en-
hancement modules removed) [15].

3.3. Experimental Results

To comprehensively evaluate the performance of the pro-
posed method, this paper conducts systematic experiments
on multiple real-world electricity market datasets and com-
pares it with various baseline methods. The experimental
results are shown in Tables 1 to 3.

As shown in Table 1, the proposed model achieves op-
timal performance across all evaluation metrics on the
PJM dataset. Compared to traditional statistical models
(ARIMA, SVR), deep learning models (LSTM, GRU) sig-
nificantly reduce prediction errors, highlighting the need
for neural networks to model the nonlinear characteristics
in electricity price data. However, a single deep learning
model is insufficient to fully capture the multi-scale fluctu-
ation structure of electricity prices.

The introduction of CEEMDAN decomposition
(CEEMDAN-LSTM, CEEMDAN-BiGRU) improves model
performance by addressing non-stationarity. The proposed
method integrates Prophet’s trend and periodic features
with CEEMDAN-BiGRU and adds an attention mechanism,
achieving optimal results. The model reduces RMSE
and MAE by 8.7% and 10.5%, respectively, compared to
CEEMDAN-BiGRU, while improving trend accuracy (TA)
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Table 1. Prediction performance comparison on the PJM dataset

MAE MAPE (%) TA

Model RMSE
ARIMA 12.84

SVR 11.92
LSTM 9.63
GRU 9.21
BiLSTM 8.74
Transformer 8.52
CEEMDAN-LSTM 791
CEEMDAN-BiGRU 7.54
Proposed 6.88

to 0.81 . CEEMDAN reduces mode aliasing, effectively
capturing high-frequency fluctuations without distorting
low-frequency trends, and handling price spikes in
electricity data.

Table 2 shows the predictive performance on the Nord
Pool dataset, where increased model complexity improves
performance. The Nord Pool data, with stronger volatility
and regional variability, challenges generalization. Tra-
ditional models lag behind deep learning models, while
CEEMDAN:-based models excel due to their adaptability to
multi-scale decomposition. The proposed method outper-
forms others, reducing RMSE by 10.3% and MAE by 8.1%
compared to CEEMDAN-BiGRU, and achieving a TA score
of 0.80 , demonstrating its ability to consistently capture
price fluctuations in complex market environments.

Table 3 shows the experimental results on the EPEX
dataset, where pronounced price spikes require stronger
extremum modeling capabilities. Attention-based mod-
els like Transformer outperform traditional RNN models,
emphasizing the importance of long-range dependencies.
However, the proposed method, combining CEEMDAN
decomposition with an attention mechanism, not only cap-
tures long-range dependencies but also improves modeling
of local fluctuations. The model reduces RMSE by 19.7%
and MAE by 20.4% compared to Transformer, achieving
the highest trend accuracy (TA) score of 0.82 .

Table 4 shows the ablation experiment results, highlight-
ing the importance of each module in the model’s perfor-
mance. Removing CEEMDAN caused a 21.2% increase
in RMSE, emphasizing its crucial role in multi-scale de-
composition for non-stationary data. Removing Prophet
weakened long-term trend modeling, leading to higher pre-
diction errors. Replacing BiGRU with a unidirectional GRU
decreased performance, illustrating the importance of bidi-
rectional modeling for capturing temporal dependencies.
Removing the attention mechanism also degraded perfor-
mance, underlining its significance in feature weighting for
multi-scale information fusion.

Fig. 2 compares the actual electricity price series with

9.76 18.32 0.61
8.85 16.47 0.64
7.42 13.85 0.68
7.08 13.12 0.69
6.81 12.45 0.71
6.67 12.08 0.72
6.05 11.23 0.74
5.82 10.96 0.75
5.21 9.84 0.81
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:
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N
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Fig. 2. Comparison between actual electricity prices and
predicted results

the predicted results of the proposed model. The predicted
curve aligns closely with the long-term trend of actual
prices, demonstrating strong trend modeling capabilities,
primarily due to the Prophet module’s extraction of low-
frequency trends. The model also effectively tracks local
fluctuations, particularly during sharp price changes after
2021, highlighting the importance of CEEMDAN decompo-
sition and BiGRU in capturing multi-scale dynamics.

Fig. 3 presents the results of multi-scale decomposi-
tion of the electricity price sequence using the CEEMDAN
method. The decomposition separates the original signal
into multiple intrinsic mode functions (IMF1-IMF8) and
residual components, with higher-order components cap-
turing high-frequency fluctuations and noise, intermedi-
ate components modeling mid-frequency fluctuations, and
lower-order components reflecting long-term trends.

Fig. 4 displays the prediction results for each intrinsic
mode function (IMFO-IMF8) and the final reconstructed
electricity price sequence using the CEEMDAN-BiGRU
framework. The model accurately captures dynamic char-
acteristics at different frequency levels, with strong perfor-
mance in long-term trend modeling (low-frequency com-
ponents), mesoscale dynamic modeling (mid-frequency
components), and handling high-frequency fluctuations
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Table 2. Prediction performance comparison on the Nord Pool dataset

Model RMSE MAE MAPE (%) TA
ARIMA 10.37 7.88 16.05 0.60

SVR 9.94 741 15.12 0.63

LSTM 8.26 6.35 12.74 0.67

GRU 8.01 6.18 12.31 0.68
BiLSTM 7.63 5.91 11.89 0.70
Transformer 7.48 5.82 11.55 0.71
CEEMDAN-LSTM 6.94 5.33 10.72 0.73
CEEMDAN-BiGRU 6.71 5.18 10.41 0.75
Proposed 6.02 4.76 9.35 0.80

Table 3. Prediction performance comparison on the EPEX dataset

Model RMSE MAE MAPE (%) TA
ARIMA 11.45 8.97 17.12 0.62

SVR 10.88 8.31 16.04 0.64

LSTM 9.14 7.02 13.55 0.69

GRU 8.89 6.84 13.21 0.70
BiLSTM 8.43 6.55 12.76 0.72
Transformer 8.21 6.43 12.34 0.73
CEEMDAN-LSTM 7.65 5.98 11.48 0.75
CEEMDAN-BiGRU 7.31 5.76 11.12 0.76
Proposed 6.59 5.12 10.03 0.82

Table 4. Ablation study on PJM dataset

Variant RMSE MAE TA
w /o Prophet 7.89 6.11 0.74
w/o CEEMDAN 8.34 6.48 0.72

w /o BiGRU 7.96 6.23 0.73
w /o Attention 7.42 5.74  0.77
Full Model 6.88 5.21 0.81
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Fig. 5 shows the distribution characteristics of electricity
prices over a 24 -hour period, revealing clear intraday pe-
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Fig. 5. Boxplot of electricity prices across 24 hours

riodicity and uneven volatility. Prices increase from early
morning to noon, reflecting higher load demand, with sig-
nificant price spikes and volatility during the evening peak
(6-9 pm). The early morning period sees more stable, low
prices. The presence of numerous outliers, particularly
during peak hours, indicates a heavy-tailed, non-Gaussian
distribution, complicating forecasting.
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Fig. 6 shows the correlation between electricity prices
and factors like load, power generation methods, meteoro-
logical conditions, and temporal characteristics. Prices are
strongly correlated with load, reflecting demand’s impact
on fluctuations. Fossil fuels correlate highly with prices,
while renewable energy sources show weaker or negative
correlations due to low marginal cost. Meteorological fac-
tors influence prices through load demand, and temporal
characteristics exhibit periodicity.

Fig. 7 shows the joint distribution between electricity
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generation features

prices and key power generation characteristics, revealing
a nonlinear relationship that simple linear models cannot
fully capture. Fossil fuels like lignite and hard coal show a
strong positive correlation with prices, especially at high
output levels, while renewable sources like wind power
exhibit a negative correlation, with higher wind output
lowering prices.

4. Conclusion

This paper proposes a CEEMDAN-BiGRU-based method to
address the challenges of nonstationarity, multi-scale fluctu-
ations, and complex coupling in electricity price forecasting.
The method decomposes the price data using CEEMDAN,
mitigating non-stationarity, and uses BiGRU to capture
both forward and backward time dependencies. The final
forecast is generated by reconstructing component-level
predictions. Experimental results show that the proposed
method outperforms traditional and deep learning models
in accuracy, particularly for high-volatility data. Ablation
studies confirm the importance of multi-scale decomposi-
tion and bidirectional modeling in enhancing performance.
The approach effectively handles nonlinearity and distri-
bution drift, providing robust predictions across different

market conditions.
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