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ABSTRACT

Accurate electricity price forecasting is crucial for
optimizing power market operations and trading
strategies. In this study, we propose a hybrid model that
integrates Graph Convolutional Networks (GCN), meta-
path attention, and a Transformer-BiLSTM architecture
to capture both spatial correlations among
heterogeneous power system features and temporal
dependencies in electricity price sequences. The GCN
module models feature interactions across multiple
sources, the meta-path attention mechanism adaptively
emphasizes important relational paths, and the
Transformer-BiLSTM  combines  global  sequence
encoding with bidirectional temporal modeling.
Experimental results demonstrate that the proposed
method achieves an accuracy of 85.5%, corresponding to
a 14.3% improvement over the second-best baseline,
highlighting its effectiveness and superiority in electricity
market scenario forecasting.
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Graph Convolutional Network, Meta-path Attention

NONMENCLATURE
Abbreviations
GCN Graph Convolutional Network
MPA Meta-Path Attention
BiLSTM Bidirectional Long Short-Term
Memory
LSTM Long Short-Term Memory
GRU Gated Recurrent Unit
CNN Convolutional Neural Network
SHAP SHapley Additive exPlanations
RelLU Rectified Linear Unit

MAE Mean Absolute Error
MSE? Mean Squared Error
ACC Accuracy

1. INTRODUCTION

With the increasing volatility of renewable energy
output, such as photovoltaic and wind power, the load
and supply-demand relationships in power systems have
become more complex, leading to significant
fluctuations in electricity prices[1]. Accurate electricity
price forecasting is crucial for market participants in
decision-making, dispatching, and risk management[2].
Traditional forecasting approaches mainly rely on
statistical models, such as linear regression and
autoregressive models (AR, ARIMA), which have
limitations in capturing nonlinear and complex
spatiotemporal dependencies[3][4]. Recently, machine
learning methods, including support vector machines
(SVM) and random forests (RF), have been widely applied
in electricity price forecasting, showing advantages in
capturing complex patterns[5][6]. However, these
methods often fail to fully model the topological
relationships among power system nodes and long-term
temporal dependencies[7].

The development of deep learning provides new
tools for electricity price forecasting. Long Short-Term
Memory (LSTM) networks can capture long-term
dependencies in time series[8], while Convolutional
Neural Networks (CNN) are effective in extracting local
spatiotemporal features[9]. Graph Neural Networks
(GNN) can model the nodes and their connections within
power systems, enabling effective spatiotemporal
feature extraction[10]. Nevertheless, existing methods
mainly focus on the sequential features of electricity
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prices themselves, neglecting the complex interactions
from disclosed power system data and lacking cross-
model feature fusion, which limits further improvement
in forecasting performance[1][7].

To address these challenges, this paper proposes an
electricity price forecasting method combining GNN and
BiLSTM-Transformer. First, GNN is used to extract
spatiotemporal features from power system data; then,
the BiLSTM-Transformer prediction module models the
time series; finally, a meta-path attention mechanism is
introduced to fuse different features effectively, fully
leveraging both temporal and graph-structured
information. The research objective is to improve
forecasting accuracy and provide more reliable decision
support for electricity market participants.

2. CONSTRUCTION OF ELECTRICITY PRICE FORECA
STING MODEL

2.1 Feature Selection and Dimensionality Reduction

Electricity prices are influenced by multiple factors
such as supply—demand dynamics, weather, fuel costs,
unit operations, and market mechanisms. The raw
feature set is often large, correlated, and noisy, which
may cause overfitting, higher computational costs, and
poor interpretability. To address this, feature selection is
applied to retain the most informative variables and
remove redundancy, thereby enhancing generalization
and interpretability. In this study, the SHAP method is
used to select features from 16 disclosed system
attributes (e.g., reserves, dispatchable load, wind, and
photovoltaic generation), while weather factors
affecting renewable output are also considered.
Dimensionality reduction with SHAP ensures that the
retained features are most strongly correlated with
electricity prices.

This study employs the SHAP (SHapley Additive
exPlanations) method, which is based on the Shapley
value from game theory. For a model prediction function

f'(x) the SHAP value ¢, of featurei is defined as:
¢i =
SldF-Is[ 1!
2 A

where I is the set of all features, S is any subset of
features excluding i , and f;(x ) denotes the model

(1)
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output using only features in subset.S . The SHAP value
measures the marginal contribution of each feature to
the prediction; a larger absolute SHAP value indicates
higher feature importance.

By calculating the mean absolute SHAP values across
the dataset, this study ultimately selects the following
features as inputs for the subsequent model: total
photovoltaic generation, dispatchable load, total wind
power, total generation from local power plants,
interconnection line load, non-market nuclear
generation, irradiance, total self-owned units, and wind
speed. Other features with low relevance were excluded.

2.2 Model Framework Construction

This study proposes a joint electricity price
forecasting  model  that integrates  weather
characteristics, heterogeneous graph structures, and
temporal encoding. After feature selection, nodes in the
power system (e.g., regions, units, or power plants) are
represented as graph nodes, while multi-type edges are
constructed based on geographic proximity, network
coupling, market interactions, and meteorological
similarity, forming a heterogeneous graph. On the graph,
a meta-path attention mechanism is employed to learn
the importance weights of different relational semantics,
and a graph convolutional network (GCN) aggregates
information from multiple neighborhood sources to
obtain spatial representations. For temporal modeling,
historical multivariate sequences are first input to a
Transformer  encoder to capture long-range
dependencies and inter-variable interactions through
multi-head attention, followed by a bidirectional LSTM
(BiLSTM) to capture local and bidirectional temporal
dependencies. Spatial and temporal representations are
jointly encoded via scale alignment and gated/attention-
based fusion mechanisms, and the final electricity price
predictions are produced through a lightweight fully
connected output layer. This design balances
interpretability =~ with  prediction accuracy and
computational efficiency. The overall model architecture
is illustrated in Figure 1.

2.3 Spatial Representation Learning

In power systems, complex spatial and functional
relationships exist among different regions or nodes,
such as units, power plants, or load centers. To extract
node-level spatial features, the power system is
represented as a graph, where nodes correspond to
regions or power plants, and edges represent
relationships between nodes, including geographic
proximity, network coupling, and market interactions.

A graph convolutional network (GCN) is employed to
aggregate features from neighboring nodes, and the
node feature update can be expressed as:
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Where h"” denotes the feature of nodei at the / — th
d,andd,;

are the degrees of nodesiand j, W is the trainable

layer, N(7) is the set of neighbors of nodei,

weight matrix, and o'(+)is a nonlinear activation function.
This formulation enables weighted aggregation of

neighboring features to generate the spatial
representation of each node.
In summary, spatial representation learning

integrates multi-source neighborhood information via
GCN, providing high-quality spatial features for
subsequent heterogeneous graph modeling and
temporal forecasting modules.

2.4 Heterogeneous Graph and Meta-Path Attention

A Theory section should extend, not repeat, the
background to the article already dealt with in the
Introduction and lay the foundation for further work. In
contrast, a Calculation section represents a practical
development from a theoretical basis.

After obtaining the initial spatial representations of
each node through GCN-based aggregation, nodes in the
power system are still influenced by multiple types of
relationships, such as geographic proximity, network
coupling, market interactions, and meteorological

dilute important information or overlook critical
relations.

To address this, a meta-path attention mechanism is
introduced to automatically learn the importance of
different relation types on the heterogeneous graph.
Given the node feature matrix H from GCN, the meta-
path attention computes attention weights for each

relation type and performs weighted aggregation:
(HW )(HW, )

NA

R
H =Y a,(HW))
=1

(3)

a, = soft max(

(4)

where R is the number of relation types, Wq, w,.,
and W/ are trainable weight matrices for query, key, and
value of relation y, d, is the feature dimension for
scaling, and o, represents the learned attention weight

of relation . This mechanism enhances the influence of

critical relations while suppressing less informative ones,
generating richer and more reliable spatial node
representations for subsequent temporal forecasting.

2.5 Temporal Forecasting Module



After obtaining the spatial representations of nodes,
the model further captures temporal dependencies in
electricity price sequences. Given a historical
multivariate  sequence X ={x,X,,..,x;} , a

Transformer encoder is first applied to extract long-
range dependencies and feature interactions:
Z =TransformerEncoder(X) (5)

The encoder output Z is then fed into a bidirectional
LSTM (BiLSTM) to capture local and bidirectional
temporal dependencies:

H =BiLSTM (Z) (6)

Finally, the spatial representation H  is fused with

the temporal representation H via attention or gating
mechanisms, and a fully connected layer produces the
forecasted electricity prices p :

Y =FC(f 00 (H, H,)) (7)

This module combines Transformer and BiLSTM for

multi-scale temporal feature extraction, and integrates

spatial representations to ensure both predictive
accuracy and computational efficiency.

3. EXPERIMENTAL VALIDATION
3.1 Dataset and Experimental Setup

The dataset used in this study was obtained from the
Shandong Electric Power Trading Center, containing real
power system operation data and day-ahead market
clearing prices. The data covers the period from January
1, 2025, 01:00 to August 31, 2025, 24:00, with an hourly
resolution. After preprocessing, the dataset was divided
into a training set (January 1-May 31, 2025) and a testing
set (June 1-August 31, 2025). Experiments were
conducted on a local server equipped with an NVIDIA
GeForce RTX 4060Ti GPU (16 GB). The model was
implemented using the PyTorch framework with Python
3.8. The input features were selected as described in
Section 2.1, and several representative feature curves
are shown in Fig. 2.
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Fig. 2 Representative Feature Curves
Among them, featurel represents the total
photovoltaic generation, feature2 denotes the directly
controlled load, feature3 corresponds to the total wind
power generation, and feature4 indicates the tie-line
receiving load.

3.2 Evaluation Metrics

To comprehensively evaluate the predictive
performance of the model, this study adopts the Mean
Absolute Error (MAE), the Mean Squared Error (MSE),
and an economics-based metric, Accuracy, derived from
electricity market rules. MAE and MSE measure the
overall deviation between predicted and actual values,
while Accuracy reflects the practical effectiveness of
predictions in market decision-making.

The MAE is defined as:

1 N
NZ|yl yl

i=l1

(8)

The MSE is defined as:

1 & A
MSE=—3 (y-3) (9)
N3
Accuracy for each sample is defined as:
acc =12l (10)
|yi|

Where y, denotes the actual value, , the predicted

value, and N the total number of samples. If ACC <0,it
is recorded as 0 to ensure economic interpretability. The
final average accuracy is given by:

N
Accuracy :%ZACC (12)

i=1



4, RESULTS

Actual vs Predicted Values (2025.6.1-6.3)
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Fig. 3 Prediction Result

Figure 3 illustrates the electricity price forecasting
results for the selected period. The proposed model is
able to capture most of the price fluctuations, accurately
learning the complex interactions between disclosed
system data and market prices. Even during highly
volatile intervals, the model effectively follows the
underlying trends, demonstrating robust predictive
capabilities.

Furthermore, the prediction accuracy distribution
for the same period is presented in Figure 4. The results
show that most accuracy values are above 80%, with only
a few instances falling below 60%, and just two extreme
points dropping to 0. On a global scale, the model
achieves an average prediction accuracy of 85.5%, while
in the selected period, the accuracy further improves to
87.20%. These findings confirm that the proposed model
not only delivers strong overall forecasting performance
but also maintains superior stability and robustness
within representative time windows.
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Fig. 4 Accuracy Distribution

Model MAE MSE ACC
BiLSTM 0.155 0.033 72.5%
CNN-LSTM 0.137 0.025 72.95%
GNN-LSTM 0.141 0.028 73.94%
GRU 0.125 0.024 72.82%
LSTM 0.122 0.021 74.44%
Transformer 0.128 0.022 74.81%
Proposed 0.093 0.014 85.5%

Model

Table 1 Result Comparison

Table 1 presents the quantitative comparison of
forecasting performance across different baseline
models and the proposed method. Traditional recurrent
architectures such as BiLSTM and GRU exhibit moderate
performance, with accuracies around 72-74% and
relatively higher error values. Hybrid models like CNN-
LSTM and GNN-LSTM improve slightly, but their accuracy
still remains below 75%. The Transformer model
achieves a competitive accuracy of 74.81%, reflecting its
advantage in capturing long-range dependencies.
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Fig. 5 Comparison Of All Model Predictions

By contrast, the proposed model significantly
outperforms all baselines, achieving the lowest MAE
(0.093) and MSE (0.014), together with the highest
overall accuracy of 85.5%. These results demonstrate the
effectiveness of incorporating heterogeneous graph
structures and temporal encoding in enhancing
forecasting precision. A visual comparison of the
forecasting results is provided in Figure 5.

5. DISCUSSION

The proposed joint electricity price forecasting
model introduces several novel contributions compared
with existing day-ahead price forecasting methods. First,
in spatial feature modeling, a heterogeneous graph
structure is employed together with a meta-path
attention mechanism to capture diverse types of
relationships among power system nodes, such as
geographic  proximity, market interactions, and
meteorological similarity. This overcomes the limitations
of prior approaches that relied on a single graph
structure or ignored semantic differences among
relations. Second, in the temporal forecasting module,
the model integrates the strengths of Transformer and
BiLSTM: the Transformer captures long-range
dependencies and multivariable interactions, while the
BiLSTM enhances the learning of local and bidirectional
temporal dependencies. This design provides stronger
temporal modeling capability compared to conventional
LSTM or pure Transformer models. Third, spatial and
temporal features are effectively fused through scale



alignment and gated/attention mechanisms, enabling
the model to better capture the complex interactions
between electricity prices and disclosed system data.
Experimental results show that the proposed model
achieves an accuracy of 85.5%, representing a 14.3%
improvement over the second-best baseline, which
demonstrates a clear advantage over existing day-ahead
forecasting methods. Overall, the contributions of this
work lie not only in improving predictive accuracy but
also in proposing a framework that balances
interpretability and computational efficiency, thereby
offering new insights for electricity market forecasting
and bidding strategy optimization.

6. CONCLUSIONS

This study proposes a hybrid day-ahead electricity
price forecasting model that integrates Graph
Convolutional Networks (GCN), meta-path attention
mechanisms, and a Transformer-BiLSTM architecture.
Validated on hourly data from the Shandong Electricity
Trading Center for January—August 2025, the model
demonstrates significant advantages: it achieves a
prediction accuracy of 85.5%, representing a 14.3%
improvement over the next-best baseline, and attains
the lowest errors among all compared models with an
MAE of 0.093 and an MSE of 0.014. The meta-path
attention mechanism effectively captures the
importance of various relationships in the power system,
such as geographical proximity and network coupling,
while the combination of GCN and Transformer-BiLSTM
simultaneously models spatial feature aggregation and
long- and short-term temporal dependencies. The model
maintains robust performance even during periods of
severe price volatility, providing reliable support for
market participants’ dispatch and decision-making.
However, the current model is based on a single-region
dataset, and its generalization ability requires further
validation; additionally, its computational complexity
remains high. Future work could focus on extending the
model to cross-regional datasets, exploring lightweight
architectures, and integrating market bidding strategies
to develop a “forecasting—decision” unified tool, thereby
further enhancing its practical engineering value.
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