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Abstract

With the high proportion of renewable energy connected to the grid,
the non-stationarity and multi-scale characteristics of power load are
becoming increasingly prominent, which puts higher demands on
prediction accuracy. Therefore, a multi-scale power load forecast-
ing model combining an adaptive graph convolutional network and
a multi-head attention mechanism was proposed. The core innova-
tion lies in the fact that adaptive graph convolutional networks dy-
namically evolve the spatial dependency relationships between nodes
through learnable adjacency matrices, breaking through the limita-
tions of traditional graph convolutional networks that rely on fixed
topologies. The multi-head attention mechanism extracts multi-scale
temporal features in parallel from the load sequence. The two work
together to achieve deep integration of spatiotemporal features. Ex-
periments on the ISO-NE and BuildingsBench datasets show that
the model maintains the highest accuracy in both short-term and
medium to long-term predictions, with root mean square error, mean
absolute error, and mean absolute percentage error of 46.88MW,
34.29MW, and 5.13%, respectively. Its anti-interference ability and
inference speed are also superior to mainstream comparison mod-
els. The results indicate that the MS-AGCN-MHA model can ef-
fectively improve the robustness and accuracy of load forecasting in
complex power grid environments, providing reliable technical sup-

port for real-time scheduling of smart grids.
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1. Overview

In recent years, the large-scale integration of new energy
represented by wind power and photovoltaics, as well as the
diversification of electricity load structures, have jointly
promoted the ”dual high” characteristics of a high propor-
tion of renewable energy and a high proportion of power
electronic equipment in the power system. As of the end of
2024, the proportion of wind and solar installed capacity
in China has reached 42.0%, and the proportion of power
generation has exceeded 18%, resulting in a significant in-
crease in the non stationarity and multi-scale volatility of
load sequences, which has led to a shift in load forecasting
(LF) from single time series modeling to comprehensive
modeling that integrates multidimensional features. The
high proportion of distributed energy and extreme weather
events further increases the uncertainty of load fluctua-
tions, bringing greater pressure to the safe operation and
economic dispatch of the power grid [1]-[3].

Deep learning (DL) technology is widely used in LF tasks
due to its powerful feature extraction and pattern recog-
nition capabilities, and has demonstrated superior perfor-
mance in a variety of scenarios. To increase the precision of
power LF, Pentsos et al. suggested a novel optimized hy-
brid model integrating Long Short-Term Memory (LSTM)
networks and Transformers. By leveraging the strengths
of both architectures and incorporating geographical and
user behavior factors, the model achieves reliable electric-
ity load predictions [4]. To increase the precision of short-
term power demand forecasting, Duan et al. suggested a
deep neural network model that combines deep LSTM net-
works, threshold periodic units, and boosting techniques.
This method enhanced model fusion through the Boost-
ing algorithm, significantly improving the operational effi-
ciency and reliability of power systems [5]. To increase the
precision of power load data prediction, Yang et al. sug-
gested a prediction model built on an enhanced extreme
learning machine. This method simplified the model struc-
ture and reduced training errors by introducing the Pin-
ball Huber robust loss function and genetic algorithm op-
timization [6]. To increase the grid integration efficiency
of renewable energy power generation, Banik et al. sug-
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gested a stacked ensemble model that combined extreme
gradient boosting and random forests. This method im-
proved the long-term and short-term prediction accuracy
of power load by predicting power load and integrating
environment-dependent data [7].

In terms of spatial information utilization, the graph
convolutional network (GCN) has attracted attention for
its ability to model spatial relationships between nodes us-
ing power grid topology. Wu et al. proposed a prediction
model based on GCN and gated recurrent units to im-
prove the accuracy of multi-area power LF. By construct-
ing an adjacency matrix to analyze spatiotemporal cor-
relations, they achieved superior prediction performance
[8]. To increase the precision of short-term LF, Zhang et
al. suggested a DL model that combines GCN and tree-
like neural models. They significantly improved predict-
ing performance by extracting geographical information
from sample load data using GCN [9]. In addition, the in-
troduction of attention mechanisms (AMs) improves long-
range dependency capture capabilities and shows potential
in terms of feature extraction diversity [10]. To enhance
short-term power LF performance, Feng et al. suggested
a hybrid model that combined bidirectional LSTM net-
works, temporal convolutional networks, and AMs. This
method identified and weighted key information in multi-
dimensional time series through AMs, achieving more ac-
curate short-term LF [11]. Jiang et al. proposed a new
dynamic time-dependent model to improve the accuracy of
short-term LF. This method achieved more effective multi-
step time-dependent learning by capturing similarities be-
tween different timestamps through the multi-head AM
(MHA) [12].

The research paradigm of power load forecasting is shift-
ing from a single model structure innovation to collabo-
rative optimization of feature engineering, loss function,
and model architecture. This transformation is due to the
higher requirements placed on prediction systems by the
high proportion of renewable energy grid integration and
frequent extreme weather events. Traditional feature en-
gineering often directly uses meteorological observations,
while the latest research in 2025 emphasizes the explo-
ration of deep dynamic correlations between meteorologi-
cal factors and loads. For example, Pu et al. used the max-
imum information coefficient to assign weights to meteo-
rological variables in different weather scenarios, and then
combined them with a gate mechanism and a multi-layer
self-attention network to effectively capture their global
dependence on load [13]. Meanwhile, in order to enhance
the robustness of the model under extreme fluctuations,
the design of the loss function is no longer limited to mean
square error. Quantile regression and uncertainty-based
loss functions have become cutting-edge directions. Re-
search and practice have shown that quantile regression
models can effectively construct load prediction intervals,
providing a basis for risk assessment [14].

Although the aforementioned methods have made
progress in prediction accuracy, feature extraction, and
spatiotemporal modeling, they still exhibit limitations in
handling dynamic spatial topology changes, integrating

spatiotemporal multiscale features, and achieving model
generalization capabilities. This is particularly evident
when addressing scenarios with high renewable energy pen-
etration and significant load fluctuations. To address these
challenges, this study proposes a multi-scale power load
forecasting model integrating Adaptive Graph Convolu-
tional Networks (AGCN) and Multi-Heterogeneous Anal-
ysis (MHA), termed MS-AGCN-MHA. By adaptively con-
structing the spatial correlation matrix of power system
nodes, it integrates multi-order topological information to
enhance spatial feature representation capabilities. Addi-
tionally, it utilizes the MHA mechanism to capture key
information across different time scales in the temporal
dimension, achieving deep fusion modeling of load spa-
tiotemporal characteristics. The research aims to improve
the accuracy and stability of multiscale load forecasting,
providing more reliable decision-making support for intel-
ligent dispatch in complex power systems. The innova-
tion lies in simultaneously achieving dynamic spatial topol-
ogy updates, multi-scale temporal dependency modeling,
and frequency-domain feature integration. This approach
enhances prediction performance in complex power sys-
tem environments, providing efficient and reliable techni-
cal support for secure dispatch and scientific planning in
smart grids.

2. Methods and Materials

2.1 Prediction Algorithm Based on AGCN and
MHA

To address the multi-scale characteristics of power load
data in terms of time and space, this study proposes an
AGCN-MHA algorithm. Fig. 1 depicts the AGCN-MHA
algorithm’s fundamental structure.
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Figure 1. AGCN-MHA Prediction Algorithm Diagram

In Fig. 1, the input end first receives power load sequence
data from multiple regions. The original load sequences
undergo local feature encoding through the convolutional
neural network feature extraction unit. Position encoding
and time encoding are introduced at this stage to enhance
the model’s ability to represent spatiotemporal sequences.
Next, the encoded features are sent to the Fast Fourier
Transform (FFT) module for frequency domain transfor-
mation to extract multi-scale information of the load signal
in the frequency domain. To effectively integrate frequency
domain and time domain information, the significant fre-
quency domain components extracted by FFT are studied



as independent feature vectors, and they are concatenated
with the spatial enhanced features output by AGCN in the
feature dimension to form the input of the MHA module.
On this basis, each attention head in the MHA mechanism
generates its key and value matrices from a composite fea-
ture that combines spatiotemporal and frequency-domain
information when calculating temporal dependencies. This
enables the model to simultaneously balance spatiotem-
poral context and frequency domain characteristics when
capturing temporal dependencies, thereby achieving deep
adaptive fusion of frequency domain spatiotemporal fea-
tures. Subsequently, the core component AGCN dynam-
ically characterizes the correlations between power load
nodes through a learnable adjacency matrix, overcoming
the limitations of traditional GCNs that rely on static adja-
cency matrices. This enables adaptive adjustment of node
relationship weights across different prediction stages. For
temporal modeling, MHA captures long-range dependen-
cies in time series, enabling the model to focus on distinct
temporal patterns across different subspaces. To mitigate
gradient vanishing, the research introduces residual unit
structures between the GCN and attention network, while
applying SoftMax normalization after each layer to stabi-
lize feature distributions.

In addition, AGCN and MHA mechanisms achieve deep
fusion through a cascading approach of ”spatial priority,
temporal successor”. The model first uses AGCN to dy-
namically aggregate the spatial features of each power node
on each time slice, generating a spatially enhanced node
feature sequence. Subsequently, the MHA mechanism acts
on the temporal dimension of the sequence, capturing long-
term dependencies by calculating attention weights across
time steps. This ”space-time” alternating processing mode
can stack multiple layers in the network, allowing deep
AGCOCN to further optimize spatial relationships based on
the temporal context provided by MHA, while deep MHA
can mine complex temporal patterns based on more accu-
rate spatial features, thereby achieving collaborative evo-
lution and joint modeling of spatiotemporal features. Fi-
nally, a multi-layer perceptron is used to perform regres-
sion output for the predicted values. Meanwhile, the learn-
able dynamic adjacency matrix does not directly partici-
pate as a parameter in the calculation of queries, keys,
and values in MHA. The spatially enhanced node feature
sequence output by AGCN is the direct input for MHA’s
time attention calculation. An optimized adjacency matrix
can aggregate more relevant spatial neighbor information,
resulting in feature sequences with less noise and clearer
spatial semantics. When the MHA mechanism performs
operations on the high-quality sequence, its calculated at-
tention weights can more accurately focus on the truly crit-
ical temporal patterns, rather than being misled by local
spatial noise. Fig. 2 depicts the AGCN module’s basic
structure.

In Fig. 2, first, the input power load data goes through a
feature extraction module, which converts the time series
data into node feature representations suitable for graph
convolution operations. Next, AGCN calculates the simi-
larity between node embedding vectors to generate a learn-
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Figure 2. AGCN Basic Structure Diagram

able adjacency matrix that reflects the spatial relation-
ships between nodes [15]. The node features are aggre-
gated using graph convolution operations, and the neigh-
borhood range of feature aggregation is dynamically de-
termined by a learnable adjacency matrix rather than re-
lying on a predefined topological structure [16]-[17]. The
model performs deep mining of local spatiotemporal infor-
mation through feature-weighted aggregation of neighbor-
ing nodes, while also taking into account global features
at different scales. Finally, after undergoing multi-layer
graph convolution and nonlinear activation function (AF)
processing, the network outputs a high-dimensional repre-
sentation that integrates multi-scale features, which serves
as input for subsequent prediction modules. The adap-
tive adjacency matrix is dynamically generated by calcu-
lating similarities among node features, with its core be-
ing a learnable transformation matrix, as shown in Equa-
tion (1).

A(|) = softmax(ReLU (X(|)Wa(|)X(|)T)) (1)

In Equation (1), Aqy denotes the adaptive adjacency ma-
trix of layer |, reflecting the dynamic spatial dependency
strength between nodes. softmax represents the normal-
ization operation, ensuring the sum of weights in each row
of the adjacency matrix equals 1. ReLU denotes the rec-
tified linear unit activation function. Xy represents the
feature matrix of input nodes in layer I. Wg(y denotes
the learnable weight matrix constructed from the adja-
cency matrix of layer |, whose function is to map node
features onto a latent space where similarity can be effi-
ciently computed. The study employs the Xavier uniform
distribution strategy to initialize the learnable weight ma-
trix. This strategy automatically adjusts the initialization
range based on the number of input and output neurons
in the layer, helping maintain stable gradient flow during
early training and accelerating model convergence. Dur-
ing the model training process, the learnable weight matrix
is optimized along with all other model parameters using
the backpropagation algorithm. Its gradient is calculated
based on the total loss function and updated through the
Adam optimizer. The update frequency of this weight ma-
trix is consistent with the main network of the model, that
is, it is updated once per training batch. The expression
for the convolution operation is shown in Equation (2).

Ha+y = (ApHmWay) (2)



In Equation (2), Hg+1y denotes the FM of the | + 1-th
layer nodes.  denotes the nonlinear AF. Hy denotes the
FM of the |  th layer nodes. Wy denotes the learnable
WM of the | th layer graph convolution, used to perform
a linear transformation on aggregated neighbor features.
Fig. 3 depicts the MHA module’s fundamental structure.
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Figure 3. Schematic Diagram of the MHA Mechanism

Fig. 3 illustrates the core workflow of the MHA mech-
anism in temporal feature modeling. First, the input
feature vector is parallelly mapped to multiple attention
heads. Each head generates three matrices—query, key,
and value—through independent linear transformations.
These matrices compute attention weights via dot products
and undergo SoftMax normalization, reflecting the correla-
tions between different time points in the sequence. Subse-
quently, each head performs a weighted summation of the
value vector based on these weights, extracting feature in-
formation from distinct subspaces. The concatenated out-
puts from all heads are then fused through a linear trans-
formation to form the final feature representation. This
enables the model to simultaneously capture multiple tem-
poral dependency patterns, enhancing its ability to model
long-range dependencies and complex temporal relation-
ships [18]. Furthermore, the multi-head attention mecha-
nism leverages parallel computation advantages, improving
computational efficiency and model expressiveness. The
MHA mechanism captures diverse temporal dependency
patterns by computing multiple attention heads in par-
allel. Its final output is obtained by concatenating and
linearly mapping the outputs from each attention head, as
shown in Equation (3).

MHA(X) = Concat(head;; heady; :::; headn)Wo  (3)

In Equation (3), MHA(X) represents the final MHA out-
put. Concat represents concatenating the outputs of all
heads in the feature dimension. heady, is the output of the
h th attention head. Wq represents the linear mapping
WM. The calculation of heady, is shown in Equation (4).

headn, = Attention(Q WK W[V WY)  (4)

In Equation (4), Q, K, and V represent the query, key, and
value matrices, respectively. Wr?, WA( and W,¥ represent
the learnable projection matrices for the h  th attention
head, respectively.

2.2 Construction of a Multi-scale Power LF
Model Based on the AGCN-MHA Algorithm

After completing the construction based on the AGCN-
MHA algorithm, it is necessary to embed it into a complete
power LF framework to achieve end-to-end processing from
raw data to prediction results. Based on this, the study
designs a multi-scale power LF model, MS-AGCN-MHA,
based on the AGCN-MHA algorithm. Its overall structure
is shown in Fig. 4.

Multi scale prediction ﬁ

y y
Data preprocessing AGCN-MHA multi scale spatiotemporal
layer feature joint extraction layer output layer

Input —{ Power load data ) AGCN-MHA [(AGCN ) (Save the optimal modéT\
- \__algorithm  MHA ) parameters
: = ( )
CData integration
12 ) ( Early stop strategy) | Output |
( Smndardization) P Training ( —\Training el e . .
- - optimization |/~ TR Cal Multi scale accurate
(Nmse redqctlonj {_ mechanism | adeu>5,t parame%;:rs ) load forecasting resulti
processing -

e :
(_Effect evaluation )

Figure 4. MS-AGCN-MHA Model Architecture

As shown in Figure 4, the MS-AGCN-MHA model first
integrates historical load data with multi-domain exter-
nal factors such as temperature and date type through
data acquisition. It then constructs a standardized spa-
tiotemporal dataset via data preprocessing and denoising.
Subsequently, it enters the AGCN-MHA multi-scale spa-
tiotemporal feature joint extraction layer, where it learns
real-time spatial dependencies between grid nodes through
a dynamic adjacency matrix while concurrently extracting
features at different temporal scales via the MHA mech-
anism. During training, an optimizer with early stopping
is employed for parameter iteration. The graph convolu-
tion order and attention head weights are dynamically ad-
justed based on the validation set. A multi-scale composite
loss function was developed to synchronously optimize the
accuracy of all prediction steps for multi-scale prediction
tasks. The loss function is the weighted sum of losses over
multiple prediction time scales, defined as equation (5).

> .
total = t LVuYo)+ kOK; (5)
t2s

In equation (5), total represents the total loss function
value; ¢ represents the adjustable weight coefficient cor-
responding to the time scale t; Y and Y¢ respectively repre-
sent the predicted values of the model and the actual load
values on the time scale t; (Y¢; Y¢) represents the basic loss
function at time scale t; represents the regularization co-
efficient; © represents the set of all trainable parameters
in the model. Through this composite loss function, the
model is forced to learn and optimize the predictive ability
of all target time scales simultaneously during the training
process, rather than focusing solely on a single scale, ensur-
ing the balance and robustness of its multi-scale predictive
performance. It guarantees that the model performs at its
best on the validation set by continuously modifying pa-
rameters to enhance prediction performance and perform-
ing real-time evaluation of model efficacy during training.






	Overview
	Methods and Materials
	Prediction Algorithm Based on AGCN and MHA
	Construction of a Multi-scale Power LF Model Based on the AGCN-MHA Algorithm

	Results
	Experimental Environment and Parameter Sensitivity Verification
	MS-AGCN-MHA Model Prediction Performance Verification
	Generalization Ability Verification in High Renewable Energy Penetration Scenarios
	Model's Generalization Ability Verification on Chinese Power Grid Data
	Interface Design Specification

	Summary

