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Abstract

Industrial electricity load forecasting is crucial for the stable operation of
power systems and energy management. However, the complex temporal pat-
terns and dynamic interdependencies between loads from different industries
make it challenging for traditional forecasting methods to model effectively.
To address this, this paper proposes a forecasting model based on an inter-
industry association dynamic graph neural network that integrates periodic
features. The proposed method uses the Time2Vector block to adaptively
capture multiple periodic fluctuations in the load sequence, and combines
this with the cointegration relationship and error correction mechanism from
the Vector Error Correction Model (VECM) to quantify the association
strength between industries. Each industry is represented as a node, and the
association strengths define the edges and their weights. Thus, this forms
a Dynamic Inter-industry Association Graph (DIAG). This graph is then
integrated into a Dynamic Spatial-Temporal Aware Graph Neural Network
framework. As a result, the Inter-industry Association Dynamic Graph Neural
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Network (JADGNN) is formed. This model captures the complex dynamic
characteristics of electricity loads across different industries. Test cases based
on industrial load data from one province in China show that this method
significantly outperforms traditional models in terms of forecasting accu-
racy, providing a novel solution for addressing the complex industrial load
forecasting problem.

Keywords: Industrial electricity load forecasting, time2vector, periodic
features, VECM, inter-industry association dynamic graph neural network.

1 Introduction

The “dual-carbon” policy has accelerated electrification and the development
of renewable energy, increasing overall electricity demand and introducing
more concentrated and variable load patterns, thereby intensifying fluctu-
ations in the power system [1, 2]. The 14th Five-Year Plan for China’s
Modern Energy System explicitly proposes enhancing the elasticity of power
loads, promoting interaction on the demand side [3, 4]. This has resulted in
stronger time-variant and coupled characteristics in the load profiles across
different sectors. Accurate prediction of electricity demand in various indus-
tries is crucial not only for improving the efficiency and stability of power
system operations [5], but also for optimizing energy management, thereby
advancing the goal of green and low-carbon development [6].

In recent years, with the rapid advancement of time series forecasting
technologies, machine learning and deep learning-based approaches have
become prominent in the field of power load forecasting [7]. Existing studies
primarily focus on two dimensions: one is the total load forecasting for a spe-
cific region or system, and the other targets industry-specific or user-specific
load modeling.

In the area of regional load forecasting, [8] compared the performance
of hybrid Convolutional Neural Network and Recurrent Neural Network
(CNN-RNN), CNN and Long Short-Term Memory (CNN-LSTM), and CNN
and Gated Recurrent Unit (CNN-GRU) models using data from eight U.S.
states. In [9], an attention-enhanced Seq2Seq-LSTM model was proposed for
Brazil’s national load, effectively capturing long-term dependencies. Refer-
ence [10] proposes an improved pelican optimization algorithm (IPOA) to
optimize the extreme learning machine (ELM) for short-term power load
forecasting in the Australian region. In [11], a Monte Carlo Neural Network
(MCNN) was innovatively introduced to address uncertainty in power load
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forecasting for Queensland through probabilistic modeling. However, these
studies generally treat the total regional load as a unified whole, failing to cap-
ture the distinct consumption behaviors of different industries. Meanwhile,
the representation of temporal information still mainly relies on traditional
time feature construction methods, which makes it difficult to adequately
characterize the complex periodic and nonlinear variations in load time series.
In recent years, the effective representation of time information has gradually
become a key factor in improving forecasting accuracy. Time2Vector, as a
time embedding method, has been widely applied to forecasting, anomaly
detection, and time series analysis tasks in domains such as stock prediction,
healthcare, and sales forecasting [12]. Compared with traditional time fea-
ture construction approaches, Time2Vector representations can significantly
enhance the final predictive performance of models. By directly learning
appropriate time functions from data, this method avoids the limitations
of manually designed time features and can be seamlessly integrated into
existing deep learning architectures at a relatively low implementation cost.

To address the heterogeneity of industrial load characteristics, researchers
have developed a variety of industry-specific forecasting models. Given
the high volatility and energy intensity of industrial loads, they are often
the focus of modeling efforts. For instance, [13-16] proposed various
approaches including an Empirical Mode Decomposition-Variational Mode
Decomposition-Particle Swarm Optimization-Least Squares Support Vec-
tor Machine (EMD-VMD-PSO-LSSVM) decomposition model, a Particle
Swarm Optimization optimized Back Propagation neural network, an ensem-
ble learning-enhanced LSTM model, and a Temporal Convolutional Network
and Light Gradient Boosting Machine (TCN-LightGBM) fusion model.
These methods leverage signal decomposition, parameter adaptation, and fea-
ture extraction to improve forecasting accuracy. In the residential sector, [17]
utilized Bayesian networks to model correlations among multi-household
loads, while [18] proposed a model combining persistence-based autore-
gression (PAR), seasonal persistence regression (SPR), and neural networks
(SPNN), along with an adaptive ensemble switching strategy. For transporta-
tion loads, [19] adopted artificial neural networks (ANN) to predict base and
extreme peak loads, and [20] developed an attention-based deep learning
model to forecast the charging load of electric vehicles. However, these stud-
ies are typically confined to single-industry scenarios, lacking exploration of
inter-industry load correlations.

Some recent studies have attempted to explore multi-type load rela-
tionships from different perspectives. For example, [21] independently
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constructed forecasting models for different industries to capture load
heterogeneity, which improved individual industry accuracy but overlooked
potential cross-sector correlations. In [22], a bidirectional long short-term
memory (BiLSTM)-based multi-task learning framework was proposed to
jointly predict cold, heat, and electricity loads within the same energy system
by sharing hidden features. However, the static parameter-sharing mechanism
limits its ability to capture dynamic inter-industry coupling. Meanwhile,
graph neural networks (GNNs) have emerged as powerful tools for spatiotem-
poral prediction, offering new insights for multi-source load modeling. Yet,
their application remains limited to two main scenarios:

(1) Modeling geographical correlations across regions, such as in the
MDST-GNN model proposed in [23], which built a spatial graph based
on geographic proximity and integrated temporal and graph convolu-
tions; [24] further introduces a spatiotemporal attention mechanism to
capture the dynamic spatial correlations of load among geographically
adjacent regions.

(2) Modeling user-level associations within a single industry, as in [25],
where Pearson correlation and transfer entropy were used to build syn-
chronous and causal graphs among residential users, through which the
linear and nonlinear relationships in user load were mined based on the
graph structures.

These methods, however, show clear limitations: It is evident that existing
graph-based methods have significant limitations. In the context of industrial
load forecasting, they can neither directly use geographical distance to con-
struct static spatial graphs nor effectively capture the dynamic association
between industries. Therefore, constructing a dynamic association graph
structure suitable for inter-industry load becomes key to breaking through
the bottleneck in forecasting accuracy.

To address the above issues, this paper proposes a multi-industry load
forecasting model based on an inter-industry assiciation dynamic graph neu-
ral network integrated with periodic characteristics. The remainder of this
paper is organized as follows: firstly, the temporal regularity characteristics
and inter-industry association characteristics are thoroughly analyzed to lay
a foundation for subsequent modeling; secondly, the model architecture
and advantages are systematically elaborated, while the limitations of this
framework in temporal feature representation and assiciation graph con-
struction are analyzed; on this basis, the Time2Vector block is introduced,
which relies on its advantage of adaptive learning of dynamic periodicities
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to solve the problem of single temporal feature representation and realize
high-dimensional temporal feature embedding of multi-industry loads; the
Vector Error Correction Model (VECM) is adopted to analyze the long-term
periodic correlations and short-term fluctuation characteristics of industrial
loads, so as to construct a graph structure that captures inter-industry associa-
tion characteristics; then, the above blocks are integrated to build an inter-
industry assiciation dynamic graph neural network model integrated with
periodic characteristics, achieving synergistic modeling of temporal features
and correlation characteristics; finally, based on the measured multi-industrial
load data of a province in China, comparative and ablation Empirical stud-
ies are designed to demonstrate the superiority of the proposed model in
prediction accuracy.

2 Related Work

2.1 Analysis of Industrial Power Load Characteristics

2.1.1 Temporal pattern characteristics

There exists a significant correlation between the future power load of a
specific industry during a given time period and its historical load levels.
This temporal evolution of load patterns is referred to as the temporal pattern
characteristics of industrial power load. To validate this property, typical load
curves of various industries were plotted based on industrial load data of
a province in China, and the load variation patterns across different time
periods were compared.

For example, in service sectors such as Transportation, Warehousing and
Postal; Information Technology Services; Wholesale and Retail; and Leasing
and Business Services, Figure 1 shows the load curves of the four industries
during the periods from January 1 to January 7, 2022 (winter, with January 1
and 2 being weekends), January 8 to January 14, 2022 (winter, with January
8 and 9 being weekends), July 2 to July 8, 2022 (summer, with July 2 and 3
being weekends), and July 9 to July 15, 2022 (summer, with July 9 and 10
being weekends). Each data interval is 15 minutes, with 96 points per day
and 672 points per week. From the Figure 1, it can be observed that both
in the first week and the second week, the daily load change patterns of the
industries are highly similar, with the peak and valley positions of the load
on each day being very close. This phenomenon clearly reflects the temporal
regularity characteristics of industrial electricity loads, including significant
daily and weekly cyclic patterns. At the same time, on a smaller time scale,
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Figure 1 Weekly load curves for four industries.

the load fluctuations show strong complexity and diversity. The coexistence
of short-term trends and long-term cycles is a key manifestation of the tempo-
ral regularity characteristics of industrial electricity loads. Over time, the time
regularity of the load not only demonstrates periodicity but also incorporates
certain random fluctuations, making the pattern both recognizable and full of
uncertainty.

Specifically, the temporal regularity characteristics of industrial electric-
ity loads are primarily reflected in the following aspects:

Short-term Trends: Within a shorter time frame, industrial loads typically
follow certain trends, such as gradual increases during the morning peak and
gradual decreases at night. This trend reflects the daily operational rhythm of
industries.

Long-term Cyclicality: Time series usually exhibit certain periodic patterns,
meaning that over a specific time period, their change trends often repeat,
presenting similar shapes. For example, summer loads are generally higher
than winter loads, and in some industries, weekday loads are significantly
higher than weekend loads. This periodicity is highly related to the industry’s
production activities and is an important time regularity of load evolution.

Nonlinear Dynamic Features: The time evolution trajectory of industrial loads
is often not a simple linear increase or decrease but is driven by multiple
factors in a nonlinear manner, forming complex load fluctuation curves.
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2.1.2 Inter-industry association characteristics

The inter-industry association characteristics refer to the interdependence
and mutual influence between the electricity load changes of different indus-
tries. This association arises from the interaction between industries through
supply chains, market demand, and other factors, which creates correlated
fluctuations in electricity load.

As shown in Figure 2, the loads of the four industries from October 1,
2022, to October 3, 2022, all show a gradual upward trend. Specifically,
when the production activities or demand in one industry change, it typically
affects the upstream or downstream related industries. For example, when
the production load of one industry increases, it may lead to an increase
in the production activities of upstream raw material suppliers, thus raising
the electricity demand of upstream industries. At the same time, an increase
in demand from downstream industries can also cause an increase in the
electricity load of that industry. This fluctuation effect transmitted through the
supply-demand chain between industries leads to linked electricity demand,
thereby forming inter-industry association characteristics. Additionally, when
multiple industries share infrastructure or energy platforms, their electricity
demand fluctuations may be highly synchronized. For example, multiple
industries might rely on the same power grid or energy supply system,
which may result in highly synchronized fluctuations due to competition
or cooperation in resource allocation, further strengthening the association
between industries.
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Figure 2 Load trend variation of four industries.
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Therefore, the inter-industry association characteristics of load reveal
the mutual influence and linkage effects between the electricity demands of
different industries. This characteristic requires electricity load forecasting
to break through the single-industry perspective, considering the relation-
ships between industries and constructing inter-industry collaborative load
forecasting models.

2.2 IADGNN Model Framework

2.2.1 Model architecture and advantages

In response to the modeling needs of load characteristics in industry elec-
tricity load forecasting, this study adopts the dynamic spatial-temporal aware
graph neural network (DSTAGNN) proposed by Lan et al. [26] as the frame-
work for the IADGNN model. The model effectively addresses the limitations
of traditional methods in modeling complex spatial-temporal dependencies
through the dynamic spatial-temporal attention block and spatial-temporal
graph convolution block architecture.

1. Dynamic Spatial-Temporal Attention Block

This block includes a temporal attention layer and a spatial attention layer, as
shown in Figure 3.

(1) Temporal Attention

The deep mining of temporal features is achieved through the synergistic
effect of multi-head self-attention and residual connections. Specifically,
the model uses multiple independent attention heads to perform parallel
projections of the input sequence, generating multiple sets of query (Q(),
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Figure 3 Structure diagram of the dynamic spatial-temporal attention block.
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key (K (l)), and value (V(l)) matrices. This design allows the model to simul-
taneously focus on interaction patterns across different time dimensions.

QUEKWT
Vdy

where Q, KO V() represent the Query, Key, and Value matrices of the
temporal attention layer; dj, denotes the scaling factor; and AU~ represents
the attention matrix from the previous temporal attention layer. To further
enhance temporal modeling capability, the model employs cross-layer resid-
ual attention connections by adding the attention matrix output from the
current layer to A/~ thereby achieving the fusion of shallow local features
and deep global features.

Att(Q(l)7K(1)7 V(l)) — Softmax< + A(z1)> v )

(2) Spatial Attention

The core of the spatial attention layer lies in the joint optimization of
DIAG and the attention weights. An improved self-attention mechanism is
designed in the model, where the input vectors are processed through two
branches (Query(Q’ (h)) and Key (K’ (h)y) to compute the attention coeffi-
cients. However, unlike the traditional Transformer structure, the resulting
attention coefficients are not directly used to weight the input embeddings
from the Value (V') branch. Instead, a learnable parameter matrix W (") is
introduced to adjust the inter-industry association graph G. During the atten-
tion computation, the model dynamically calibrates G using W (), enabling
the spatial attention weights to not only capture the statistical patterns from
historical data but also adapt to fluctuations in real-time load data.

Ql(h) (K/(h) )T
vy

where Q") K'(") represent the query and key matrices in the spatial
attention layer; © denotes the hadamard product.

ph) — Softmax( +wh g G) ()

2. Spatial-Temporal Convolution Block

This block consists of spatial graph convolution and temporal gated convolu-
tion, as shown in Figure 4.

(1) Spatial Graph Convolution

Spatial Graph Convolution employs Chebyshev polynomial expansion to
approximate spectral graph convolution, enabling each industry node to
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Figure 4 Structure of the spatial-temporal graph convolution block.

perceive multi-level relational dependencies through the design of higher-
order polynomials. Unlike the fixed weight assignment in static graph
convolution, this approach dynamically binds the spatial attention weights
P*) with each polynomial term, thereby establishing a dynamically coupled
mechanism for inter-industry associations.

K-1
g9 % Gz =Y O(Ti(L) © PW)x 3)
k=0

where gg represents the approximate convolution kernel; *G represents
the graph convolution operation; x represents the input; 8 represents the
polynomial coefficients iteratively updated during training; 7 (L) represents
the k-th order Chebyshev polynomial, with the input being the normalized
Laplacian matrix.

(2) Temporal Gated Convolution

Temporal Gated Convolution captures complex temporal patterns through a
multi-scale gated residual architecture. The model parallelly deploys three
groups of GTU units with different scales. The small-scale convolution
focuses on extracting short-term fluctuation features, the medium-scale cap-
tures regular fluctuations induced by periodicity, and the large-scale models
global trend features across time periods. After dimensionality reduction via
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max pooling, the outputs from all scales are fused with the original input
through residual connections, preserving feature information at multiple time
granularities while avoiding the vanishing gradient problem.

Z(Qt = Re LU(Concat(Pooling(I'y %, Z!), Pooling(I'y %, Z(1),

o
Pooling(I's %, ZW)) + Z2W) 4)

where Pooling(-) adopts a dynamic pooling strategy based on attention
weights, prioritizing the preservation of key time-step features; I';,(n = 3)
represents convolution kernels of different scales, and Z represents the input.

2.2.2 Limitations analysis

Although the DSTAGNN model architecture captures the correlation features
of power load, there are still two limitations in the industry power load
forecasting scenario:

1. Single Representation of Temporal Features: The existing DSTAGNN
model does not model temporal features separately, but rather extracts
temporal information through the time attention mechanism and time-
gated convolution. However, the time attention mechanism is prone
to noise interference when dealing with long time series, leading to
decreased attention on key time steps and affecting the capture of long-
term dependencies. Although the time-gated convolution can extract
local temporal features, due to the fixed size of the convolution kernel,
it is difficult to adapt to load change patterns at different time scales.
Therefore, a more flexible temporal feature modeling method is needed
to achieve comprehensive representation of temporal features.

2. Lack of Dynamic Inter-industry Association Graph Construction
Method: In the industrial load forecasting field, traditional graph-based
modeling methods are usually based on geographical proximity to
build spatial association models. However, industrial loads and regional
power loads have essential differences: the former does not have geo-
graphical clustering features but forms a complex association network
through economic links such as industrial chains and supply-demand
relationships. This characteristic makes traditional graph models based
on geographical distance unable to accurately represent the interaction
mechanisms between industries. It is necessary to break through the lim-
itations of spatial proximity assumptions and construct dynamic graphs
based on economic correlations between industries, enabling dynamic
inter-industry association modeling.
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2.3 Time2Vector Block

To address the issue of single representation of temporal features, the
Time2Vector block [27] is introduced to learn both periodic and non-periodic
features by mapping time information into multidimensional vectors and
adaptively capturing different pattern modes in the time series. As shown
in Figure 5 and Equation (5), this time encoding function adopts a piecewise
design to achieve multi-scale temporal feature extraction: when the dimen-
sion index is 7, it captures the long-term trend components of the time series;
when ¢ is used, it maps the data through a nonlinear function to analyze multi-
periodic features. The final output vector encodes the time scalar into a time
feature with physical significance, providing a time vector for the downstream
spatiotemporal graph convolution.

t20(7)fi] = {“’” MR 5)
F(wit+ i), if1<i<k
where w; is the learnable frequency parameter, which controls the period
length of the time features; ¢; is the learnable phase parameter, which adjusts
the offset of the time waveform; F' uses the sin and cos functions to capture
periodicity.

2.4 DIAG Construction Based on VECM

2.4.1 VECM
To address the challenge of economic association modeling in industrial
electricity load forecasting, this paper introduces the VECM [28] to construct
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the DIAG. This model breaks through the traditional spatial proximity
assumption by analyzing the dynamic interaction patterns of electricity
loads between industries through cointegration tests and error correction
mechanisms.

The basic form of VECM is as follows: Assume there is a time series
vector Yy = Y14, .., Yit,-- -, YUn,s), Where each component y; ; represents a
time series. In analyzing the electricity load association mechanism between
industries, these time series correspond to the load sequence of the i-th
industry. By performing linear regression on Y%, the (Vector Autoregressive
Model) VAR model can be obtained, and its expression is:

Yi=A1Y; 1 +AY, o4+ AY ) +e (6)

where Y; represents the model variables; Y;_,, represents the p-lagged values
of the model variables; A, is the parameter matrix; and &; is the random dis-
turbance term. By performing a differencing transformation on Equation (6),
the general expression of VECM is obtained:

p—1
AY,=a-n-Yia+» B AYi g+ (7
k=1

where Matrix « is the adjustment coefficient matrix, with each column
vector representing the weights of a cointegration combination, reflecting
the response when the long-term equilibrium relationship between variables
deviates. Matrix 7); is the cointegration vector matrix, where each row vector
corresponds to a cointegration vector, and the error correction term 7; - Y;—1
represents the long-term equilibrium relationship between the variables.
Meanwhile, the coefficient matrix [ of the independent variable differenced
terms indicates the impact of the short-term fluctuations of the variables on
the short-term changes of the dependent variable [29].

2.4.2 Variance decomposition method

Based on the above analysis, the coupling and association characteristics
between industries are mainly influenced by parameters a7, S;. In the
VECM model, the variance decomposition method is commonly used to
reorganize information and extract key insights from these three parameters.
The variance decomposition method decomposes the total fluctuation of a
complex variable (i.e., its variance) into contributions from its components,
thereby quantitatively measuring the impact of different factors on the overall
fluctuation.
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By transforming Equation (7) into the VAR model and introducing the lag
operator L, that is:

P P
Y = (ZML’“)YHst e = (InZAkLk>Yt 8)

k=1 k=1

where L* represents the k-th order lag operator, and I, represents the identity
matrix.

If the model corresponding to Equation (8) is stationary, it can be rep-
resented as an infinite moving average process of a white noise vector,

that is:
Y, = <Z @L’“)at ©)
k=0

where C' represents the coefficient matrix, indicating the influence of the i-th
order lag white noise vector on P, and Cy = I,,.
The component form corresponding to Equation (9) is as follows:

[e.o] n
k .
Yie = DD ek i=12..T (10)
k=0 j=1

(k)

In the equation, ¢; ; represents the specific elements of the coefficient matrix
Ck, meaning the influence of the j-th component of the k-th order lag
disturbance vector €;_j on y; ;.

Under the assumption that the components of ¢; are uncorrelated and the
covariance matrix is a diagonal matrix, the variance of y; ; is as follows:

S(pi) = KZ Cz(f;))%j], i=1,2,...,n (11)
k=0

Jj=1

where o; represents the variance of the j-th variable.

The variance of y; ; can be decomposed into n uncorrelated components.
By observing the relative contribution rate y; ; of the variance of variable y; ;
based on the shock to the variance of R; ;, we can assess the impact of the
j-th variable on the i-th variable. In other words, by calculating the size of
R; j, we can perform a quantitative analysis of the coupling and associative
characteristics between industries. The formula for calculating R;; is as

follows: *
Ziio(ci,j )2‘7j

12
(i) (12)

Rij=
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Figure 6 Flowchart of constructing DIAG based on VECM.

Based on the above explanation of the basic structure and mathematical
significance of the VECM model, the steps for constructing the DIAG using
the VECM model are shown in Figure 6:

(1) Perform the Augmented Dickey-Fuller (ADF) test on industrial load
series. If there are non-stationary series, use the differencing method
to eliminate trend and seasonal fluctuations [30], thus addressing the
spurious regression problem caused by non-stationary series, reducing
the risk of misjudging false associations between industries.

(2) Construct the VAR model framework, select the optimal lag order based
on Akaike Information Criterion (AIC), Schwarz Information Criterion
(SIC), and Hannan-Quinn (HQ) criteria, capture the transmission delays
of industry impacts, and use the Johansen cointegration test to analyze
the long-term equilibrium relationships between industries.

(3) Build the VECM model based on the cointegration results. This model
captures the adjustment mechanism of the long-term relationships
between industries through the error correction term (ECT), and also
quantifies the short-term mutual influence of industrial load changes by
incorporating short-term fluctuation terms.

(4) Use the variance decomposition method to calculate the contribution of
each industry to the load fluctuations of other industries, resulting in a
contribution matrix between industries. Normalize it into an adjacency
matrix weight, and use it to measure the correlation between nodes.



768 Bo Zhao et al.

Then, perform binarization to set non-zero elements to 1, generating
the graph structure. This process ensures that in graph convolution
operations, each node only aggregates the most relevant neighbor
information.

(5) In summary, form DIAG, which reflects the interaction of industrial
power loads over time. As time progresses, the edge weights in the graph
will be continuously adjusted based on the time-varying association
strengths between industrial loads, capturing the dynamic changes in
industrial load fluctuations.

3 Industry Association Dynamic Graph Neural Network
Model Integrating Periodic Features

The structure of the IADGNN model integrating periodic features is shown in
Figure 7. This model consists of the Time2Vector block, DIAG constructed
based on VECM, and IADGNN model. The overall method flow is shown in
Figure 8. and is detailed as follows:

First, the sliding window method is used to divide the normalized
industrial load data into training, validation, and test sets.

Next, the Time2Vector time embedding layer is used to extract the peri-
odic and non-periodic features of the data, which are then used as input along
with the original data.

Subsequently, the IADGNN model is employed for prediction. The model
is composed of multiple spatial-temporal blocks stacked together. Each block
includes two main components: the dynamic spatial-temporal attention block
and spatial-temporal graph convolution block, which are used to fully extract
and integrate the spatial-temporal features from multi-dimensional load data.
Specifically, the dynamic spatial-temporal attention block includes a temporal
attention layer and a spatial attention layer. The temporal attention layer
captures dependencies between different time steps in the load sequence,
enhancing the model’s ability to perceive temporal dynamics. The spatial
attention layer, based on the DIAG, learns the correlation between different
industry nodes adaptively, capturing the time-varying industry association
strength and guiding the more efficient propagation of information in the
graph.

In the spatial-temporal graph convolution block, the spatial graph convo-
lution part uses DIAG to replace the static adjacency matrix, modeling the
local structure of industry nodes and further enhancing the model’s ability to
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Figure 7 Overall architecture diagram.

model the dynamic structure of industries. The temporal gated convolution
models the feature changes of nodes over time using a gating mechanism,
effectively mitigating the issue of information attenuation in long sequence
learning. Multiple spatial-temporal blocks are stacked sequentially, and the
output of each block is passed to the next layer for deeper feature extraction.
Finally, after all the spatial-temporal blocks, the model uses a fully con-
nected layer to map the multi-layer integrated features to the final prediction
space. A batch inverse normalization is applied at the output end to restore
the data to the original load scale, and the final prediction result is output.
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4 Test Cases
4.1 Selection of Industrial Load Data

The data used in this study initially consist of electricity load data from
eleven different industries in a province of China, covering the period from
January 1, 2022, to December 31, 2022, with a time interval of 15 minutes,
resulting in 96 data points per day. Given the significant correlations among
electricity loads across different industries, Pearson’s correlation coefficient,
which measures the linear correlation between two variables and ranges
from —1 to 1, is employed to quantify the inter-industry load relationships,
where values closer to 1 indicate stronger positive correlations. To reduce the
influence of irrelevant or noisy industries and improve model performance, a
subset of industries with high correlation levels is selected from the original
eleven industries and used as inputs to the IADGNN model. The correlation
analysis results are presented in Table 1. Industries with a Pearson correlation
coefficient greater than or equal to 0.8 are selected for experimental analysis,
resulting in four representative industries: transportation, storage and postal
services; information transmission, software and information technology
services; wholesale and retail; and leasing and business services.

4.2 Construction of the DIAG

Based on the construction process shown in Figure 6. of Section 2.4, the
following steps are implemented sequentially:Perform the ADF test on the



Industrial Electricity Load Forecasting Considering Periodic Features 771

Table 1 Average Cross-industry correlation table

The Average Correlation

Industry with Other Industries
Information transmission, software and information technology 0.82
services

Leasing and business services industry 0.82
Transportation, warehousing and postal industry 0.8
Wholesale and retail trade 0.8
Finance industry 0.79
Real estate industry 0.79
Construction industry 0.78
Public services and management organizations 0.76
Accommodation and cateringindustry 0.75
Agriculture, forestry, animal husbandry and fisheries 0.43
Industrial 0.3

Table 2  Stationarity test results of power series

Variable ADF Statistic ~ p-value Is Stationary
Transportation, warehousing and postal industry  —39.37894127 0 Yes
Information transmission, software and —48.9270821 0 Yes
information technology services

Wholesale and retail trade —49.87655251 0 Yes
Leasing and business services industry —55.50486399 0 Yes

data [31]. The test results are shown in Table 2. As can be seen from Table 2,
the station and cluster power series all passed the stationarity test with a result
of “Yes,” indicating that these power series are stationary and do not require
differencing for subsequent steps.

Establish a general VAR model based on Equation (6), and determine
the optimal lag order of the model as 197 using the AIC, SIC, and HQ
criteria. The Johansen cointegration test is then applied to the power series,
and the test results are shown in Table 3. As observed from Table 3, there
exists a cointegration relationship among the data, which satisfies the basic
requirement for constructing the VECM model. Therefore, the model can be
built.

As shown in Tables 3 and 4, both the Trace statistic test and the Maximum
Eigenvalue test indicate that there are three cointegrating relationships among
the load series of the four industries, which satisfies the basic condition for
constructing the VECM. Accordingly, the VECM model is built based on
Equation (7).
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Table 3 Trace statistic test results
Assuming the Number of Cointegration Equations  Trace Statistic ~ 5% Critical

None 1058.041848 55.2459
At most 1 732.6513914 35.0116
At most 2 457.7680272 18.3985
At most 3 194.4727844 3.8415

Table 4 Maximum eigenvalue test results

Assuming the Number of Maximum

Cointegration Equations Eigenvalue Statistic 5% Ceritical
None 325.3904566 30.8151
At most 1 274.8833642 24.2522
At most 2 263.2952428 17.1481
At most 3 194.4727844 3.8415

Following the above analysis and the theoretical framework in Sec-
tion 1.4.2, variance decomposition is performed on the error terms of the
constructed VECM. The variance decomposition results for the transporta-
tion, storage and postal services industry; information transmission, software
and information technology services industry; wholesale and retail industry;
and leasing and business services industry are shown in Figure 9. The specific
analysis is as follows:

(1) Transportation, Storage and Postal Services: Variance decomposition
results show that fluctuations in this industry are primarily driven by its
own historical factors, with an initial contribution of 99.1%, gradually
decreasing to about 74% in the long term. Among other industries,
the contribution of the wholesale and retail industry increases signifi-
cantly over time, from 0.4% to 13.5%, becoming the most influential
external factor. The contribution of leasing and business services rises
from 0.26% to 7.3%, ranking second, while the information technology
industry contributes relatively little but gradually increases from 0.2%
t0 5.2%.

(2) Information Transmission, Software and IT Services: This industry
is initially highly influenced by its own factors. However, over time,
the contribution from the leasing and business services industry rises
sharply from 1.96% to 31.1%, becoming the main external driving
force. The contribution from wholesale and retail increases slightly from
0.2% to 3.5%, while transportation’s contribution remains below 0.2%
throughout.
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Figure 9 Variance decomposition results of the four industries.

(3) Wholesale and Retail: This industry has a high self-contribution that
gradually declines. Among external contributors, leasing and business
services have the most notable impact, increasing from 0.05% to 9.9%.
The contribution from the information industry stabilizes after dropping
from 5.1% to 3.5%, while the transportation industry’s contribution
remains below 2.8%. In the long term, the explanatory power of leas-
ing and business services on its fluctuations significantly increases,
especially in the later stages, becoming the dominant external factor.

(4) Leasing and Business Services: This industry’s own contribution

remains dominant in the long term, though the contribution from whole-
sale and retail declines from 30.9% to 21.4%, still representing a major
external source. The contribution from the information industry steadily
increases from 9.5% to 16.5%, while transportation’s contribution rises
from 0.7% to 3.7%. Together, they drive the fluctuations in this industry.
Overall, the marginal influence of the information and transportation
industries is expanding, while the contribution from wholesale and retail
shows a decreasing trend.
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4.3 Industrial Load Forecasting Based on the
Time2Vector-IADGNN Model

In this study, a sliding window approach is used to divide the normalized
industrial load data into training, validation, and test sets in a ratio of 6:2:2,
with both the input and prediction step lengths set to 96. Based on the training
set, the Time2Vector-IADGNN model is trained using mean squared error
(MSE) as the loss function and the Adam optimizer for gradient descent.
Hyperparameter tuning is conducted using the validation set.

To prevent overfitting, early stopping is introduced, and a maximum
number of training epochs is set. Additionally, a dynamic learning rate adjust-
ment strategy is applied to stabilize training fluctuations and enhance both
convergence and generalization performance. After training, the final model
is used to predict industrial loads on the test set and outputs the corresponding
forecast results.

In this study, three evaluation metrics are used to assess the forecasting
performance: mean absolute error (MAE), root mean square error (RMSE),
and mean absolute percentage error (MAPE) [32]. The calculation formulas
for these metrics are provided in Equations (13)—(15).

I,
MAE:EZ‘?/@‘_%‘ (13)
=1
1 g —
mapg = 00 | B (14)
no = Yi
=1
1 n
RMSE = \| > (i = vi)? (15)
=1
where n represents the number of prediction samples; §; = {91,92, .., Un}
denotes the predicted values; y; = {y1, y2, - . ., Yn } denotes the actual values.

4.4 Comparative Empirical Studies

To evaluate the prediction accuracy of the proposed method, we compare it
with the following prediction methods:

BiLSTM-Attention (Single Industry): Uses the BiLSTM-Attention model
to predict the load of each industry individually, and then aggregates the
predictions to obtain the final results for all industries.
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BiLSTM-Attention (Multi-Industry): Uses the BILSTM-Attention model to
predict the loads of all industries simultaneously with multi-input and multi-
output.

STGCN [33] (Spatio-Temporal Graph Convolutional Networks): Uses the
STGCN model for multi-input and multi-output prediction of the loads across
all industries.

STAGNN (Spatial-Temporal Aware Graph Neural Network): Uses the
STAGNN model for multi-input and multi-output prediction of the loads
across all industries.

The specific hyperparameters used in the experiments are listed in
Table 5.

The comparative results are shown in Table 6 and Figure 10. The proposed
model outperforms all benchmark methods across all evaluation metrics.

Table S Optimal parameter conffgurations for different models

Models Optimal Configurations

BiLSTM-Attention (Single Industry)  hidden_size=256, number of units in the Attention
layer=256, batch_size=32, learning rate=0.01

BiLSTM-Attention (Multi-Industry)  hidden_size=156, number of units in the Attention
layer=156, batch_size=96, learning rate=0.01

STGCN Number of Spatio-temporal Convolution block=4,
the channels of Temporal Convolution Layer=64, the
channels of Spatial Convolution Layer=16, Temporal
Convolution Kernel Size=3, Spatial Convolution
Kernel Size=3, batch_size=128, learning rate=0.001

STAGNN Number of Spatial-Temporal block=4, Number of
Attention Heads in Temporal Attention block=3,
Number of Attention Heads in Spatial Attention
block=3, Number of Channels in Spatial Graph
Convolution Layer=32, Number of Channels in
Temporal Gated Convolution Layer=32, Temporal
Gated Convolution Kernel Size=9, 15, 21,
batch_size=64, learning rate=0.0001

Time2vetor-IADGNN Number of Spatial-Temporal block=4, Number of
Attention Heads in Temporal Attention block=3,
Number of Attention Heads in Spatial Attention
block=3, Number of Channels in Spatial Graph
Convolution Layer=32, Number of Channels in
Temporal Gated Convolution Layer=32, Temporal
Gated Convolution Kernel Size=9, 15, 21,
batch_size=64, learning rate=0.0001
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Table 6 Comparison of evaluation metrics for different models
BiILSTM- BiLSTM-
Attention  Attention

(Single (Multi- Time2 Vector-
Industry) Industry) STGCN STAGNN IADGNN

Transportation, RMSEMW) 6.90 7.38 7.81 6.62 5.03
warehousing and MAE(MW) 5.54 5.90 6.31 5.22 3.87
postal industry MAPE(%) 4.37 4.62 5.49 4.22 3.08
Information RMSEMW) 3.49 3.10 3.41 3.29 1.85
transmission, MAEMW) 2.94 2.55 2.71 2.87 1.44
software and MAPE(%) 2.09 1.82 1.98 2.08 1.05
information
technology
services
Wholesale and RMSEMW) 15.57 16.19 11.62 10.56 8.37
retail trade MAEMW) 12.22 13.15 9.19 8.45 6.72

MAPE(%) 4.61 5.26 4.00 3.59 3.07
Leasing and RMSEMW) 6.19 6.29 5.91 5.66 3.07
business MAEMW) 5.21 5.32 4.46 4.88 2.61
services MAPE(%) 7.74 7.84 7.62 7.74 4.73
industry

Experimental results demonstrate that in the load forecasting task for four
industries, the Time2 Vector-ITADGNN model achieves average improvements
of 42.72%, 44.03%, and 37.98% over the BILSTM-Attention (Single Indus-
try) model across the three evaluation metrics. This is mainly because
the BiLSTM-Attention model primarily relies on long-term dependency
modeling in time series. Although it can effectively capture nonlinear tem-
poral features, it lacks the capability to model the dynamic inter-industry
correlations in load data.

Compared to the BIiLSTM-Attention (Multi-Industry) model,
Time2Vector-IADGNN improves prediction performance by an average of
42.96%, 44.44%, and 39.26% across the three evaluation metrics. This is
because the BiLSTM-Attention model, when applied to industrial data, still
focuses mainly on the temporal prediction of individual industrial data and
fails to effectively leverage the complex dynamic relationships between
industries.

Against the STGCN model, Time2Vector-IADGNN achieves improve-
ments of 39.36%, 38.53%, and 38.08%, while improvements over the
STAGNN model are 33.58%, 35.71%, and 32.55% across the respective
evaluation metrics. Both STGCN and STAGNN adopt static graph structures
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Figure 11 Comparison of prediction results from different models.

to model spatio-temporal information. While they can extract spatio-temporal
features of load data using graph neural networks, their modeling capabilities
are constrained by the limitations of static graphs, making it difficult to
capture the dynamic evolution of inter-industry relationships.

In contrast, Time2Vector-IADGNN enhances temporal feature represen-
tation through the introduction of Time2Vector, and constructs dynamic
relational graphs using the Vector Error Correction Model (VECM), enabling
the model to capture both long-term equilibrium and short-term dynamic
fluctuations within industries. Additionally, the DIAG of IADGNN allows
the model to more accurately learn inter-industry associations, resulting in
superior forecasting performance in industrial load prediction scenarios.

To further visualize the comparison, four groups of results were ran-
domly selected from the test sets of the four industries, with each group
containing 96 data samples, as shown in Figure 11, the prediction curves
of different models exhibit noticeable differences in their relative posi-
tions and deviation directions. In Figure 11(a), the prediction curves of
the compared models gradually diverge during the load rising stage, with
some models showing overall underestimation or overestimation, whereas the
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Time2Vector-IADGNN model maintains a relatively close alignment with the
true load throughout the entire prediction interval. In the sample illustrated in
Figure 11(b), the prediction discrepancies among different models are further
amplified in the high-load region, leading to a more dispersed distribution
of the predicted curves. In contrast, the predictions of the Time2Vector-
IADGNN model show smaller relative deviations from the true load and
do not exhibit evident systematic bias. As shown in Figure 11(c), although
most models are able to capture the overall load variation pattern, some
models present persistent deviations during the descending stage, while the
Time2Vector-IADGNN model is able to maintain a more stable relative
tracking relationship. For Figure 11(d), different models display varying
deviation directions over the entire prediction horizon, whereas the prediction
curve of the Time2Vector-TADGNN model remains highly consistent with
the true load across different stages. Overall, the Time2Vector-TADGNN
model is capable of effectively reducing prediction deviations and main-
taining reasonable relative positions of the predicted curves at different
stages, thereby demonstrating superior overall predictive performance in
multi-model comparisons.

4.5 Ablation Empirical Studies

While the comparative experiments validated the overall performance of
the proposed model, they did not evaluate the contributions of individ-
ual components, making it difficult to determine their importance. There-
fore, an ablation study was conducted to further assess the effectiveness
of each component. Models were constructed by systematically removing
individual components from the proposed architecture, and their perfor-
mance on the dataset was analyzed in terms of various evaluation metrics.
As shown in Table 7 and Figure 12, the experimental models include:
GNN (without Time2 Vector and DIAG), Time2 Vector-GNN (without DIAG),
IADGNN (without Time2Vector), and Time2Vector-IADGNN. All mod-
els were trained with the same hyperparameter settings as those used for
Time2Vector-IADGNN in Table 4. The results indicate that removing either
the Time2Vector block or the DIAG component based on VECM leads to a
decline in prediction accuracy. The combination of both blocks yields the best
performance across all industries. A detailed analysis is provided below:

(1) Time2Vector
The results show that Time2Vector-IADGNN outperforms IADGNN
(no Time2Vector) across all industrial datasets, with average
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Table 7 Comparison of evaluation metrics for ablation experiments

GNN Time?2 Vector-
(No GNN IADGNN
Time2 Vector, (No (No TADGNN-
DIAG) DIAG) Time2Vector) Time2Vector

Transportation, RMSE (MW) 6.17 5.54 5.45 5.03
warehousing MAE (MW) 4.83 4.30 4.40 3.87
and postal MAPE (%) 3.89 3.40 3.70 3.08
industry

Information RMSE (MW) 3.08 2.24 2.13 1.85
transmission, MAE (MW) 2.57 1.76 1.78 1.44
software

and information MAPE (%) 1.82 1.25 1.29 1.05
technology

services

Wholesale RMSE (MW) 10.28 8.55 9.49 8.37
and retail MAE (MW) 8.07 6.99 7.50 6.72
trade MAPE (%) 3.40 3.12 3.32 3.07
Leasing RMSE (MW) 3.97 3.66 3.52 3.07
and business MAE (MW) 3.49 3.16 2.88 2.61
services industry ~ MAPE (%) 6.49 5.78 5.00 4.73

2

improvements of 11.37%, 12.72%, and 12.29% across the three evalua-
tion metrics. Similarly, Time2Vector-GNN surpasses GNN by 15.51%,
16.31%, and 15.81%, respectively. This improvement is attributed to the
fact that, in the absence of Time2 Vector, the model relies solely on linear
extrapolation from historical load values and cannot fully exploit tempo-
ral information. With the introduction of Time2Vector, a trainable time
embedding mechanism maps temporal features into a high-dimensional
space, allowing the model to adaptively learn the temporal influence
patterns on load variation. This enables the model to capture both non-
periodic and periodic patterns in the data, thereby enhancing its ability
to represent temporal features and improving forecasting accuracy.
DIAG Construction Based on VECM

The results further show that Time2Vector-ITADGNN outperforms
Time2Vector-GNN across all industrial datasets, with average improve-
ments of 11.29%, 12.35%, and 11.37% in the three evaluation met-
rics. Likewise, IADGNN outperforms GNN by 15.44%, 16.03%, and
14.74%, respectively. Without the DIAG constructed using VECM,
the model relies solely on static inter-industry relationships or raw
time-series features, which are inadequate for modeling the complex
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Figure 13 Comparison of prediction results for ablation experiments.

and evolving relationships among industries. In contrast, the DIAG
constructed with VECM effectively captures long-term equilibrium rela-
tionships and short-term dynamic interactions among industries. By
leveraging cointegration relationships, it uncovers deeper inter-industry
linkages, thereby improving the model’s ability to describe dynamic
dependencies and enhancing the accuracy of load forecasting.

In conclusion, each component plays a critical role in the forecasting
task and contributes to the overall performance through synergistic effects.
Time2Vector enhances the model’s ability to represent temporal character-
istics of load data, enabling more accurate modeling of temporal patterns.
The VECM-based DIAG further strengthens the model’s capability to capture
complex inter-industry relationships, especially the long-term equilibrium
and short-term fluctuation mechanisms. Ultimately, Time2Vector-IADGNN
integrates the advantages of both blocks and achieves the best forecasting
performance across all industrial datasets, with average improvements of
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24.97%, 26.42%, and 25.08% over the baseline GNN model across the three
evaluation metrics.

To further visualize the comparison, four groups of results were randomly
selected from the test sets of the four industries, with each group containing
96 data samples, as shown in Figure 13, the temporal load patterns vary
across different industries. Specifically, the loads in Figures 13(a) and 13(b)
exhibit relatively complex fluctuations, with pronounced variations over time,
whereas the loads in Figures 13(c) and 13(d) are comparatively smoother,
showing clearer overall trends. Under these different load characteristics,
the proposed IADGNN-Time2Vector model is able to effectively track the
overall evolution of the true load in all subfigures, with the predicted curves
maintaining a high degree of consistency with the actual values. In contrast,
the other benchmark models exhibit certain deviations in some samples,
particularly in scenarios with more complex load fluctuations, where the
stability of the prediction results is relatively insufficient. Therefore, the
proposed IADGNN-Time2 Vector model demonstrates strong adaptability to
different load fluctuation characteristics and is capable of maintaining stable
predictive performance across multi-industry scenarios involving both com-
plex variations and smooth trends, which further validates its effectiveness in
multi-industry load forecasting tasks.

5 Conclusion

To address the challenges of modeling complex temporal patterns and inter-
industry associations in industrial load forecasting, this study proposes a
Time2Vector-IADGNN-based prediction model. The model is validated on
a provincial-level industrial electricity load dataset from China, highlighting
its advantages in forecasting accuracy. The main conclusions are as follows:

The Time2Vector block achieves adaptive learning of dynamic periodicity
and high-dimensional embedding for load data through nonlinear time-series
feature mapping, effectively compensating for the lack of time feature repre-
sentation. After introducing Time2 Vector, the overall prediction performance
improves by an average of 14.00%, significantly outperforming models
without time embedding.

The VECM-based DIAG reveals the long-term correlation and short-term
fluctuation effects of industrial loads in the time evolution process. After
incorporating the DIAG, the overall prediction performance improves by an
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average of 13.54%, significantly outperforming traditional graph structure
models.

IADGNN dynamically captures the evolving inter-industry correlations
driven by temporal and load fluctuations through the DIAG structure, effec-
tively modeling the complex and time-varying load dependencies among
industries. Compared to traditional models and static graph models, the
proposed model achieves an average improvement of 39.10% in overall
prediction performance, demonstrating its advantages in industrial load
forecasting.
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