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In order to further improve the efficiency of energy utilization, Integrated Energy
Systems (IES) connect various energy systems closer, which has become an
important energy utilization mode in the process of energy transition. Because
the complex and variable multiple load is an important part of the new power
system, the load forecasting is of great significance for the planning, operation,
control, and dispatching of the new power system. In order to timely track the
latest research progress of the load forecasting method and grasp the current
research hotspot and the direction of load forecasting, this paper reviews the
relevant research content of the forecasting methods. Firstly, a brief overview of
Integrated Energy Systems and load forecasting is provided. Secondly, traditional
forecasting methods based on statistical analysis and intelligent forecasting
methods based on machine learning are discussed in two directions to analyze
the advantages, disadvantages, and applicability of different methods. Then, the
results of Integrated Energy Systemss multiple load forecasting for the past 5 years
are compiled and analyzed. Finally, the Integrated Energy Systems load forecasting
is summarized and looked forward.

KEYWORDS

integrated energy system, load forecasting, statistical analysis, machine learning,
multiple load

1 Introduction
1.1 Motivation and background

Energy is the basis for human survival and development and the lifeblood of the national
economy. How to ensure the sustainable supply of energy for human society while reducing
environmental pollution in the process of energy use is a common concern in the world today. The
further consumption of non-renewable energy leads to serious energy crisis and environmental
pollution, which forces us to break the original mode of separate planning, separate design,
separate construction and independent operation of each energy source and ultimately to achieve
the construction and development of IES. In other words, the development and construction of IES
is an inevitable choice to solve the energy crisis, improve environmental pollution, achieve optimal
energy efficiency, and promote the use of renewable energy on a large scale.

The IES takes the electric power system as the core and realizes cooperative management
and complementary mutual assistance among various energy systems through its many types
of energy conversion equipment and energy storage equipment (Li et al., 2021; Zhu et al,,
2021). The synergistic operation of multiple energy systems results in a strong coupling of
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FIGURE 1

Graphic representation of preliminary search results in four electronic databases.

multiple loads, which makes multiple load forecasting more
complex and allows a greater amount of internal information to
be mined than traditional single load forecasting. Therefore, it is of
great practical significance to explore the load forecasting under the
coupling conditions of multiple loads of integrated energy systems.
In this context, it is crucial to keep track of the latest research
progress of load forecasting methods and grasp the current research
hotspots and directions of load forecasting for the development and
construction of integrated energy systems.

1.2 Research methodology

The methodology of this paper takes four important steps: step
1, choosing electronic databases; step 2, setting the query
formulations and search scope; step 3, conducting preliminary
search; step 4, performing manual filter.

In Step 1, it was decided to use four publicly available databases -
Springer Link, Elsevier, IEEE Xplore, and MDPI. These databases
cover a large number and variety of journals, and more influential
factors are considered in the citation index, making these databases
include a wider range of disciplines, more comprehensive and
objective content, and higher authority in relevant research fields.
Therefore, it would be more authoritative to screen the literature
from these databases for research that fits the topic of study.

In Step 2, the query formulations and search scope are set in
these databases. The query formulations consist of key words, logical
operators, and search instructions. The keywords were set to load
forecasting in the field of integrated energy systems, multi-energy
systems, energy internet or multi-energy co-generation systems. The
following query formulations were entered to search for relevant
literature matching the research topic in the time frame from
January 2019 to March 2023:

1) (“Integrated energy system” OR “multi-energy system” OR
“energy internet” OR “energy coupling system”) AND (“load
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forecasting” OR “multiple load forecasting”) AND (“machine
learning” OR “deep learning” OR “intelligent learning algorithm”).

2) (“integrated energy system” OR “multi-energy system” OR
“energy internet” OR “energy coupling system”) AND (“load
forecasting” OR “multiple load forecasting”) AND (“statistical
analysis” OR “regression analysis” OR “time series”).

In step 3, the preliminary search result data obtained after step
2 is shown in Figure 1. Figure 1 presents the number of published
papers concerning multiple load forecasting for IES from January
2019 to March 2023. Among them, there are 1827 compliant papers
in Springer Link database, 2637 compliant papers in Elsevier
database, 1788 compliant papers in IEEE Xplore database, and
2257 compliant papers in MDPI database. Despite the fact that
2023 is not over yet (the research was conducted until 31 March
2023), it is easy to see a growing trend in the number of papers
published in the years 2019-2022. This confirms that the topic of
multiple load forecasting for IES is current. The increasing trend in
the annual publications indicates that multiple load forecasting for
IES is a developing field of study and has received a lot of attention
from scholars.

In Step 4, the papers from the initial search are manually filtered.
Considering the lack of artificial intelligence when searching the
literature using these databases, the mismatched papers need to be
removed. The search results were carefully screened, analyzed and
filtered to ensure that the core contents of the literature were
consistent with the topic of integrated energy system load
forecasting. The preliminary filtered literature was browsed in full
to ensure that the papers focused on load forecasting. A total of
61 papers were finally selected. A generalized analysis of these
61 selected articles shows that load forecasting methods can be
divided into two categories: traditional forecasting methods and
intelligent forecasting methods. Among them, there are 15 papers
related to traditional forecasting methods and 46 papers related to
intelligent forecasting methods. The specific screening process is
shown in Figure 2.
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FIGURE 2
Manual filtering process and results.

1. INTRODUCTION

1.1 Motivation and background
1.2 Research methodology
1.3 Paper structure

2. Integrated Energy System Load forecasting

2.1 Coupling and types of IES
2.2 Multiple load forecasting of IES
2.3 Performance evaluation metrics of the load forecasting results

3.1 Traditional forecasting methods based on the statistical analysis
3.2 Intelligent forecasting methods based on machine learning
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4.1 Multiple load forecasting of the influencing factors
4.2 Combined forecasting methods for multiple load

5.1 Review summary
5.2 Future research trends

FIGURE 3
Diagram of paper structure.

13 Paper structure methods based on statistical analysis and intelligent forecasting
methods based on machine learning, and analyzes the

The rest of the paper is structured as follows. Section advantages, disadvantages, and applicability of different

2 provides a brief overview of integrated energy systems and  methods. Section 4 summarizes and analyzes the results of
load forecasting. Section 3 discusses the commonly used IES multivariate load forecasting in the past 5 years. Finally,
forecasting methods in two directions: traditional forecasting  Section 5 concludes the paper with a summary and outlook on
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Schematic diagram of integrated energy system structure.

IES load forecasting. The structure of this paper is shown in
Figure 3.

2 Integrated energy system load
forecasting

2.1 Structure and types of IES

2.1.1 Coupling structure of IES

IES is based on energy input, conversion, storage and output
to achieve the coupling and complementarity of different energy
sources, promote the full consumption of renewable energy and
flexible conversion between supply and demand of multiple
energy sources, so as to meet the demand of multiple loads
and improve the efficiency of energy utilization. The IES is a
multi stream integrated system, which breaks the traditional
compartmentalized state of multiple energy streams such as
cold, heat, electricity, and gas. Figure 4 shows the structure of
the IES, in which the multi energy coupling characteristics are
shown visually.

Multiple energy flows in the system operate in concert through
energy conversion devices. These include electricity to gas, electricity
to heat, electricity to cold, and combined cooling heating and power
(CCHP). A CCHP system typically include Waste Heat Boiler,
Absorption Refrigerator and Gas Turbine. The gas uses the gas
grid to supply natural gas combustion to generate electricity to the
power grid, while the combustion produces flue gas to provide heat
to the system through a waste heat boiler and cold energy to the
system through an absorption refrigerator.
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2.1.2 Different types of IES

Multiple types of I applications, i.e., classification of integrated
energy systems. This chapter discusses the categorization for
different
subdividing the integrated energy system into industrial park

application  scenarios and application subjects,
integrated energy system, agricultural integrated energy system
and urban integrated energy system. These categorized integrated
energy system multi-energy coupling structures are designed to
combine specific application subjects on the basic structure.
Integrated energy systems containing renewable energy
generation and hydrogen storage are also mentioned in the
classification discussion.

Integrated energy systems for industrial parks are the most
common type of application. Industrial parks are dominated by
industrial loads, and the forms of terminal energy use are mainly
electricity, heat, gas and cold, etc. The characteristics of energy loads
are complex, the requirements for reliability and stability of energy
supply are harsh, the operation and scheduling of transmission and
distribution systems are complicated, and there is a strong demand
for clean, highly efficient, reliable, and economical integrated energy
supply services.

The agricultural integrated energy system focuses on gas supply
and synergizes renewable energy sources such as solar, wind and
geothermal energy to meet the energy needs of the three farmers
(farmers, rural areas and agriculture). Farmers’ energy use includes
residents’ daily life and travel, rural energy use includes medical care,
catering and commerce, and agricultural energy use includes
cultivation and harvesting. Comprehensive energy systems for
agriculture can realize local energy use and local utilization and

alleviate the crisis of industrial and urban energy use.
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FIGURE 5
IES multiple load forecasting steps.

Unlike the integrated energy system for industrial parks, the
urban integrated energy system is closer to the lives of residents with
limited energy resources, and focuses more on energy saving and
environmental protection (Ke et al., 2022a). The system takes solar
energy, distributed wind power, natural gas, and external grid as
energy sources, and utilizes internal coupling elements, such as gas
turbines, gas boilers, heat pumps, etc., to connect cold, hot, and
electrical multi-energy streams as a whole to ensure the load demand
of urban residents in their daily lives. The load demand of the
residents is usually the cold load for air conditioning, the heat load
for heating, the gas load for kitchen and other electrical loads to
maintain the normal life of the residents.

At this stage, integrated energy systems that include renewable
energy generation (Ke et al., 2022b; Xu et al., 2020a) and hydrogen
storage (Xu et al., 2020b) are widely used. For example, the wind-
photovoltaic-hydrogen storage integrated energy system (Ke et al,
2023) consists of five parts: an electric power subsystem, a hydrogen
storage subsystem, a thermal energy subsystem, a cryogenic
subsystem and a natural gas subsystem, where large-scale wind
and solar power generation is incorporated into the electric power
subsystem, and unabated power is converted into hydrogen energy
for storage by using electrolysis cells. The stored hydrogen can be
rationalized and used whenever needed regardless of time, location
and grid capacity.

2.2 Multiple load forecasting of IES

As the basis for optimal design, operation scheduling and energy
management of IES, multiple load forecasting plays an important
role. Adopting accurate forecasting methods can make the operation
of IES more stable and reliable (Talaat et al., 2020). Short-term
multiple load forecasting follows roughly the same steps as short-
term load forecasting for power systems. In general, the input and
output vectors are first determined based on the characteristic
analysis and the actual demand, and then a suitable forecasting
model is established for multiple load forecasting. The general steps
are shown in Figure 5. In recent years, the traditional statistical
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Evaluate the prediction results

analysis-based forecasting method has a more mature theoretical
system, mainly using regression analysis (Wu et al., 2022; Feng et al.,
2022; Nano et al., 2019) and time series (Ervural et al., 2016; Yu et al.,
2019; Wu et al,, 2020; Guefano et al., 2020). Their models are simple
to calculate and easy to implement, but in the face of complex
nonlinear load data, the forecasting effect is unstable and the
forecasting accuracy cannot meet the research demand.

2.3 Performance evaluation metrics of the
load forecasting results

In order to cope with complex nonlinear load data and coupling
relationships, intelligent prediction methods based on machine
learning are widely used in integrated energy system load
forecasting. Due to the wide variety of equipment involved in the
system, diverse energy coupling relationships, and complex internal
structure, feature selection for multivariate load forecasting is
crucial, and it is also a research difficulty in the field of
multivariate load forecasting at this stage. Some researchers
consider the comprehensiveness of the influencing factors and try
to exploit all the factors as input features as much as possible, but
this will lead to some irrelevant factors being input into the
prediction model, which will affect the accuracy of the
prediction; some researchers analyze the correlation of the
influencing factors in order to select the most relevant factors as
the input features, e.g., the correlation analysis is used to select the
input features, but the actual relationship between the multiple loads
and the influencing factors is not completely linear. However, the
actual multivariate load and the influencing factors are not
completely linear, and the application of correlation coefficient
has strict condition constraints, and the correlation degree
between the factors and the load obtained by correlation analysis
may be biased, which affects the final prediction accuracy.

Highly accurate load forecasting is of great importance to the
planning and operation of IES. However, there must also be errors
between the forecast results and the actual values that cannot be
completely eliminated. We can analyze the errors in depth through a
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TABLE 1 Model performance evaluation metrics.

Metric Formula

Mean Square Error (MSE) 1 Z (y— )
X -9
P ly -7l
W15

XS
> (-9

Root Mean Squared Error (RMSE)

Mean Absolute Error (MAE)

Mean Absolute Percentage Error (MAPE)

R-squared (R?)

series of scientific methods, which can help us have a clearer
perception of the forecast results and model performance. The
most used metrics and their calculation formulas are discussed in
Table 1. In these formulas, y is the actual value, y is the forecasting
value, y is the mean value of all of the data and # is the number of
forecasting samples. Usually, the performance evaluation metrics of
forecasting (Rafl et al., 2021) contains Mean Square Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE) and R-squared (R?). The
smaller the value of MAE, RMSE and MAPE, the smaller the error,
the more accurate the forecasting result and the better the
performance. R* takes a range between 0 and 1, and the closer
the value is to 1, the better the fitting effect, and the closer the
forecast result is to the true value.

MSE and RMSE are squared operations on the difference value,
so the larger error value will have a greater impact on the fit, which
helps to capture the prediction error of the model more sensitive.
Because the squared difference of outliers will be magnified, these
two performance evaluation indicators are greatly affected by the
outliers. When using them for model evaluation, it is necessary to
pay attention to the treatment of outliers and the robustness of the
model.

MAE and MAPE have little influence on outliers and are not
affected by the positive or negative direction, but do not consider the
square of the difference, so it does not magnify the square of the
difference value. These two performance evaluation indicators
reflect the absolute size of the prediction error rather than the
square size of the error relative to MSE and RMSE.

Higher R* values indicate that the model can fit the data well and
its predictive value can explain the variability of the dependent
variable. However, R* can only measure the goodness of fit of the
model to the dependent variable, and cannot judge whether the
model is overfit or suitable for application in other data sets.
Therefore, when using R? values, other indicators and domain
knowledge should be combined for comprehensive evaluation.

3 Load forecasting method

Current load forecasting methods can be divided into traditional
forecasting methods based on statistical analysis and intelligent
forecasting methods based on machine learning. This chapter
briefly introduces the forecasting methods such as Regression
Analysis, Artificial Neural Network (ANN), Support Vector
Machine (SVM), Convolutional Neural Network (CNN), and

Frontiers in Energy Research

10.3389/fenrg.2023.1296800

Recurrent Neural Network (RNN). It also summarizes and
outlines the advantages, disadvantages and applicability of each
forecasting method in order to provide reference for future load
forecasting.

3.1 Traditional forecasting method based on
the statistical analysis

3.1.1 Regression analysis

The regression analysis method builds a regression equation to
predict the future trend of the dependent variable based on the
analysis of the dependent and independent variables. The model is
simple to construct and faster to predict. However, regression
analysis requires high historical data, its structural form is too
simple, and for more complex problems, it tends to ignore the
intrinsic regularity of load changes and has low forecasting accuracy.
To solve the problems of slow forecasting speed and low forecasting
accuracy of regression analysis model (Wu et al., 2022), proposed an
improved regression model based on small batch stochastic gradient
descent. Experimental results show that the improved algorithm has
significantly improved the forecasting speed than the traditional
algorithm. In order to better load forecasting with the help of
massive data (Feng et al, 2022), proposed a load forecasting
method based on a combination of clustering and iterative
logistic regression by taking data analysis as the entry point and
choosing logistic regression method as the basic model (Nano et al.,
2019). used “calendar” as an important influencing factor as an entry
point and used multiple linear regression for load forecasting on
different dates to test the feasibility and applicability of load
forecasting on Indian calendar with two data sets.

In short, the regression analysis model has a simple principle
and structural form and cannot describe the relationship between
multiple influences on the fac-tors and load forecasts in detail.
Therefore, it is a suitable basis model for addressing short- and
medium-term load forecasting problems with large historical
data sets.

3.1.2 Time series
3.1.2.1 Univariate time series forecasting

A univariate time series is a series with a single time-dependent
variable. The commonly used analytical methods are autoregressive
(AR) (Ren et al,, 2022), Moving Average (MA) (Hu et al,, 2013),
Autoregressive Moving Average ARMA (Ervural et al,, 2016) and
Autoregressive Integrated Moving Average (ARIMA) (Yu et al,
2019; Wu et al, 2020). The advantages, disadvantages and
applicability of the four analytical methods are shown in Table 2.
Among them, the ARMA model constructed by combining the
structural advantages of AR and MA is more accurate and flexible in
fitting the data in univariate time series forecasting scenarios
(Ervural et al., 2016). constructed a combined forecasting model
to improve the accuracy of natural gas load with the help of ARMA
model in combination with genetic algorithm (GA). Validated
against actual data from a residential and commercial area, the
combined GA-ARMA model forecasting results deviated less from
the actual data and provided more accurate and effective forecasting.

The three methods, AR, MA and ARMA, are suitable for
forecasting smooth time series. And ARIMA model has good
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TABLE 2 Summary of univariate time series load forecasting methods.

Classification Advantages

AR less information required; fast calculation
speed
MA eliminate the effects of cyclical and
random fluctuations in the time series
ARMA solve the problem of random noise
variations series
ARIMA simple modeling

ability to handle smooth series or unsteady series and has become a
widely used time series forecasting model for most of the scenario
forecasting. The ARIMA model attempts to extract the time series
patterns hidden behind the data by means of autocorrelation and
differencing of the data, which are then used to predict future data
(Yu etal, 2019). Integrated ARIMA model and ANN model to deal
with the strong dynamic of electricity load data by integrating
seasonal and cyclical characteristics of power load data (Nano
et al., 2019). optimized the parameters of ARIMA model with the
help of Cuckoo Search (CS) algorithm cuckoo search algorithm to
forecast based on the actual electricity load data and proved that
ARIMA model showed relatively high accuracy and effectiveness in
forecasting short-term electricity load.

3.1.2.2 Multivariate time series forecasting

Multivariate time series have two or more variables that change
over time. Each variable is affected not only by its own historical data
but also by other variables. Commonly used analytical methods are
Vector Autoregressive (VAR) (Jeong et al, 2021) and Vector
Autoregressive Moving Average (VARMA) (Razghandi et al,
2021). The VAR model is a generalization of the univariate
autoregressive model to a vector autoregressive model consisting
of multivariate time series variables. It is used to predict time series
vectors or multiple parallel time series (Guefano et al., 2020).
combined Grey Model and VAR to construct GM-VAR
forecasting model. The MAPE value of the GM-VAR forecasting
model was 1.628%, which was validated by the real data set, and
achieved a good forecasting result. The higher-order model of the
vector autoregressive model, VARMA, incorporates the moving
average, which makes the model have stronger time series
modeling ability and can also smooth out the noise in the time
series data.

The time series method establishes a mathematical model
describing the change of load over time based on historical load
data, then builds a load forecast expression based on the model, and
finally forecasts the future load. This method only considers the time
variable, requires less data, and has a fast prediction speed, but the
model theory is complex, the smoothing degree of the original data is
required to be taught, and other uncertainty influencing factors are
not considered, which makes the final prediction accuracy error is
larger.

The advantages and disadvantages and the scope of application
of traditional prediction methods based on statistical analysis are
shown in Table 3. The theoretical system is relatively mature and has
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Disadvantages
high requirement for the smoothness of
the original time series
large amount of historical data required

cannot deal with non-stationary time

cannot handle non-linear relationships

10.3389/fenrg.2023.1296800

Applicability

Short and medium-term load forecasting with large amounts of
historical data; broadly smoothed data; autocorrelated; highly
influenced by own historical factors

can be uncorrelated; short-term and ultra-short-term load
forecasting with large amounts of historical data

for non-stationary time series, especially those with both short-
term and long-term correlation

processing of smooth and non-white noise time series for load
forecasting

the advantages of simple calculation and easy implementation.
However, when dealing with large-scale data of diversity,
complexity and nonlinearity, the prediction effect is unstable, and
the prediction accuracy cannot meet the research needs. Therefore,
scholars have shifted their research direction to intelligent
prediction methods based on machine learning.

3.2 Intelligent forecasting methods based on
machine learning

In recent years, the amount of multivariate load has increased
significantly, and the number of factors affecting multivariate load is
increasing, and the difficulty of load forecasting has also increased.
This makes the limitations of traditional load forecasting methods
based on statistical analysis significant. In order to consider
multivariate loads and multiple influencing factors in forecasting,
machine learning-based load forecasting methods have shown better
forecasting performance in the field of load forecasting and are
therefore widely used.

Machine learning is divided into three main categories:
supervised learning, unsupervised learning, and reinforcement
learning. In supervised learning, we can have an accurate
knowledge of the class of the object of study and the model can
predict the output based on prior experience. It mainly addresses
two types of problems, regression and classification, and commonly
used methods include Linear Regression (Dhaval and Dhshpande,
2020), Logistic Regression (Alquthami et al, 2022), SVM
(Emhamed and Jyoti, 2021), and ANN (Xu and Wang, 2022). In
unsupervised learning, we can analyze the commonalities and
differences between the studied objects. It mainly addresses two
types of problems, clustering and association, and commonly used
methods include K-means (Xiao et al, 2022) and Principal
2022).  And
reinforcement learning (Park et al., 2020) is different from the

Component  Analysis (Veeramsetty et al,
first two. It does not require any data to be given in advance, but
obtains learning information and updates model parameters by
receiving feedback from the environment on the actions. It is used
to describe and solve the problem of learning strategies by an
intelligent body during its interaction with the environment in
order to reach reward maximization or achieve a specific goal. In
this paper, it is important to introduce SVM, ANN, CNN, RNN and
Ensemble Learning (EL) related models. The algorithms are

summarized in Table 4.
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TABLE 3 Summary of univariate time series load forecasting methods.

Classification Advantages
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VAR rich structure to capture more large number of model parameters;
data features large sample size
VARMA strong modeling capabilities ‘ complex structure

rich parameterization process ‘

3.2.1 Support Vector Machine

SVM was first used mainly for data classification and has been
widely used to deal with load forecasting problems due to its good
nonlinear data handling capabilities. Emhamed et al. [21] used SVM
to predict the electric load. With the help of real data the MAPE of
SVM is minimum compared to other forecasting models. It is
proved that SVM has become a reliable and useful forecasting
model. SVM converges fast and does not have the problem of
number of network layers and local optimal solutions, but the
difficulty in determining hyperparameters leads to its poor
results. SVM
hyperparameters with optimization algorithms is a key research

forecasting Therefore,  optimization  of
direction (Dai et al., 2022). proposed a hybrid model incorporating
feature selection and parameter optimization to improve SVM (Li
et al, 2022). designed an improved sparrow search algorithm to
solve the hyperparameter selection problem of SVM models
(Zulfigar et al, 2022). carefully tuned the three parameters of
SVM using Multivariate Empirical Modal Decomposition
(MEMD) and Adaptive Differential Evolution (ADE) algorithms
(Zhao et al, 2022). optimized the combination of SVM
hyperparameters by maximizing the fitness function based on
particle swarm optimization algorithm. The optimized and
improved SVM model outperformed other comparative methods
with the lowest MAE, RMSE, MAPE and the highest R>, improving
the accuracy and stability of forecasting, as verified by the respective
test sets.

The SVM can be extended from classification problems to
regression problems to obtain Support Vector Regression (SVR).
The SVR model solves forecasting and regression problems by
seeking the optimal hyperplane, which can be well suited for
high-dimensional computations and reduces generalization
errors (Tan et al, 2020; Liu et al, 2022) combined
Multivariate Phase Space Reconstruction (MPSR) and SVR.
The two complement each other and the predicted values of
hot and cold electrical loads derived from this model have
with the which strongly
demonstrates the effectiveness of the SVR forecasting model

minimal errors true values,
(Valente and Maldonado, 2020). proposed a kernel penalized
SVR algorithm for automatic lag selection and nonlinear
regression. The improved SVR algorithm has significant
advantages over time series methods and state-of-the-art
automated model selection methods in terms of forecasting
performance and correct identification of relevant lags and

seasonal patterns.

3.2.2 Artificial Neural Network
ANN is a mathematical model based on the basic principles of
neural networks in biology, which simulates the processing
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Disadvantages

Applicability

capturing linear relationships between multiple variables in a time series;
load forecasting by analyzing the influence relationship between different
variables

Multivariate time series suitable for removing trend and seasonal
components

large number of operations

mechanism of the nervous system of the human brain for
complex information. It has good nonlinear feature learning
ability and generalization ability (Yu et al., 2019). The model has
the function of associative memory, high accuracy of classification,
strong distributed parallel processing capability, and strong
robustness and fault tolerance for data sets containing a large
amount of noisy data. However, ANN also has many drawbacks,
such as the large number of parameters required for neural
networks, the difficulty of tuning parameters, and the need for
extensive data pre-processing work for non-numerical data (Chen
2022).
optimization algorithm to optimize the parameter settings of
ANN (Xu and Wang, 2022). built a dynamic ANN model based
on a simple ANN by applying meta-learning and continuous

and Wang, applied a multi-objective grasshopper

adaptive ideas. The simulation results show that the optimized
ANN model has high accuracy and robustness. However, the
deviation of the predicted value from the actual value is also an
important indicator to judge the effectiveness of the model.
Therefore, to address the deviation forecasting problem (Khwaja
et al,, 2020),combined integrated learning with ANNSs to construct
bagged-boosted ANNs models, and (Oreshkin et al.,, 2021) used the
pinball-mape loss function to control the forecasting deviation and
achieve a model with lower forecasting error lower and smaller
variance and bias.

3.2.3 Deep learning
Under the
computational tools and large-scale increase in the amount of

background of continuous upgrading of
training data, the application of deep learning methods in the
field of load forecasting has been widely emphasized. Deep
learning models show strong performance in load forecasting by
extending the implicit layers or superimposing some specific
structures to improve the nonlinear fitting ability. The widely

used algorithms are CNN and RNN.

3.2.3.1 Convolutional Neural Network

CNN are used to extract features from things with certain
models, and later classify, identify, predict or decide on that
thing based on the features, etc. Its structure is highly scalable,
and the deep model using multiple layers has a stronger expressive
power and can handle more complex classification problems (Aouad
et al, 2021; Huang et al., 2022a). However, manual adjustment of
parameters is required, model training requires a large sample size,
and its physical meaning is unclear. Therefore, research scholars
have adopted the “CNN+" approach and combined it with other
algorithms to build a combinatorial forecasting model to solve the
problems of CNN (Aouad et al., 2021). proposed a CNN-Seq2Seq
model with an attention mechanism (Walser and Sauer, 2021).
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TABLE 4 Summary of intelligent forecasting methods based on machine learning.

Classification Advantages Disadvantages Applicability
SVM overcome dimensional catastrophe and nonlinear difficult to implement for large-scale training samples; unsatisfactory for solving short-term load forecasting for small samples
differentiability multi-category inter problems
ANN high parallel distribution processing capability; high fault the need for a large number of initial parameters; long training time load forecasting by analyzing large amounts of data and multiple influencing
tolerance for noise factors
CNN automatic feature extraction; stress-free for high- no memory function; need to manually adjust parameters; need a large number of extract coupled interaction features from large amounts of data for load

RNN BiRNN

dimensional data processing

access to historical and future information at a point in the
sequence

samples

unable to process while receiving sequences

forecasting

handle the problem that the preceding sequence elements cannot sense the
output of the following sequence

LSTM solve the long-term dependency problem and gradient | complex model structure; time-consuming training; difficult parameter selection | short and long term load forecasting by processing and predicting interval and
disappearance problem delayed events in time series
GRU effective suppression of gradient disappearance or Non-parallel computation flexible and versatile load forecasting; ability to memorize for a long period of
explosion time
DL Good feature extraction ability; can effectively avoid many hyperparameters; difficult to adjust the parameters; complex model Solve load forecasting for complex energy systems
discrete spatialization structure; long training time
EL good learning ability complex training process solve load forecasting with complex impact factors

high forecasting

accuracy
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proposed a combinatorial model by combining the advantages of
two basic models, decision trees and CNN (Wu et al., 2022). used a
K-shape clustering method to divide users with the same electricity
consumption habits and characteristics, which provided a better
choice of user clusters for forecasting, and then applied CNN to
capture the features, making CNN has better performance in load
forecasting. It is experimentally demonstrated that the new
combined model has significantly reduced the values of several
performance evaluation indexes such as MAE, RMSE and MAPE
compared to the related forecasting models, which improves the
overall quality of forecasting.

3.2.3.2 Recurrent Neural Network

RNN is an extension of traditional feedforward neural network.
It can handle variable length sequences and effectively solve the
gradient vanishing and explosion problems. RNN are roughly
divided into broad derived RNN
combined RNN.

The first class is derived RNN, which modifies the internal
structure of RNN. For example, Gate Recurrent Unit (GRU) to solve
the long-term dependency relationship problem, Long Short-Term
Network (LSTM)
disappearance or gradient explosion problem, and Bi-directional
Recurrent Neural Network (BiRNN) to solve the bi-directional
information acquisition problem.

two categories: and

Memory Neural to solve the gradient

1) Long Short-Term Memory Neural Network

(Ouyang et al., 2023) used LSTM forecasting algorithm for
electric cooling load forecasting (Wu et al, 2023). developed a
load forecasting model based on LSTM neural network for
industrial enterprises. It was proved by example that LSTM
performs well in load forecasting. However, the LSTM itself has a
complex structure and has a significant drawback that it has more
parameters and is not easy to adjust the parameters than a normal
neural network. To address this problem (Hu et al., 2022), applied
the Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise (CEEMDAN) and the Improved Grasshopper
Optimization Algorithm (IGOA) were applied to the parameter
optimization of LSTM to obtain a load forecasting model with
optimal parameters. With the help of test set validation, the
optimized LSTM ranks highest in forecasting performance and
has higher forecasting accuracy when performing load forecasting
compared to related models (He et al., 2019). used variational mode
decomposition (VMD) method to optimize LSTM based on
Bayesian  optimization algorithm (BOA). The proposed
forecasting method is applicable to time series data of various
types of loads. Using data from four-quarters of a certain year in
Hubei Province, China for simulation, the results show that the
forecasting model can better fit the actual load curve and has high
forecasting accuracy.

The problem of “long-term dependence” is common in RNN
training, resulting in gradient disappearance or gradient explosion,
which is effectively solved by LSTM (Sun et al., 2022). used LSTM
model for load forecasting and optimized the model with parameter
values. After the test set validation, the load forecasting curve
derived with the help of LSTM model is more consistent with
the actual load curve and has good forecasting performance.
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Although the LSTM can solve the long-term dependence
problem, there is still the problem of not capturing the short-
term interdependence when the time series is too long. To solve
this problem (Ren et al., 2022), used an autoregressive algorithm that
combines LSTM and CNN to extract spatio-temporal features in
multiple time dimensions. The combined CNN-LSTM model was
compared with ARIMA and LSTM forecasting models, and the
forecasting accuracy was improved by 2.169% and 17.887%,
respectively, proving that the model has higher forecasting
accuracy in the short-term load forecasting performance of
electricity, heat and cooling.

In recent years, to further load the forecasting accuracy, research
scholars have proposed many variants of LSTM to obtain shorter
training time and better forecasting results. For example (Pei et al.,
2020), changed the characteristics of the original gates of the LSTM
and the transmission method of the units to perform multi-step
forecasting (Zheng et al., 2021). improved the LSTM infrastructure
in order to solve the nonlinear relationship between multiple loads
and the influencing factors in IES, and proposed the Deep
Bidirectional Long and Short-Term Memory (DBiLSTM). This
model learns historical load data simultaneously in both forward
and backward directions to mine more useful information
(Deepanraj et al, 2022). construct an Attention-based
Bidirectional Long and Short-Term Memory (ABiLSTM) (Wang
etal., 2021). construct a multitask learning model based on ResNet-
LSTMand attention mechanism. With the help of MAE, MAPE,
RMSE, R? and other indicators to evaluate the electric cooling and
heating gas load forecasting results, it can be concluded that the
variant model has better forecasting performance and higher
forecasting accuracy than the base model, and will still play an
important role in the field of load forecasting in the future.

2) Gate Recurrent Unit

RNN is difficult to capture dependencies with large time step
distances in time series in practice. The GRU is proposed to capture
this layer of dependencies better. Compared with the LSTM, the
GRU has fewer parameters and is faster to train and run. However,
GRU cannot consider the state at future time, so the forecasting
accuracy cannot be further improved. To solve this problem, (Xuan
et al, 2021). Improved the traditional one-way GRU into a
Bidirectional Gated Recurrent Unit (BiGRU) to capture valid
information from the past and the future. Compared with a
single CNN and GRU forecasting model, the hybrid CNN-
BiGRU model has smaller values for two evaluation metrics,
MAPE and RMSE, which respond to the degree of deviation of
the predicted value from the true one. To make GRU play a greater
role in load forecasting (Wang et al., 2021), incorporated quantum-
weighted neurons into the GRU to construct a Quantum-Weighted
GRU (QWGRU) with stronger information processing and
optimization capabilities and higher forecasting accuracy than the
traditional GRU.

The second category is combinatorial RNN. It combines simple
RNN with other algorithms or forecasting models. The combined
models have complementary advantages, which results in better
model results and is a very effective means.

(Li et al., 2022) proposed a combined CNN-GRU forecasting
model based on IES small sample data by combining the advantages
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of coupled feature extraction of CNN and time series processing of
GRU. The combined model extracts coupling and correlation
features from the input data better than other models, further
optimizing the model performance. Using this model, the
forecasting accuracy of hot and cold electrical loads is improved.
In terms of the performance metric MAPE, the CNN-GRU model
improved the forecasting accuracy by at least 1% compared to the
single model and other combined models. Du et al. (Du et al., 2020)
combined three-dimensional CNN (3D CNN) and GRU to extract
valuable data from three dimensions, depth, width, and height, to
capture the temporal attributes with features. The features are then
mapped to future predictive loadings using nonlinear regression
with memory. Finally, the forecasting error evaluation index values
of MAE and RMSE are 2.14% and 2.76%, respectively, as verified by
the test set, and the combined forecasting scheme achieves good
accuracy and stability.

3.2.3.3 Deep learning combination model

Deep learning models can mine the features of load datasets at a
deeper level and improve the forecasting accuracy. However,
problems such as complex model framework and difficult
parameter selection need to be solved. Selecting models with
complementary strengths for combination is a very effective
solution.

It is known from the above introduction that LSTM can
accurately capture the pattern information of time series, and
CNN can extract valuable features from time series. Therefore,
research scholars integrate the advantages of both the long time
series processing potential of LSTM and the feature extraction
capability of CNN to construct forecasting models as a way to
improve the speed and accuracy of load forecasting. Ren et al. (Ren
etal,, 2021) proposed a hybrid CNN-LSTM. The convolutional layer
of CNN is used to capture the features of power load data and LSTM
unique cellular structures are used for power load forecasting. Zhang
et al. (Zhang, 2022) extracted data features by CNN to construct
feature vectors, and then input the feature vectors into the Simulated
Annealing Particle Swarm Optimization (SAPSO) modified LSTM
by simulated annealing particle swarm optimization algorithm for
training. Shang et al. (Shang et al., 2021) proposed a multivariate and
multistep hybrid model based on CNN and LSTM by considering
historical load data and influencing factors such as weather, date and
MMCNN-LSTM.  After
demonstration and comparative analysis, the combined model

economy, namely, experimental
containing CNN-LSTM has the best performance in error
performance index, with high accuracy and good practicality and

stability.

3.2.4 Ensemble Learning

Ensemble Learning (EL) belongs to the algorithmic model of
machine learning. It is different from the principle of combinatorial
model building. Instead of combining individual sub-models
complementarily, it accomplishes the task by building multiple
learners. Firstly, it generates a set of base learners and then
combines these base learners according to certain rules to
improve the generalization ability of the model, which has good
results and is widely used in various fields (Xu and Wang, 2022; Yao
et al, 2022). The commonly used EL algorithms are Bagging,
Boosting, Stacking and Blending.
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Bagging is one of the first EL algorithms. It is simple in structure
but superior in performance. Bagging takes several weak machine
learning models and aggregates their forecasting to produce the best
forecasting. Bagging greatly reduces errors due to random volatility
of training data, thus avoiding overfitting and improving forecasting
accuracy and stability (Cai et al., 2022; Qiu et al.,, 2017) used the
Bagging algorithm to sampling to construct a sample set, and used
historical load data and influencing factors such as weather
conditions as input data to construct a combined kernel function
vector machine forecasting model for short-term load forecasting,
which effectively reduced the forecasting error and improved the
forecasting accuracy.

Boosting is similar to Bagging. It also obtains multiple base
learners by repeated sampling, and then finally a strong learner is
obtained. However, unlike the Bagging, Boosting is weight-based
learner integration where the sample weights are continuously
updated (Khwaja et al., 2020). combined bagging and boosting to
train ANN to construct a combined bagged-boosted ANN
forecasting model. This combined model contains several ANN
models trained in parallel and the forecasting load results from these
models are averaged to obtain the final forecasting load, which
effectively reduces the forecasting error and improves the
forecasting accuracy.

Stacking integrates multiple primary learners. It combines the
advantages of different learners to make the forecasting model with
strong generalization capability. Further, meta-learner is used to
optimize the output results of primary learners to improve the
overall forecasting accuracy (Gao et al., 2022; Chen and Wang, 2021)
developed an IES electric load forecasting model considering load
synergy based on Stacking Ensemble Learning, combining Back
Propagation network, SVR, Random Forest and Gradient
Augmented Decision Tree. It was experimentally verified that the
synergistic forecasting model has lower MAE and MAPE metrics
and higher forecasting accuracy (Shi et al., 2023). proposed a load
forecasting method based on multiple differentiated models under
Ensemble Learning architecture. The validity of the model was
verified by using Swiss load data to calculate multiple model
forecasting error metric values.

The Blending fusion algorithm consists of two forecasting
parts, the base learner and the meta-learner. The data is divided
into two parts: training data and test data. The training data is
subdivided, and after the division, part of the training data is
used to train the base model and part is used as a new feature to
train the meta-model after model forecasting. The test data is
similarly predicted by the base model to form the new test data.
The Blending model can take advantage of the differences in the
forecasting principles of each model to achieve the
complementary advantages of each model (Xu and Wang,
2022). selected weak machine learning models such as KNN,
GRU, SVR, etc. to embed the EL model of Bagging as the base
learner of the Blending fusion model to enhance the stability of
the model. Finally, the model is validated with New England
electricity load data. The proposed model has the lowest
forecasting error and the best stability and generalization
ability of the forecasting model compared with other related
models.

To summarize, machine learning-based forecasting models have
been widely used for short-term load forecasting. However, some

frontiersin.org


https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1296800

Liu et al.

models ignore the importance of feature mining, parameter fine-
tuning, and forecast stability. Therefore, intelligent forecasting
methods based on machine learning are still in the process of
optimization and upgrading.

4 Current status of multiple load
forecasting research

Through the literature collation and analysis in the past 5 years,
the difficulties of load forecasting in IES are mainly reflected in two
aspects: complex influencing factors and difficulties in solving the
forecasting model. Since IES comprehensively covers energy forms
such as electricity, gas, heat and cold, it will be influenced by
numerous factors, such as time, weather and economy. Ignoring
these influencing factors will greatly reduce the accuracy of
forecasting. The complexity and diversity of the influencing
factors also lead to a significant increase in the difficulty of
solving IES load forecasting models.

Some researchers consider the comprehensiveness of the
influencing factors and try to exploit all the factors as input
features as much as possible, but this will lead to some irrelevant
factors being input into the prediction model, which will affect the
accuracy of the prediction; some researchers analyze the correlation
of the influencing factors in order to select the most relevant factors
as the input features, e.g., the correlation analysis is used to select the
input features, but the actual relationship between the multiple loads
and the influencing factors is not completely linear. However, the
actual multivariate load and the influencing factors are not
completely linear, and the application of correlation coefficient
has strict condition constraints, and the correlation degree
between the factors and the load obtained by correlation analysis
may be biased, which affects the final prediction accuracy.

4.1 Multiple load forecasting of the
influencing factors

Therefore, research scholars explore the coupling relationship
between loads and loads and loads and influencing factors in the
integrated energy system, and construct a combined forecasting
model with multi-model fusion to improve the efficiency and
accuracy of multivariate load forecasting.

In contrast to a single energy system, the different types of
energy in IES are coupled to each other through energy conversion
equipment. Therefore, different types of loads are coupled with each
other. It is necessary to consider the coupling relationship between
different types of loads when making integrated energy load
forecasting.

Ren et al. (Ren et al., 2022) analyzed the nonlinear relationships
among cold, heat, and electricity loads and the relationships between
loads and influencing factors such as temperature and holidays
based on Copula theory, and screened the input factors for load
forecasting based on the degree of influence (Li et al., 2022). used
the
relationships among loads and the temperature and humidity,

Pearson correlation coefficients to quantify coupling

wind speed, and solar intensity, etc. and the correlation

information between historical loads. The most correlated
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influences were selected as input variables for the model,
reducing the redundancy of influences (Niu et al, 2022). used
Pearson correlation coefficients to analyze the correlation
between cold, heat, and electrical loads and external factors (e.g.,
new energy power, temperature, and humidity) (Liu et al., 2022).
qualitatively analyzed the coupling characteristics between IES cold,
heat, and electrical loads and used Pearson correlation coefficients
the coupling characteristics. And Pearson correlation coefficient is
used to quantitatively describe the correlation between multiple
loads (Zhang, 2022). introduced a multi-task learning method to
extract the coupling relationship between IES temperature,
humidity, wind speed and multiple energy sources (Wang et al.,
2020). constructed a coupling feature matrix to represent the multi-
energy coupling characteristics. It breaks the independence between
different forms of energy, effectively reflects the cross-influence
between cooling, heating and electrical loads, and achieves a
comprehensive multi-energy analysis of IES. Huang et al. (Huang
et al, 2022) used feature clustering to analyze the influence of
different environmental factors on the electric cooling, heating
and air load forecasting results, and then used the K-means
clustering algorithm to establish feature clustering models of
various energy loads to obtain IES load forecasting results. In the
subsequent experimental validation, it is known that the load
forecasting error of the model considering the coupling
relationship between loads is the smallest, which confirms the
necessity of coupling analysis.

In summary, there are four categories of possible input variables
for the IES multivariate load forecasting model.

1) weather factors: temperature, humidity, wind speed, and
barometric pressure.

Temporal factors: weekdays, holidays.

Economic factors: GDP per capita, electricity price, electricity,
new energy, carbon trading price, hydrogen price.

Technical conditions: historical load data such as cold, heat,
electricity, gas, and hydrogen (Ke et al., 2023).

Analyzing the load historical data and influencing factors,
considering the coupling relationship between load and other
factors in the system, makes the multivariate load forecasting
with high forecasting efficiency and accuracy. It can better guide
the optimal design and energy management of IES, thus ensuring
that IES can operate economically, safely and reliably.

4.2 Combined forecasting methods for
multiple load

The complexity and diversity of influencing factors lead to a
significant increase in the difficulty of solving IES load forecasting
models. The selection of models with complementary strengths for
combination construction is a hot topic in current load forecasting
research.

Different multivariate load prediction models differ greatly in
terms of sample processing, feature selection, model parameter
optimization, etc., which makes it difficult to have a complete
prediction model that can be applied to all data analysis
domains, i.e., each model has its own advantages and applicable
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scenarios. Meanwhile, real data often contain many uncertainties,
such as noise, random interference, distortion, missing values, etc.,
which all have a great impact on the performance of prediction
models. At this time, different types of models can be combined to
play their respective advantages, avoiding the shortcomings of each
model to achieve the purpose of improving the prediction
performance. The common form of the combined prediction
model is the weighted average of the individual prediction
models, so the focus of the combined prediction model is on the
determination of the weighting coefficients. If the weighting
coefficients of the individual prediction models are assigned
reasonably, the prediction accuracy of the whole combined
prediction model will be improved accordingly.

From the literature review results, it can be found that CNN
combined with LSTM for correlated multivariate load forecasting is
widely used (Qi et al., 2020). constructed a CNN-LSTM combined
model to extract the coupling features between electric, cooling and
thermal loads using CNN and input the coupling features into
LSTM for load forecasting. The experimental results show that the
combined CNN- LSTM model has higher forecasting accuracy than
the wavelet neural network model, CNN model and LSTM model
(Ren et al, 2022). effectively combined the linear statistical
capability of AR with the ability of CNN and LSTM to extract
features to build a multidimensional feature fusion AR-CNN-LSTM
multi-load forecasting model. This model can extract coupled and
periodic features implied in IES load data from multiple time
dimensions (Wang et al., 2020). proposed a CNN-BiLSTM-based
load forecasting method to fully exploit the temporal and spatial
correlation of data and improve the forecasting accuracy (Yao et al.,
2022). constructed Attention-CNN based on the attention
mechanism -DBILSTM for short-term load forecasting method.
With the help of real IES data for forecasting, the proposed
model reduces the average forecasting error by about 2%, which
effectively improves the forecasting accuracy.

In addition, multi-task learning (Guo et al., 2022) has also
received much attention in model design because it can
effectively extract features (Zhang, 2022). constructed a CNN-
Seq2Seq model with the help of a multi-task learning approach
to extract the complex coupling relationships between different
energies of IES, taking into account the coupling relationships of
temperature, humidity, wind speed and multiple energy sources.
The training set validation yielded that the cold, heat and
electricity load forecasting results were closer to the real
values (Huan et al, 2020). proposed a load forecasting
method based on deep learning and multi-task learning. The
forecasting curves of electricity, hot and gas loads were validated
by the actual data set loads, and the MAPE values of the
proposed model for electricity, hot and gas were lower than
those of the comparison model. It proved that the proposed
forecasting model has excellent performance in terms of
computational efficiency and forecasting accuracy (Wang
et al, 2022). used a multi-task model to establish a joint
electric-heat-cool load forecasting model considering the
strong and complex coupling characteristics among multi-
energy loads. The average variation value of MAPE obtained
from the experiment was 0.0356%, and the forecasting error was
extremely small (Zhang et al., 2020). proposed a deep multitask
learning method for electricity, hot and gas loads forecasting
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based on deep belief networks and multitask regression layers,
with the help of which the model can effectively analyze the
complex coupling relationships between several input
information types, resulting in an improvement in the
forecasting accuracy of all three loads by The forecasting

accuracy is significantly improved by about 2%.

5 Conclusion and future research
trends

5.1 Review summary

Nowadays, demand is changing dramatically and the total
demand for energy continues to grow. IES has achieved rapid
development and widespread application in the field of energy to
meet the different energy needs, while ensuring as much efficiency
and efficiency as possible in energy supply. Complex and
interdependent loads require accurate and effective load forecasts
to provide data support for subsequent system planning. In this
context, the paper examines many references to track the latest
research progress of load forecasting methods and to understand
current research points and load forecasting directions. The results
of the IES multi-load forecast research over the past 5 years have
been compiled and screened, and detailed comparisons and analyses
are carried out to provide intuitive and practical references for
subsequent multi-variable load forecast research.

1) Introduction of integrated energy systems’ coupling structures
and energy conversion equipment, analysis of the coupling
relations between energy conversion pathways, transmission
characteristics, and multiple energy sources such as heat and
cold, and studies of the intrinsic connections between multiple
loads and related factors such as climate (such as temperature
and humidity, solar radiation intensity, wind speed, rainfall),
economy (such as GDP, energy prices), and date. The intrinsic
link has shown that IES can successfully achieve optimal
planning and synergistic use between different energy systems
and maximize the benefits of IES while increasing the proportion
of renewable energy.

2) Traditional statistically-based forecasting methods (such as
regression analysis, one-variable time series, and multivariable
time series) are introduced, and three aspects are studied in
comparison to commonly used forecasting methods: advantages,
disadvantages, and applicability. Today, integrated energy
systems collect large amounts of data with decentralization,
diversity, complexity and real-time characteristics. Therefore,
traditional statistical analysis prediction methods require a high
requirement for sample sizes, dimensions, depths and data
quality, and in future research, input data sets must be
improved to obtain more accurate forecast results.

3

~

Intelligent forecasting methods based on machine learning, such
as SVM, ANN, DL, EL and combinatorial prediction, are
introduced, and relevant derivative models, such as GRU,
LSTM and DbiLSTM, are further explored on the basis of
By
methods, it can be concluded that, firstly, the forecasting

simple models. studying the intelligent forecasting

effect of the combined model is significantly better than that
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brought by a single model in the case of large amount of data and
many influencing factors. Second, with the powerful feature
learning ability and fault tolerance of deep learning, applying
it to traditional machine learning algorithms, such as SVM and
genetic algorithm, can effectively handle the massive data and
complex calculations in load prediction and improve the
precision of multivariate load prediction. However, the
training process is more complex and time consuming, and
hyperparameter optimization is difficult, which requires in-
depth research in related fields in the future. Third, deep
based
framework can effectively extract the advantages of each base

learning  algorithms on an integrated learning
model, discard the shortcomings of deep learning algorithms in
model training, weight setting, hyperparameter optimization,
etc., and then use metamodels for classification and achieve

excellent forecasting results.

5.2 Future research trends

At present, IES multiple load forecasting is still a relatively
cutting-edge topic, and the related theoretical system is not yet
perfect. It is believed that in the near future, a more complete system
and more accurate forecasting methods will appear. In this paper,
only some of the IES multiple load forecasting methods are
summarized, and the methods not covered still need to be
studied in depth. Regarding the future research directions, based
on the literature study in this paper, the following points are
proposed:

First, there are many factors affecting IES multiple load, and only
some current mainstream and highly relevant influencing factors are
selected for discussion in this paper. However, the influencing factors
always increase with the development of IES, such as geographic
conditions like topography and landscape, demand response, user
characteristics, and major social events also affect the accuracy of
multiple load forecasting to some extent, which should continue to
be explored in depth in the subsequent research.

Second, as the structure of new power systems becomes more and
more complex, data-driven methods that are more adapted to the
development of IES should be applied, and the future development
trend is more focused on deep learning, integrated learning,
reinforcement learning, migration learning, and new machine learning
such as meta-learning and fuzzy reasoning. Among them, Deep Learning
algorithms are the most widely used among many data-driven methods,
and the three areas of hyperparameter optimization, parameter training
tuning and performance evaluation of its prediction models are the focus
of future scholars’ research. Processing with heuristic algorithms, such as
particle swarm optimization algorithm, ant colony optimization and
simulated annealing method, can make the load forecasting based on DL
algorithms more effective.

Third, the goal of combinatorial predictive modeling is to take
advantage of the strengths of the models involved, integrate the strengths
of different models through an effective combination approach, and
overcome the shortcomings of each of the models, so that the
useful
information present in the data. At the present stage, the combined

combinatorial predictive model can better mine the
prediction model is based on the weight assignment method, which

assigns different weights according to the performance of individual
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models. The method is easy to be realistic and has strong adaptability to
the data, and the prediction performance is relatively stable, but the
weights of individual models are often assigned based on experience or
simple calculations, which is not very scientific. In the future, more
attention should be paid to the combination method based on model
structure and parameter selection. Because the hyperparameters
determine the solution rate and accuracy of the model, this
combination method is to optimize the prediction model to improve
the performance of the model, and it is also one of the key research
directions in the field of multivariate load forecasting in the future.
Fourth, after the new energy sources, such as wind power and
photovoltaic, and the new loads, such as energy storage, electric
vehicles and virtual power plants, are connected to the grid on a large
scale, the integrated energy system presents highly complex volatility
and uncertainty, and the large amount of multiple heterogeneous
data increases the difficulty of data analysis. In this context, with the
help of the deterministic forecasting methods discussed in this
paper, the forecasting results are subject to ineradicable errors,
and the multiple loads are difficult to be accurately forecasted.
Therefore, the future research direction may be more inclined to
probabilistic forecasting. Probabilistic forecasting differs from
deterministic forecasting methods in that the output result is not
a definite value, but the probability distribution, quantile, and
forecasting interval of the forecasting object as the output form.
Meanwhile, machine learning algorithms such as neural networks
and deep learning have powerful nonlinear mapping capabilities,
which can significantly improve the reliability of probabilistic
forecasting when

combined with probabilistic forecasting

methods, and should be widely applied in subsequent research.

Author contributions

YujL: Writing-original draft, Writing-review and editing,
Methodology. YaL:
Writing-original draft, Writing-review and editing, Funding
acquisition, Investigation, Methodology. GL: Writing-original
draft, Writing-review and editing, Investigation, Methodology,

Conceptualization, Investigation,

Project administration, Resources. YuqL: Writing—original draft,
Data Investigation,
Methodology. RW: Writing-original draft, Writing-review and

Writing-review and editing, curation,
editing, Conceptualization, Data curation, Funding acquisition,
Methodology. YF: Writing-original draft, Writing-review and

editing, Data curation, Methodology.

Funding
The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This research

was funded by the Science and Technology Project of State Grid
Shandong Electric Power Company (ERP Code: 520610210007).

Acknowledgments

On the completion of this paper, I would like to express my
heartfelt thanks and sincere respect to all the leaders and

frontiersin.org


https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1296800

Liu et al.

colleagues of the research onthe Science and Technology Project
of State Grid Shandong Electric Power Company (ERP Code:
520610210007). Thank you for your patient guidance and
with The
successful completion of this paper cannot be separated from

providing me so many learning materials.

your help.

Conflict of interest

Authors YujL, YaL, GL, and YuqL were employed by Zaozhuang
Power Supply Company of State Grid Shandong Electric Power
Company and RW and YF were employed by State Grid Shandong
Integrated Energy Service Co., Ltd.

References

Alquthami, T., Zulfigar, M., Kamran, M., Milyani, A. H., and Rasheed, M. B. (2022). A
performance comparison of machine learning algorithms for load forecasting in smart
grid. IEEE Access 10, 48419-48433. doi:10.1109/access.2022.3171270

Aouad, M., Hajj, H., Shaban, K,, Jabr, R. A, and El-Hajj, W. (2021). A CNN-
Sequence-to-Sequence network with attention for residential short-term load
forecasting. Electr. Power Syst. Res. 211, 108152. doi:10.1016/j.epsr.2022.108152

Cai, X., Aoyang, H., and Shengqi, Z. (2022). Short-term load forecasting model based
on improved bagging algorithm and fuzzy MP-LSTM fusion. J. Electr. Eng. 17, 164-170.
doi:10.11985/2022.01.021

Chen, B., and Wang, Y. (2021). Short-term electric load forecasting of integrated
energy system considering nonlinear synergy between different loads. IEEE Access 9,
43562-43573. doi:10.1109/access.2021.3066915

Dai, Y., Yang, X,, and Leng, M. (2022). Forecasting power load: a hybrid forecasting
method with intelligent data processing and optimized artificial intelligence. Technol.
Forecast. Soc. Change 182, 121858. doi:10.1016/j.techfore.2022.121858

Deepanraj, B., Senthilkumar, N, Jarin, T., Gurel, A. E., Sundar, L. S., and Anand, A. V.
(2022). Intelligent wild geese algorithm with deep learning driven short term load
forecasting for sustainable energy management in microgrids. Sustain. Comput. Inf.
Syst. 36, 100813. doi:10.1016/j.suscom.2022.100813

Dhaval, B., and Deshpande, A. (2020). Short-term load forecasting with using
multiple linear regression. Int. J. Electr. Comput. Eng. 10, 3911-3917. doi:10.11591/
ijece.v10i4.pp3911-3917

Du, L., Zhang, L., and Wang, Xu (2020). Spatiotemporal feature learning based hour-
ahead load forecasting for energy internet. Electronics 9, 196. doi:10.3390/
electronics9010196

Emhamed, A. A., and Jyoti, S. (2021). Electrical load distribution forecasting utilizing
support vector model (SVM). Mater. Today Proc. 47, 41-46. doi:10.1016/j.matpr.2021.
03.516

Ervural, B. C,, Beyca, O. F., and Zaim, S. (2016). Model estimation of ARMA using
genetic algorithms: a case study of forecasting natural gas consumption. Procedia - Soc.
Behav. Sci. 235, 537-545. doi:10.1016/j.sbspro.2016.11.066

Feng, R,, Xue, Y., Wang, W., and Xiao, M. (2022). Saturated load forecasting based on
clustering and logistic iterative regression. Electr. Power Syst. Res. 202, 107604. doi:10.
1016/j.epsr.2021.107604

Gao, W., Huang, X,, Lin, M,, Jia, J., and Tian, Z. (2022). Short-term cooling load
prediction for office buildings based on feature selection scheme and stacking ensemble
model. Eng. Comput. 39, 2003-2029. doi:10.1108/ec-07-2021-0406

Guefano, S., Tamba, J. G., Azong, T. E. W., and Monkam, L. (2020). Forecast of
electricity consumption in the Cameroonian residential sector by Grey and vector
autoregressive models. Energy 214, 118791. doi:10.1016/j.energy.2020.118791

Guo, Y., Li, Y., Qiao, X,, Zhang, Z., Zhou, W., Mei, Y., et al. (2022). BiLSTM multitask
learning-based combined load forecasting considering the loads coupling relationship
for multienergy system. IEEE Trans. Smart Grid 13, 3481-3492. doi:10.1109/tsg.2022.
3173964

He, F., Zhou, J., Feng, Z. k, Liu, G., and Yang, Y. (2019). A hybrid short-term load
forecasting model based on variational mode decomposition and long short-term
memory networks considering relevant factors with Bayesian optimization
algorithm. Appl. energy 237, 103-116. doi:10.1016/j.apenergy.2019.01.055

Hu, H,, Xia, X,, Luo, Y., Zhang, C., Nazir, M. S, and Peng, T. (2022). Development
and application of an evolutionary deep learning framework of LSTM based on
improved grasshopper optimization algorithm for short-term load forecasting.
J. Build. Eng. 57, 104975. doi:10.1016/j.jobe.2022.104975

Frontiers in Energy Research

15

10.3389/fenrg.2023.1296800

The authors declare that this study received funding from
Science and Technology Project of State Grid Shandong Electric
Power Company. The funder is involved in the study design,
collection, analysis, interpretation of data, the writing of this
article, and the decision to submit it for publication.

Publisher’s note

All claims expressed in this article are solely those of the authors and
do not necessarily represent those of their affiliated organizations, or
those of the publisher, the editors and the reviewers. Any product that
may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Hu, Z., Bao, Y., and Xiong, T. (2013). Electricity load forecasting using support
vector regression with memetic algorithms. Sci. World J. 2013, 1-10. doi:10.1155/
2013/292575

Huan, J., Hong, H., and Pan, X. (2020). “Short-term load forecasting of integrated
energy systems based on deep learning,” in 2020 5th Asia Conference on Power and
Electrical Engineering (ACPEE), Chengdu, China, 04-07 June 2020 (IEEE).

Huang, Q., Zheng, Y., and Xu, Y. (2022a). Microgrid load forecasting based on
improved long short-term memory network. J. Electr. Comput. Eng. 2022, 1-8. doi:10.
1155/2022/4017708

Huang, S., Ali, N. A. M., Shaari, N., and Noor, M. S. M. (2022b). Multi-scene design
analysis of integrated energy system based on feature extraction algorithm. Energy Rep.
8, 466-476. doi:10.1016/j.egyr.2022.03.161

Jeong, D., Park, C., and Young, M. (2021). Short-term electric load forecasting for
buildings using logistic mixture vector autoregressive model with curve registration.
Appl. Energy 282, 116249. doi:10.1016/j.apenergy.2020.116249

Ke, Y, Liu, J., and Meng, J. (2022a). Comprehensive evaluation for plan selection of
urban integrated energy systems: a novel multi-criteria decision-making framework.
Sustain. Cities Soc. 81, 103837. doi:10.1016/j.s¢s.2022.103837

Ke, Y., Tang, H,, Liu, M., Meng, Q., and Xiao, Y. (2023). Optimal sizing for wind-
photovoltaic-hydrogen storage integrated energy system under intuitionistic fuzzy
environment. Int. J. Hydrogen Energy 48, 34193-34209. doi:10.1016/j.ijhydene.2023.
05.245

Ke, Y., Tang, H., Liu, M., and Qi, X. (2022b). A hybrid decision-making framework for
photovoltaic poverty alleviation project site selection under intuitionistic fuzzy
environment. Energy Rep. 8, 8844-8856. doi:10.1016/j.egyr.2022.07.012

Khwaja, A. S., Anpalagan, A., Nacem, M., and Venkatesh, B. (2020). Joint bagged-boosted
artificial neural networks: using ensemble machine learning to improve short-term electricity
load forecasting. Electr. Power Syst. Res. 179, 106080. doi:10.1016/j.epsr.2019.106080

Li, C, Li, G., Wang, K., and Han, B. (2022b). A multi-energy load forecasting method
based on parallel architecture CNN-GRU and transfer learning for data deficient
integrated energy systems. Energy 259, 124967. doi:10.1016/j.energy.2022.124967

Li, J., Lei, Y., and Yang, S. (2022a). Mid-long term load forecasting model based on
support vector machine optimized by improved sparrow search algorithm. Energy Rep.
8, 491-497. doi:10.1016/j.egyr.2022.02.188

Li, ], Zhang, Z., and Li, M. (2021). A review on the optimal scheduling of integrated energy
systems. Power Syst. Technol. 45, 2256-2272. doi:10.13335/j.1000-3673.pst.2021.0020

Liu, H,, Tang, Y., Pu, Y., Mei, F,, and Sidorov, D. (2022). Short-term load forecasting
of multi-energy in integrated energy system based on multivariate Phase Space
reconstruction and support vector regression mode. Electr. Power Syst. Res. 210,
108066. doi:10.1016/j.epsr.2022.108066

Nano, H., New, S., Cohen, A., and Ramachandran, B. (2019). Load forecasting using
multiple linear regression with different calendars. Distributed Energy Resour.
Microgrids 2019, 405-417. doi:10.1016/b978-0-12-817774-7.00016-8

Niu, D, Yu, M,, Sun, L., Gao, T., and Wang, K. (2022). Short-term multi-energy load
forecasting for integrated energy systems based on CNN-BiGRU optimized by attention
mechanism. Appl. Energy 313, 118801. doi:10.1016/j.apenergy.2022.118801

Oreshkin, B. N., Dudek, G., Petka, P., and Turkina, E. (2021). N-BEATS neural
network for mid-term electricity load forecasting. Appl. Energy 293, 116918. doi:10.
1016/j.apenergy.2021.116918

Ouyang, T, Zhang, M., Wu, W., Zhao, J., and Xu, H. (2023). A day-ahead planning for multi-
energy system in building community. Energy 267, 126399. doi:10.1016/j.energy.2022.126399

frontiersin.org


https://doi.org/10.1109/access.2022.3171270
https://doi.org/10.1016/j.epsr.2022.108152
https://doi.org/10.11985/2022.01.021
https://doi.org/10.1109/access.2021.3066915
https://doi.org/10.1016/j.techfore.2022.121858
https://doi.org/10.1016/j.suscom.2022.100813
https://doi.org/10.11591/ijece.v10i4.pp3911-3917
https://doi.org/10.11591/ijece.v10i4.pp3911-3917
https://doi.org/10.3390/electronics9010196
https://doi.org/10.3390/electronics9010196
https://doi.org/10.1016/j.matpr.2021.03.516
https://doi.org/10.1016/j.matpr.2021.03.516
https://doi.org/10.1016/j.sbspro.2016.11.066
https://doi.org/10.1016/j.epsr.2021.107604
https://doi.org/10.1016/j.epsr.2021.107604
https://doi.org/10.1108/ec-07-2021-0406
https://doi.org/10.1016/j.energy.2020.118791
https://doi.org/10.1109/tsg.2022.3173964
https://doi.org/10.1109/tsg.2022.3173964
https://doi.org/10.1016/j.apenergy.2019.01.055
https://doi.org/10.1016/j.jobe.2022.104975
https://doi.org/10.1155/2013/292575
https://doi.org/10.1155/2013/292575
https://doi.org/10.1155/2022/4017708
https://doi.org/10.1155/2022/4017708
https://doi.org/10.1016/j.egyr.2022.03.161
https://doi.org/10.1016/j.apenergy.2020.116249
https://doi.org/10.1016/j.scs.2022.103837
https://doi.org/10.1016/j.ijhydene.2023.05.245
https://doi.org/10.1016/j.ijhydene.2023.05.245
https://doi.org/10.1016/j.egyr.2022.07.012
https://doi.org/10.1016/j.epsr.2019.106080
https://doi.org/10.1016/j.energy.2022.124967
https://doi.org/10.1016/j.egyr.2022.02.188
https://doi.org/10.13335/j.1000-3673.pst.2021.0020
https://doi.org/10.1016/j.epsr.2022.108066
https://doi.org/10.1016/b978-0-12-817774-7.00016-8
https://doi.org/10.1016/j.apenergy.2022.118801
https://doi.org/10.1016/j.apenergy.2021.116918
https://doi.org/10.1016/j.apenergy.2021.116918
https://doi.org/10.1016/j.energy.2022.126399
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1296800

Liu et al.

Park, R, Kyung-Bin, S., and Kwon, B. S. (2020). Short-term load forecasting
algorithm using a similar day selection method based on reinforcement learning.
Energies 13, 2640. doi:10.3390/en13102640

Pei, S., Qin, H.,, Yao, L., Liu, Y., Wang, C., and Zhou, J. (2020). Multi-step ahead short-
term load forecasting using hybrid feature selection and improved long short-term
memory network. Energies 13, 4121. doi:10.3390/en13164121

Qi, X,, Zheng, X., and Chen, Q. (2020). “A short term load forecasting of integrated
energy system based on CNN-LSTM,” in 2020 international conference on energy,
environment and bioengineering (ICEEB 2020) (EDP Sciences).

Qiu, X, Ren, Y, Suganthan, P. N, and Amaratunga, G. A. (2017). Empirical mode
decomposition based ensemble deep learning for load demand time series forecasting.
Appl. Soft Comput. 54, 246-255. doi:10.1016/j.as0c.2017.01.015

Rafi, S. H., Rahman Deeba, S., and Hossain, E. (2021). A short-term load forecasting
method using integrated CNN and LSTM network. IEEE Access 9, 32436-32448. doi:10.
1109/access.2021.3060654

Razghandi, M., Zhou, H., and Erol-Kantarci, M. (2021). “Short-term load forecasting
for smart home appliances with sequence to sequence learning,” in ICC 2021-IEEE
International Conference on Communications, Montreal, QC, Canada, 14-23 June 2021
(IEEE).

Ren, B., Huang, C., Chen, L., Mei, S, An, J,, Liu, X,, et al. (2022a). CLSTM-AR-Based
multi-dimensional feature fusion for multi-energy load forecasting. Electronics 11, 3481.
doi:10.3390/electronics11213481

Ren, C,, Jia, L., and Wang, Z. (2021). “A CNN-LSTM hybrid model based short-term
power load forecasting,” in 2021 Power System and Green Energy Conference (PSGEC),
Shanghai, China, 20-22 August 2021 (IEEE).

Ren, H,, Li, Q., Wu, Q,, Zhang, C., Dou, Z., and Chen, J. (2022b). Joint forecasting of
multi-energy loads for a university based on copula theory and improved LSTM
network. Energy Rep. 8, 605-612. doi:10.1016/j.egyr.2022.05.208

Shang, C., Gao, J., Liu, H., and Liu, F. (2021). Short-term load forecasting based on
PSO-KFCM daily load curve clustering and CNN-LSTM model. IEEE Access 9,
50344-50357. doi:10.1109/access.2021.3067043

Shi, J., Li, Ci, and Yan, X. (2023). Artificial intelligence for load forecasting: a stacking
learning approach based on ensemble diversity regularization. Energy 262, 125295.
doi:10.1016/j.energy.2022.125295

Sun, L., Qin, H., Przystupa, K., Majka, M., and Kochan, O. (2022). Individualized
short-term electric load forecasting using data-driven meta-heuristic method based on
LSTM network. Sensors 22, 7900. doi:10.3390/s22207900

Talaat, M., Farahat, M., Mansour, N., and Hatata, A. (2020). Load forecasting based
on grasshopper optimization and a multilayer feed-forward neural network using
regressive approach. Energy 196, 117087. doi:10.1016/j.energy.2020.117087

Tan, Z., Zhang, J., He, Y., Zhang, Y., Xiong, G., and Liu, Y. (2020). Short-term load
forecasting based on integration of SVR and stacking. IEEE Access 8, 227719-227728.
doi:10.1109/access.2020.3041779

Valente, J. M., and Maldonado, S. (2020). SVR-FFS: a novel forward feature selection
approach for high-frequency time series forecasting using support vector regression.
Expert Syst. Appl. 160, 113729. d0i:10.1016/j.eswa.2020.113729

Veeramsetty, V., Chandra, D. R., Grimaccia, F., and Mussetta, M. (2022). Short term
electric power load forecasting using principal component analysis and recurrent neural
networks. Forecasting 4, 49-164. doi:10.3390/forecast4010008

Walser, T, and Sauer, A. (2021). Typical load profile-supported convolutional neural
network for short-term load forecasting in the industrial sector. Energy AI 5, 100104.
doi:10.1016/j.egyai.2021.100104

Wang, C., Wang, Y., Ding, Z., Zheng, T., Hu, J., and Zhang, K. (2022). A transformer-
based method of multienergy load forecasting in integrated energy system. IEEE Trans.
Smart Grid 13, 2703-2714. doi:10.1109/tsg.2022.3166600

Wang, C., Wang, Y., and Zheng, T. (2021). Multi-energy load forecasting in integrated
energy system based on ResNet-LSTM network and attention mechanism. Trans. China
Electrotech. Soc. 195, 1-12. doi:10.19595/j.cnki.1000-6753.tces.21021

Frontiers in Energy Research

16

10.3389/fenrg.2023.1296800

Wang, S., Chen, H., and Gu, Q. (2020). Multi-energy load forecasting for regional
integrated energy systems considering temporal dynamic and coupling characteristics.
Energy 195, 116964. doi:10.1016/j.energy.2020.116964

Wu, E,, Cattani, C., Song, W., and Zio, E. (2020). Fractional ARIMA with an improved
cuckoo search optimization for the efficient Short-term power load forecasting.
Alexandria Eng. ]. 59, 3111-3118. doi:10.1016/j.ae}.2020.06.049

Wu, Q., Ren, H,, Shi, S., Fang, C., Wan, S., and Li, Q. (2023). Analysis and prediction
of industrial energy consumption behavior based on big data and artificial intelligence.
Energy Rep. 9, 395-402. doi:10.1016/j.egyr.2023.01.007

Wu, Z, Mu, Y., Deng, S., and Li, Y. (2022). Spatial-temporal short-term load
forecasting framework via K-shape time series clustering method and graph
convolutional networks. Energy Rep. 8, 8752-8766. doi:10.1016/j.egyr.2022.
06.122

Xiao, X., Mo, H., Zhang, Y., and Shan, G. (2022). Meta-ANN-A dynamic artificial
neural network refined by meta-learning for Short-Term Load Forecasting. Energy 246,
123418. doi:10.1016/j.energy.2022.123418

Xu, C, Ke, Y, Li, Y,, Chu, H, and Wu, Y. (2020a). Data-driven configuration
optimization of an off-grid wind/PV/hydrogen system based on modified NSGA-II and
CRITIC-TOPSIS. Energy Convers. Manag. 215, 112892. doi:10.1016/j.enconman.2020.
112892

Xu, C,, Wu, Y., and Dai, S. (2020b). What are the critical barriers to the development
of hydrogen refueling stations in China? A modified fuzzy DEMATEL approach. Energy
Policy 142, 111495. doi:10.1016/j.enpol.2020.111495

Xu, Y., and Wang, D. (2022). Short-term power load prediction of Bagging-
Blending multi-model fusion based on weighted gray correlation projection. Inf.
Control 51, 13. do0i:10.13976/j.cnki.xk.2022.1070

Xuan, Yi, Si, W., Zhu, J., Sun, Z., Zhao, J., Xu, M., et al. (2021). Multi-model fusion
short-term load forecasting based on random forest feature selection and hybrid neural
network. IEEE Access 9, 69002-69009. doi:10.1109/access.2021.3051337

Yao, Y., Li, S., Wu, Z., Yu, C,, Liu, X,, Yuan, K., et al. (2022a). A novel data-driven
multi-energy load forecasting model. Front. Energy Res. 10, 955851. doi:10.3389/fenrg.
2022.955851

Yao, Z., Zhang, T., Wang, Q., and Zhao, Y. (2022b). Short-term power load
forecasting of integrated energy system based on attention-CNN-DBILSTM. Math.
Problems Eng. 2022, 1075698. doi:10.1155/2022/1075698

Yu, K. W,, Hsu, C. H,, and Yang, S. M. (2019). “A model integrating ARIMA and
ANN with seasonal and periodic characteristics for forecasting electricity load dynamics
in a state,” in 2019 IEEE 6th International Conference on Energy Smart Systems (ESS),
Kyiv, Ukraine, 17-19 April 2019 (IEEE).

Zhang, L., Shi, J., Wang, L., and Xu, C. (2020). Electricity, heat, and gas load
forecasting based on deep multitask learning in industrial-park integrated energy
system. Entropy 22, 1355. doi:10.3390/22121355

Zhang, Y. (2022). Short-term power load forecasting based on SAPSO-CNN-LSTM
model considering autocorrelated errors. Math. Problems Eng. 2022, 2871889. doi:10.
1155/2022/2871889

Zhao, Z., Zhang, Y., Yang, Y., and Yuan, S. (2022). Load forecasting via Grey
Model-Least Squares Support Vector Machine model and spatial-temporal
distribution of electric consumption intensity. Energy 255, 124468. doi:10.
1016/j.energy.2022.124468

Zheng, J., Zhang, L., Chen, J., Wu, G., Ni, S,, Hu, Z,, et al. (2021). Multiple-load
forecasting for integrated energy system based on Copula-DBiLSTM. Energies 8, 2188.
doi:10.3390/en14082188

Zhu, J., Dong, H., and Zheng, W. (2021). Review of data-driven load forecasting for
integrated energy system. Appl. Energy 41, 119269. doi:10.1016/j.apenergy.2022.119269

Zulfiqar, M., Kamran, M., Rasheed, M., Alquthami, T., and Milyani, A. (2022).
Hyperparameter optimization of support vector machine using adaptive differential
evolution for electricity load forecasting. Energy Rep. 8, 13333-13352. doi:10.1016/j.
egyr.2022.09.188

frontiersin.org


https://doi.org/10.3390/en13102640
https://doi.org/10.3390/en13164121
https://doi.org/10.1016/j.asoc.2017.01.015
https://doi.org/10.1109/access.2021.3060654
https://doi.org/10.1109/access.2021.3060654
https://doi.org/10.3390/electronics11213481
https://doi.org/10.1016/j.egyr.2022.05.208
https://doi.org/10.1109/access.2021.3067043
https://doi.org/10.1016/j.energy.2022.125295
https://doi.org/10.3390/s22207900
https://doi.org/10.1016/j.energy.2020.117087
https://doi.org/10.1109/access.2020.3041779
https://doi.org/10.1016/j.eswa.2020.113729
https://doi.org/10.3390/forecast4010008
https://doi.org/10.1016/j.egyai.2021.100104
https://doi.org/10.1109/tsg.2022.3166600
https://doi.org/10.19595/j.cnki.1000-6753.tces.21021
https://doi.org/10.1016/j.energy.2020.116964
https://doi.org/10.1016/j.aej.2020.06.049
https://doi.org/10.1016/j.egyr.2023.01.007
https://doi.org/10.1016/j.egyr.2022.06.122
https://doi.org/10.1016/j.egyr.2022.06.122
https://doi.org/10.1016/j.energy.2022.123418
https://doi.org/10.1016/j.enconman.2020.112892
https://doi.org/10.1016/j.enconman.2020.112892
https://doi.org/10.1016/j.enpol.2020.111495
https://doi.org/10.13976/j.cnki.xk.2022.1070
https://doi.org/10.1109/access.2021.3051337
https://doi.org/10.3389/fenrg.2022.955851
https://doi.org/10.3389/fenrg.2022.955851
https://doi.org/10.1155/2022/1075698
https://doi.org/10.3390/e22121355
https://doi.org/10.1155/2022/2871889
https://doi.org/10.1155/2022/2871889
https://doi.org/10.1016/j.energy.2022.124468
https://doi.org/10.1016/j.energy.2022.124468
https://doi.org/10.3390/en14082188
https://doi.org/10.1016/j.apenergy.2022.119269
https://doi.org/10.1016/j.egyr.2022.09.188
https://doi.org/10.1016/j.egyr.2022.09.188
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1296800

	Review of multiple load forecasting method for integrated energy system
	1 Introduction
	1.1 Motivation and background
	1.2 Research methodology
	1.3 Paper structure

	2 Integrated energy system load forecasting
	2.1 Structure and types of IES
	2.1.1 Coupling structure of IES
	2.1.2 Different types of IES

	2.2 Multiple load forecasting of IES
	2.3 Performance evaluation metrics of the load forecasting results

	3 Load forecasting method
	3.1 Traditional forecasting method based on the statistical analysis
	3.1.1 Regression analysis
	3.1.2 Time series
	3.1.2.1 Univariate time series forecasting
	3.1.2.2 Multivariate time series forecasting

	3.2 Intelligent forecasting methods based on machine learning
	3.2.1 Support Vector Machine
	3.2.2 Artificial Neural Network
	3.2.3 Deep learning
	3.2.3.1 Convolutional Neural Network
	3.2.3.2 Recurrent Neural Network
	3.2.3.3 Deep learning combination model
	3.2.4 Ensemble Learning


	4 Current status of multiple load forecasting research
	4.1 Multiple load forecasting of the influencing factors
	4.2 Combined forecasting methods for multiple load

	5 Conclusion and future research trends
	5.1 Review summary
	5.2 Future research trends

	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	References


