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Abstract

With the gradual penetration of new energy generation/storage, accurate and reliable load
forecasting (LF) plays an increasingly important role in different energy management appli-
cations (e.g., power resource allocation, peak demand response, energy supply and demand
optimization). In recent years, data-driven and artificial intelligence (AI) technologies have
received considerable attention in the field of LF. This study provides a comprehensive
review on the existing advanced AI and data-driven techniques used for LF tasks. First, the
reviewed studies are classified from the load’s spatial scale and forecasting time scale, and
the research gap that this study aims to fill in the existing reviews is revealed. It was found
that short-term forecasting dominates in the time scale (accounting for about 83.1%). Sec-
ond, based on the summary of basic preprocessing methods, some advanced preprocessing
methods are presented and analyzed. These advanced methods have greatly increased
complexity compared with basic methods, while they can bring significant performance
improvements such as adaptability and accuracy. Then, various LF models using the latest
AI techniques, including deep learning, reinforcement learning, transfer learning, and
ensemble learning, are reviewed and analyzed. These models are also summarized from
several aspects, such as computational cost, interpretability, application scenarios, and so
on. Finally, from the perspectives of data, techniques, and operations, a detailed discussion
is given on some challenges and opportunities for LF.

Keywords: load forecasting; artificial intelligence; data-driven techniques; deep learning;
ensemble learning; reinforcement learning; transfer learning

1. Introduction
Currently, there is a risk of global warming and depletion of nonrenewable energy

sources [1]. China aims to achieve carbon peak and carbon neutrality, with the goal of
constructing a new type of power system based on renewable energy [2]. Under the frame-
work of the new power system, the coupling between renewable energy generation, load
operation, and energy dispatch has been strengthened, bringing new challenges to system
accuracy and reliability [3]. On the other hand, with the diversification and complexity
of the power grid usage patterns and the rapid popularization of micro-grids [4], the dis-
tribution system is becoming increasingly decentralized. Upon this background, reliable
load forecasting (LF) has become increasingly important for power system scheduling and
energy saving [5,6]. For example, it (1) guarantees the safe and stable operation of the
power grid. LF is the foundation of dispatch. The power grid dispatching center relies on
LF results to make power generation plans and peak shaving strategies, accomplishing
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an energy balance between supply and demand [7]. LF with large errors may lead to
voltage instability, frequency offset, and even system collapse. (2) Load forecasting helps
achieve maximum accommodation of new energy. Generation of new energy is unstable,
while LF provides data support for building a flexible grid response mechanism. Accurate
forecasting of local loads can result in local source-load self-balance, alleviating the pressure
on the main power grid [8]. (3) Load forecasting can also predict peak load periods. In the
electricity market environment, predicting peak load periods avails developing better pur-
chasing plans or pricing strategies [9]. However, many factors, such as weather conditions,
human behavior, thermal performance, etc., may bring many difficulties for accurate load
forecasting. Recently, data-driven techniques have been successfully applied in many
fields [10–13]. Artificial intelligence (AI), which is represented by machine learning [14–17]
and deep learning [18–22], has also received considerable attention. In the field of LF,
application of AI and data-driven techniques is still increasing. Compared with traditional
physical models [23,24] and time-series models [25], AI-based forecasting models have
many advantages, such as good fitting abilities for high-dimensional nonlinear sample
spaces, flexibly constructed input features, and the automatic optimization of model param-
eters with the aid of intelligent optimization algorithms [26]. The characteristic comparison
of physical models, time-series models, and AI models is shown in Table 1.

Table 1. Comparison of three load forecasting models.

Model Modeling Difficulty Applicability of
Time Scale Parameter Acquisition Interpretability

Time-series model Easy (the principle is simple) Short term or medium to long term Model training with a small amount
of data (easy) Relatively strong

AI model Easy (various universal models and
mature toolkits can be used) Short term or medium to long term Model training with a large amount

of data (relatively easy) Weak

Physical model
Difficult (high level of

multidisciplinary expertise is
required)

Short term
Experimental testing

or product
manuals (difficult)

Strong

This paper provides a comprehensive literature review on LF models based on ad-
vanced AI and data-driven techniques. Studies published in the last 5 years (from 2020
to 2025) are searched using the databases of Web of Science® and Google Scholar®.
Since this paper focuses on advanced AI models, some latest AI technologies, such as
“deep learning”, “reinforcement learning”, “transfer learning”, “ensemble learning”, and
“load forecasting”, are chosen as the search’s keywords. Using the above keywords, databases,
and time range and taking into account factors such as relevance and citations, 165 papers
were initially identified, for which their distribution is shown in Figure 1. These papers could
be classified from two aspects, i.e., load spatial scale and forecasting time scale.

Figure 1. Distribution of identified studies on different AI methods from 2020 to 2025.



Energies 2025, 18, 4408 3 of 27

(I) Load Spatial Scale: Among 140 identified papers (the rest of the papers did not specify
the spatial scale clearly), there are 47 papers (accounting for about 33.6%) related to
city-/region-scale forecasting, 39 papers related to building-scale forecasting (such as
residential, commercial, and educational buildings and so on), 30 papers related
to station-scale forecasting, and 24 papers related to national-grid-scale forecasting.
The statistic chart is shown in Figure 2.

Figure 2. Statistical chart of studies on load spatial scale.

(II) Forecasting Time Scale: According to the time scale, LF can be categorized into short-
term, medium-term, and long-term forecasting. Figure 3 provides the proportions of
three time scales based on the survey of 154 papers (rest of the papers did not specify
the time scale clearly). There are 128 papers (accounting for about 83.1%) focusing on
short-term forecasting, 16 papers focusing on medium-term forecasting, and 10 papers
focusing on long-term forecasting. It is observed that studies prefer short-term LF
scales, which can provide more detailed and accurate forecasting results.

Figure 3. Statistical chart of studies on forecasting time scale.

This review aims to discuss recent research on LF models using advanced AI and
data-driven technologies. In the past 5 years, many review papers on LF have been pub-
lished [7,27–32]. For example, Ramokone et al. [27] conducted a chronological review of
both AI-based and conventional models utilized in building energy consumption fore-
casting, including the model type, forecasting accuracy, and applied areas. Zhu et al. [7]
presented a comprehensive overview of data-driven techniques for load forecasting in
integrated energy systems. Khalil et al. [29] provided a systematic review on ML, deep
learning, and statistical analysis models used in the field of building energy consumption
forecasting. Han et al. [30] discussed the research status of AI-based LF for a new-type
power system from nine typical LF scenarios. To comprehend the research gaps in pre-
vious reviews, Table 2 is provided, which is organized according to the main contents of
our review: (I) statistics of spatial and temporal scales; (II) basic preprocessing methods;
(III) advanced preprocessing methods; (IV) deep learning-based models; (V) reinforce-
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ment learning-based models; (VI) transfer learning-based models; and (VII) ensemble
learning-based models. From Table 2, it is observed that the majority of previous reviews
did not involve advanced preprocessing methods (data preprocessing methods based
on advanced AI). Further, besides deep learning-based forecasting models, other latest
AI-based forecasting models were not deeply investigated. In particular, none of these
reviews have considered reinforcement learning-based forecasting models. In this paper,
the characteristics and applications of some advanced preprocessing methods are summa-
rized, which may contribute to further improvements in forecasting accuracy. In addition,
with the continuous development of AI, four kinds of latest AI-based models for LF are
comprehensively reviewed, including their advantages, limitations, usage scenarios, and
so on. The main parts of this review can be summarized as follows: (1) On the basis of
summarizing traditional preprocessing methods, we present insights into the advanced
AI technologies used for load data preprocessing. (2) On the basis of summarizing the
characteristics of deep learning, reinforcement learning, transfer learning and ensemble
learning, we comprehensively review and analyze various LF models using these latest AI
technologies. (3) A detailed discussion on some challenges and opportunities of current
technologies for LF is provided.

Table 2. Summary of previous review papers.

Contents [27] (2021) [28] (2022) [7] (2022) [29] (2022) [30] (2023) [31] (2024) [32] (2025)

Spatial-/temporal-
scale statistics

× ✓ ✓ ✓ × × ✓

Basic preprocessing × × × ✓ × × ✓
Advanced preprocessing × × ✓ ✓ × × ×

Deep learning models × ✓ ✓ ✓ ✓ × ✓
Reinforcement

learning models
× × × × × × ×

Transfer learning models × × ✓ ✓ × × ✓
Ensemble learning models ✓ × × ✓ ✓ ✓ ×

2. Data Preprocessing Methods
It is well known that data processing plays an important role in time-series forecasting

tasks. Apart from some commonly used methods such as normalization, outlier detection,
and data filling [33], feature extraction and data decomposition are mainly addressed in
this paper.

2.1. Basic Preprocessing Methods

(I) Feature extraction

Feature extraction usually includes feature selection, data-dimension reduction,
and feature enhancement, which directly affect the speed and cost of model training.
It is concluded that using redundant features may reduce the model’s accuracy, while using
features with strong correlation can improve the model’s accuracy [34,35].

Three kinds of feature selection methods are commonly used: (1) machine learning-
based methods such as recursive feature elimination (RFE) [36] and chi square [37];
(2) mutual information methods such as the maximal information coefficient (MIC) [38,39]
and partial mutual information (PMI) [40]; and (3) statistic-based methods such as the least
absolute shrinkage and selection operator (LASSO) method [41] and methods based on
correlation measures. Spearman’s correlation coefficient [42], Pearson’s correlation coef-
ficient [43], the distance correlation coefficient (DCC) [44], and the orthogonal maximum
correlation coefficient (OMCC) [45] are commonly used to evaluate the correlation between
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variables. Together with a defined threshold or ranking procedure, these correlation evalu-
ation methods can be used to select input features that are more correlative with the output.
Compared with methods based on correlation measures, LASSO is a relatively standard
and effective feature selection method that performs coefficient shrinkage, often driving
some coefficients to zero. In general, due to simple calculations and high operational
efficiency, mutual information methods and statistic-based methods are often used for
preliminary feature selection. They are suitable for scenarios with linear or monotonic
relationships between the features and target variables. The machine learning-based meth-
ods are suitable for scenarios with complex coupling and nonlinear relationships between
features. Considering the high computational cost, they are usually used for fine feature
selection after preliminary selection. Furthermore, the above methods can also be com-
bined to achieve better feature selection results. For example, Pirbazari et al. [46] utilized
the Pearson correlation coefficient (PCC) to select features and RFE to further eliminate
redundant features. Dai et al. [47] and Dong et al. [48] adopted a pre-trained random
forest (RF) for ranking the importance of features and carrying out correlation analyses for
feature selection.

Data-dimension reduction usually includes linear methods represented by principal
component analysis (PCA), multidimensional scaling (MDS), singular value decomposition
(SVD), etc. [49,50], and nonlinear methods represented by kernel principal component
analysis (KPCA), isometric feature mapping (Isomap), t-distributed stochastic neighbor
embedding (T-sne), etc. [51,52]. These methods are usually employed to further extract prin-
cipal components within the feature space. They may help improve forecasting accuracy
while interpretability is relatively low.

Some feature enhancement methods, such as sliding windows and feature differ-
entiation, are utilized for LF [53,54]. Zhao et al. [55] used tree-based model prediction
results to augment input features. These methods can effectively improve model accuracy
and robustness.

(II) Data decomposition

Using data decomposition, the original time series can be decomposed into approxi-
mate stationary components. It has been proven that forecasting accuracy can be enhanced
by separately modeling each component [56,57]. The frequency domain’s decomposi-
tion could extract hidden information, which is beneficial for learning load response
characteristics [58].

Some frequency domain decomposition methods are commonly utilized, including
mode decomposition methods, such as empirical mode decomposition (EMD) [59], en-
semble EMD (EEMD) [60], complete ensemble EMD (CEEMD) [61], variational mode
decomposition (VMD) [62,63], improved VMD [64], complete EEMD with adaptive noise
(CEEMDAN) [65], and bivariate EMD [66], and wavelet decomposition methods, such as
wavelet transform (WT) [67], wavelet packet decomposition (WPD), and empirical wavelet
transform (EWT) [68]. Mode decomposition methods are suitable for dealing with sequence
signals with complex fluctuations and multiple frequency superpositions, while wave de-
composition methods are suitable for dealing with load data with transient events or
sudden changes. The seasonal-trend decomposition using the LOESS (STL) [69,70] method,
which is commonly used for time series with seasonality and trend fluctuations, could also
be used to achieve the related load sequence mode. Moreover, some combined methods,
such as combinations of WPD and VMD [71]; VMD and fuzzy c-means (FCM) [72]; STL
and VMD [73,74]; secondary VMD and wavelet packet threshold denoising (WPTD) [75];
improved CEEMDAN and VMD [76], etc., were employed to effectively extract load com-
ponents by integrating the characteristics of different decomposition methods.
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(III) Combined preprocessing

Combined preprocessing based on multiple data preprocessing methods has attracted
a lot of attention in recent years. Zhao et al. [77] extracted high- and low-frequency com-
ponents from the VMD sequence using grey relational analysis (GRA) and PCC, and
they fused them to reconstruct ten new sequences. Li et al. [78] used fast EEMD to dis-
integrate the original time series and then adopted Pearson’s coefficient to fuse highly
correlated patterns; finally, they utilized hybrid feature engineering to choose input vari-
ables with high contributions. Tian et al. [79] used FCM clustering to divide time series
and RFE to extract input features. Yan et al. [80] used the largest-triangle-three-bucket
(LTTB) algorithm for dimension reduction, affinity propagation (AP) clustering for data
decomposition, and transfer entropy to adaptively extract input features for each com-
ponent. Lin et al. [81] adopted ICEEMDAN to decompose the sequence into high- and
low-frequency components; then, they decomposed high-frequency components through
VMD optimized by a crested porcupine optimizer (CPO), and they selected features for
subsequences using a uniform information coefficient (UIC). The results demonstrated
that these combined preprocessing methods could enhance the performance of LF models.
In spite of the enhanced data preprocessing ability for load sequences with complex noise
and fluctuations, these combined methods have significantly increased computational
complexity and costs.

2.2. Advanced Data Preprocessing Methods

Recently, with the rapid development of AI, deep learning networks, such as the gated
recurrent unit (GRU), convolutional neural network (CNN), and temporal convolutional
network (TCN); reinforcement learning algorithms; and attention mechanisms have been
applied to data preprocessing. Some representative data preprocessing methods based on
these advanced AI technologies are shown in Table 3.

Table 3. Summary of data preprocessing methods using advanced AI.

Preprocessing Method Literature (Year) Network/Algorithm/Mechanism Benefits of Preprocessing

[82] (2021) GRU RMSE decrease: 30.52%
[83] (2021) GAN RMSE decrease: 1.63%

Deep learning-based
feature extraction [44] (2021) TCN RMSE decrease: 41.20%; training

time decrease: 11.32%
[84] (2023) CNN R2 increase: 3.85%
[85] (2024) GAN RMSE decrease: 16.46%

[71] (2021) Sarsa RMSE decrease: 0.96–10.08%
Reinforcement learning-based [86] (2023) DQN RMSE decrease: 17.00%

feature selection [87] (2024) DDPG Reliability improvement: 22.42%
[88] (2024) Actor–critic RMSE decrease: 34.07%

[89] (2021) RNN, cross-attention RMSE decrease: 18.5%
Attention mechanism-based

feature extraction [90] (2023) GNN, hierarchical Attention RMSE decrease: 6.82%

[91] (2024) CNN, global–local attention RMSE decrease: 25.71%

GAN: Generative adversarial network; RMSE: root mean square error; Sarsa: state–action–reward–state–action;
DQN: deep Q network; DDPG: deep deterministic policy gradient; GNN: graph neural network; RNN: recurrent
neural network; R2: coefficient of determination.

(I) Feature extraction based on deep learning

Deep learning belongs to a new field of machine learning research, and it has a struc-
ture of artificial neural networks with numerous hidden layers of multi-layer percep-
tions [92,93]. Feature extraction could be directly accomplished by the structural layers of
deep learning networks. CNNs [59,84,94], GRUs [82], TCNs [44], generative adversarial
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networks (GANs) [83,85], etc., were utilized for feature extraction. Due to the multi-layer
neural network structures and strong nonlinear modeling and generalization capabilities,
deep learning is more effective in extracting complex features from raw data than ma-
chine learning and statistics methods. The results in the literature showed that these deep
learning-based feature extraction methods were helpful for LF models in terms of accuracy.

(II) Feature/sample selection based on reinforcement learning

Reinforcement learning achieves the optimal action based on an agent’s interactions
with the environment [95,96]. A simple illustration of reinforcement learning is shown in
Figure 4. In the process of reinforcement learning, the agent observes the environmental
state s, takes action a, receives a reward r from the feedback of the environment, and peri-
odically completes each learning step. The main advantage of reinforcement learning lies
in its ability to achieve autonomous learning through interactions with the environment,
and it is particularly suitable for long-term decision optimization in complex dynamic envi-
ronments. Reinforcement learning is demonstrated to be effective in the field of dynamic
feature/sample selection for complex LF tasks. Liu et al. [71] established a state–action–
reward–state–action (Sarsa) RL agent to dynamically select the optimal input features for
a load’s subsequence. Liu et al. [86] constructed a deep Q network (DQN) RL agent to opti-
mize the optimal input features for building loads at different stages. Wang et al. [88] used
the actor–critic network to dynamically choose the representative training data to reduce
the impact of load data volatility. Liu et al. [87] adopted the deep deterministic policy gradi-
ent (DDPG) algorithm to select samples for wind power under extreme weather conditions,
which significantly enhanced the adaptability of LF models to abnormal situations.

Figure 4. A simple diagram of reinforcement learning.

(III) Feature extraction based on attention mechanism

The attention mechanism can effectively extract information by reasonably adjusting
the attention to information, ignoring irrelevant information, and amplifying important
information [97]. The main mathematical expression of the self-attention mechanism is
as follows:

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (1)

In a self-attention mechanism, Q is the query vector, which characterizes the sequence
features that need to be focused on currently. K is the key vector, which quantifies the
importance weights of each feature. By computing the dot product of Q and K, the correla-
tion degree between the target sequence and other features can be obtained. V is the value
vector, which carries the actual information content of each feature. Specifically, the dot
product result of Q and K is normalized (e.g., by the softmax function) to generate attention
weights that are then subjected to weighted summation with V to finally output the feature
representation of the self-attention layer. In the LF task, the self-attention mechanism
adaptively captures the time-series patterns and the influencing factors that are most rele-
vant to the forecasting target by dynamically adjusting the attention weights of different
features. Some researchers have introduced the attention mechanism into feature extraction
for forecasting models. Li et al. [89] extracted load features using the attention mecha-
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nism layer and recurrent neural network (RNN) layer. Yu et al. [90] developed a graph
attention network to aggregate and extract the spatiotemporal features of wind power
data. Yao et al. [91] incorporated the adaptive feature fusion convolution and global–local
dynamic attention modules to realize effective local feature extraction at different temporal
scales. The results verified that the above feature extraction methods could effectively
extract deep feature information and enhance forecasting accuracy and robustness.

2.3. Comparison and Summary

A summary of the above-mentioned data preprocessing methods is given in Table 4,
including the interpretability, complexity, application scenarios, and performance improve-
ment of LF brought by them. From Table 4, the following is known: (1) In basic methods,
the complexity of data decomposition is not high, while interpretability is relatively high.
(2) In basic methods, the complexity and interpretability of feature extraction (including
feature selection, data-dimension reduction, and feature enhancement) vary greatly depend-
ing on the specific method. (3) The advanced methods have greatly increased complexity
compared to basic methods, while they may bring significant performance improvements
for LF, such as adaptability and accuracy. (4) Selection of preprocessing methods should be
based on their typical application scenarios.

Table 4. Summary of data preprocessing methods.

Classification Method Interpretability Complexity Application
Scenarios

Performance
Improvement

Statistic-
/information-based

feature selection
High Low to medium

Linear/monotonic
relationships

between
features and targets

Overfitting
reduction,

training acceleration

ML-based
feature selection Medium Medium to high

Complex
coupling/nonlinear

relationships
between features

Training
acceleration,

improved general-
ization

Data-dimension
reduction Low to medium Medium to high Feature redundancy Noise reduction,

training acceleration

Basic methods Feature
enhancement Low Medium to high Strong nonlinear

data
Robustness

improvement

Mode
decomposition Medium to high Low to medium

Series with
fluctuations and

multiple frequencies

Accuracy
improvement,

noise reduction

Wavelet
decomposition Medium Medium

Series with transient
events or

sudden changes
Noise reduction

STL High Low
Series with

seasonality and
trend fluctuations

Robustness
improvement

DL-based
feature extraction Low Very high Big data,

complex features
Accuracy improve-

ment

Advanced methods RL-based
feature selection Low Very high Dynamic feature

selection
Adaptability
improvement

AM-based
feature extraction Medium to high Very high Deep/dynamic

feature selection

Adaptability
improvement,

overfitting reduction

ML: Machine learning; DL: deep learning; RL: reinforcement learning; AM: attention mechanism.
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3. Advanced AI-Based Forecasting Models
For complex LF tasks, the selection of forecasting model is critical. Classical sta-

tistical and machine learning models belong to time-series-based and AI-based models,
respectively (see Section 1). In recent decades, statistical models, such as ARIMA [98] and
exponential smoothing [99], and machine learning models, such as random forests [100],
gradient-boosted trees [101], support vector machines [102], and extreme learning ma-
chines [103], have been thoroughly studied. These classical models are characterized by
low computational costs and stable performance, which makes them widely used as bench-
marks in both academic research and operational LF scenarios. Advanced forecasting
models based on the latest AI usually exhibit higher accuracy and enhanced robustness
than the above classical models. Four kinds of advanced AI-based LF models are reviewed
in this section: deep learning-based models, reinforcement learning-based models, transfer
learning-based models, and ensemble learning-based models.

3.1. Deep Learning-Based Models

Deep learning outperforms conventional machine learning because it has the following
advantages [104–106]: (1) It exhibits higher flexibility and generalization capabilities; (2) it
offers end-to-end learning; (3) it has stronger robustness when dealing with noise or
incomplete data. Some latest deep learning models, such as the deep residual network
(ResNet), TCN, and Transformer with attention mechanisms, have been widely applied in
the field of LF.

(I) Deep ResNet

As one of the most successful deep learning models in recent years, ResNet can
effectively solve problems, such as vanishing gradients, exploding gradients, and over-
fitting [107]. Chen et al. [108] proposed a trilinear ResNet with self-adaptive dropout
methods and improved snapshot ensemble strategies for short-term LF. Zhang et al. [107]
established deep ResNet with dual skip connections (ResNet-DSC) as the base learner of the
combined forecasting model for residential loads. Hua et al. [109] proposed an ensemble
framework for short-term LF, which used a CNN and long short-term memory (LSTM)
for feature extraction and an attention mechanism layer for feature enhancement. Finally,
the improved ResNet layer was utilized to output forecasting results, which significantly
improved the accuracy of LF.

(II) TCN

For the TCN, the dilated causal convolution and residual blocks are the two most im-
portant parts. Apart from inheriting the advantage of causal convolutions in preventing fu-
ture information leakage, TCN broadens the receptive field, allowing a wider range of input
information [74]. Zhou et al. [74] established four TCN forecasting models for the compo-
nents of two-stage load decomposition, which could fully capture long-term and short-term
dependencies in the load sequence through distinct receptive fields. Su et al. [110] proposed
a hybrid ensemble model for power LF, in which nine TCNs are obtained based on the
cardinality minimization and augmented Lagrangian methods. Zheng et al. [111] adopted
the hybrid LSTM–TCN model for short-term power LF, in which the LSTM was used to
extract the temporal features, and TCN was used to build the connection between the
features and output.

(III) Transformer with attention mechanism

Transformer is a deep learning model architecture developed for natural language
processing (NLP) and sequence-to-sequence problems. Transformer is composed of po-
sitional encoding, multi-head attention mechanisms, stacked layers, residual connection
layers and normalization layers, encoders and decoders, etc., as shown in Figure 5. The
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Transformer model shows great potential in the field of LF due to its strong capabilities in
feature extraction and sequence modeling. Zhao et al. [55] utilized a Transformer–ResLSTM
network for short-term natural gas LF. This network replaced the original decoder structure
with the LSTM network and fully connected layers, and it introduced residual connec-
tion mechanisms in the encoder and new decoder structure. Tian et al. [62] proposed a
probabilistic LF model that integrated multi-layer CNNs and Transformer, noting that
the Transformer could better identify the relationship between the leading and lagging
terms of a time series. Gao et al. [112] established a novel Transformer-based model for
short-term residential LF based on transfer learning and multi-attention fusion. The results
demonstrated that the proposed model could enhance forecasting accuracy under both
data-scarce and data-rich conditions.

Figure 5. Structure of typical Transformer.

3.2. Reinforcement Learning-Based Models

Reinforcement learning emphasizes that, during the process of intensive interactions
with a certain environment, the agent obtains the optimal decision-making policy based on
trial and error [113,114]. In the field of LF, there are three main applications of reinforcement
learning: direct forecasting, parameter optimization for forecasting models, and base learner
construction/integration for ensemble models. Some representative RL-related papers on
LF in the past 3 years are shown in Table 5.

Table 5. Representative applications of reinforcement learning in the field of LF.

Application Literature (Year) Reinforcement Learning
Algorithm State Action

Direct forecasting

[115] (2021) ADDPG A sequence of load data Forecasted load

[116] (2022) DQN
State class probabilities and

historical energy
consumption data

Discrete forecasted energy
consumption
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Table 5. Cont.

Application Literature (Year) Reinforcement
Learning Algorithm State Action

[117] (2022) DDPG MAPE Learning rate of LSTM

Parameter optimization [51] (2024) REINFORCE
Hyperparameters and

kernel operators for
two models

Model
hyperparameter values

[118] (2025) DDPG Absolute value of error Hyperparameters of
GRU

[40] (2022) Q-learning
Optimal learner label

sequence in current step,
absolute value of error

Optimal learner label
sequence in next step

[119] (2022) Q-learning Optimal learner label
sequence in current step

Optimal learner label
sequence in next step

Integration of base learners [120] (2022) DDPG Weights of base learners Weight increments
[90] (2023) DDPG Weights of base learners Weight increments

[121] (2024) Q-learning Weights of base learners
in current step

Weights of base learners
in next step

[122] (2025) DDPG Predicted loads of
base learners LF value

ADDPG: Asynchronous deep deterministic policy gradient; REINFORCE: Monte Carlo policy gradient;
MAPE: mean absolute percentage error.

(I) Direct forecasting

If reasonable state s and reward r are designed, the RL agent can output the optimal
forecasting value a through training. Liu et al. [123] used RL models such as DDPG,
recurrent deterministic policy gradients (RDPGs), and asynchronous advantage actor–critic
(A3C) for directly building LF, which showed higher forecasting accuracy and longer
training times compared with deep learning models. Fu et al. [116] designed an improved
state based on the deep forest (DF) algorithm and adopted the DQN model for building
energy consumption forecasting. Moreover, some improved RL frameworks were utilized
for direct LF, such as RDPG [76] and ADDPG with adaptive early forecasting methods
and reward incentive mechanisms [115]. Compared with parameter optimization and base
learner integration, direct forecasting using RL remains limited, since it takes a large amount
of training time and shows no obvious superiority compared with deep learning models.

(II) Parameter optimization

RL has great value in the field of optimization and decision making. Hence, using
RL for model parameter optimization may lead to a more reliable forecasting strategy.
Nguyen et al. [124] adopted the LSTM model for short-term electricity LF, and they used
DQN to optimize the number of LSTM cells and the dimensions of the hidden state.
Ge et al. [102] utilized an improved Q-learning algorithm to adjust the inertia weight of
particle swarm optimization (PSO), which was combined with the least-squares support
vector machine (LSSVM) power LF model. Chandrasekar et al. [51] proposed an improved
RL algorithm using RNN as the policy network to dynamically adjust the hyperparameters
of gradient boosting decision tree (GBDTs) and support vector regression (SVR) forecasting
models. Li et al. [125] used the twin-delay deep deterministic policy gradient (TD3) to
adaptively adjust the length of the time window of extreme gradient boosting (XGBoost)
and CNN-LSTM LF models. Zhou [117] et al. and He et al. [118] constructed a DDPG
agent to learn a policy that could dynamically tune the parameters of LF models. The
results demonstrated that the above combined forecasting methods had higher accuracy
and superior performance.
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(III) Construction or integration of base learners

Under the framework of ensemble strategies, the RL algorithms can be applied for the
construction or integration of base learners. Q-learning [126,127] was constructed as the
base learner, which enhanced the diversity of the base learner library, thereby improving
the performance of the ensemble forecasting model. Considering that the RL agent has the
ability to adjust its policy to adapt to new observation information, RL algorithms have
been widely used in the dynamic selection of base learners or the dynamic adjustment
of base learners’ weights. For example, in [40,65,68,119,121], the Q-learning algorithm
was utilized to select the optimal base learner or adjust the base learner’s weights for the
ensemble forecasting model. In [128], the double DQN was employed to choose the best
machine learning model in peak electricity forecasting. In [38], the DQN algorithm was
adopted to dynamically tune the base learner’s weights of the ensemble LF model for
buildings. In [120], the DDPG network was used to realize the dynamic integration of the
six base learners for heat load energy-saving predictions. The results verified that these
RL-based ensemble strategies could further improve forecasting performance.

3.3. Transfer Learning-Based Models

Transfer learning can be defined as follows: Given the source domain and target
domain, as well as the learning tasks, extract related knowledge from the source task to
help the model accomplish the target task [129]. Transfer learning provides an effective
solution for dealing with small sample problems [43,130]. Three kinds of transfer learning
methods are mainly adopted in the field of LF, i.e., model transfer, instance transfer, and
feature transfer. Some representative studies on LF using transfer learning are summarized
in Table 6.

Table 6. Some representative studies on LF using transfer learning.

Literature (Year) Transfer Algorithm Transfer Method Similarity
Measurement

[131] (2022) LSTM Model transfer /

[132] (2022) LSTM Instance transfer,
model transfer MIC

[43] (2022) CNN-GRU Model transfer MMD, PCC
[133] (2022) DANN Feature transfer /
[134] (2022) MTE-LSTM Model transfer TSS-DC

[135] (2022) ELM Model transfer,
feature transfer /

[136] (2024) K-MIFS-XGBoost Instance transfer,
model transfer PCC

[129] (2024) iTrAdaBoost-LSTM Instance transfer WD, NNS

[137] (2024) BP, ELM, ENN, RBF,
LSTM, GRU Model transfer PCC

[49] (2024) CNN-LSTM Feature transfer MIC
[138] (2024) DSSFA-LSTM Model transfer WM
[139] (2024) CNN-GRU Model transfer MD

DANN: Deep adversarial neural network; MMD: maximum mean discrepancy; ELM: extreme learning machine;
MTE-LSTM: multi-source transfer learning-guided ensemble LSTM; TSS-DC: two-stage source building selection
strategy based on dominance comparison; WD: Wasserstein distance; NNS: nearest neighbor search; ENN:
Elman neural network; RBF: radial basis function; WM: WD combined with MIC; MD: Mahalanobis distance;
DSSFA: detrend singular spectrum fluctuation analysis algorithm.

(I) Model transfer

Model transfer means transferring the optimal model trained with the source domain
to the target domain. That is to say that the model is first pre-trained with source domain
data and then some parameters of the pre-trained model are fine-tuned to adapt to the
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target task. Yang et al. [136] adopted the model transfer method to fine-tune the LF model’s
parameters using a small amount of load data. Xiao et al. [137] conducted a Pearson
correlation analysis to determine the transferability between the source and target domains,
and they proposed a Q-learning-based parameter transfer policy to optimize the transfer
effectiveness for the short-term LF model. Wei et al. [138] proposed the WM algorithm,
which combined Wasserstein distance (WD) and MIC, to select source domains with high
similarity. Then, they trained the LF model using the data of selected domains, and they
employed fine-tuning mechanisms to transfer the trained model to the target domain.
Cheng et al. [139] utilized the Mahalanobis distance (MD) to measure the similarity between
the source and target domains, and the model transfer method was used to construct the
combined CNN-GRU model for short-term power LF. Case studies showed that the model
transfer method could improve LF accuracy and efficiency.

(II) Instance transfer

Instance transfer means directly transferring some similar samples from the source
domain to the target domain. It is verified that when the amount of data in the target
domain is relatively small, the instance transfer method outperforms the model transfer
method in terms of modeling accuracy [140]. Lu et al. [132] utilized MIC to measure the
similarity between the target and source load sequence, and they transferred the source load
data with similar patterns to supplement target data samples. Yang et al. [136] introduced
the instance transfer method to determine the weight of holiday samples by calculating the
PCC of holiday samples between the source and target domains. Wei et al. [129] proposed
the instance-based multi-source transfer learning method for short-term building electricity
LF. After choosing similar buildings using the WD approach, the authors picked the most
helpful samples from source domains using the nearest neighbor search (NNS) approach
and designed an improved TrAdaBoost algorithm for transfer and forecasting. Case studies
demonstrated that the instance transfer method could improve the accuracy of LF with
scarce historical data.

(II) Feature transfer

The feature transfer method maps data in the source and target domains to a unified
feature space using feature transformation, thereby reducing the distance between the
source and target domains. The feature transfer method may be more suitable for scenarios
where the distribution difference between the two domains is large [141]. Zhou et al. [133]
proposed a feature transfer method to capture related relationships between the unmasked-
load and masked-load datasets for masked-load forecasting. Common feature vectors from
the two datasets are extracted by adversarial training for accurate forecasting. Liu et al. [135]
adopted feature transfer technology to update the weights of a multi-layer extreme learning
machine model for probabilistic wind power forecasting. Lu et al. [49] used MIC combined
with PCA for feature transformation. The spatial distribution of load characteristics in
target and source domains was aligned by Wasserstein GANs, and the local characteristic
loss was added in the transport cost function to improve training stability and the rapidity
of the CNN-LSTM model. The results showed that above feature-based transfer learning
enhanced the accuracy of model for small-sample LF.

3.4. Ensemble Learning-Based Models

It is admitted that no matter how data-driven models are improved, it is hard to
develop a best single model that dominates over others for all LF applications. Ensemble
learning, which has been widely used in detection, simulation, estimation, etc. [142–144],
paves a totally new path toward achieve better forecasting performance than any individual
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base learner. Two different ensemble structures, namely, serial and parallel ensemble
structures, are discussed in this section for LF scenarios.

3.4.1. Parallel Ensemble Model

For the parallel ensemble model, the training process of each base learner is inde-
pendent. There are usually two basic frameworks for parallel ensemble model: bagging
and stacking. In the bagging framework, multiple training sets are constructed through
sample extraction with replacement [26]. Then, multiple base learners are simultaneously
built using the corresponding training set, and the final forecasting results are obtained
by combining the results of base learners. In [40,47], the bagging framework was adopted
for ensemble forecasting modeling. Compared with the bagging framework, the stacking
framework is more commonly used in LF tasks. As shown in Figure 6, base learners with
different learning mechanisms are trained as Layer-0 of the stacking framework, and the
meta learner (or called strong learner) is constructed as Layer-1 to combine the base learners’
forecasting results.

Figure 6. Parallel ensemble framework based on stacking.

For the stacking-based ensemble model, the selection of base learners and strategies
for base learner combinations forms two main research aspects. To improve the forecasting
performance of ensemble models, it is very important to select diverse base learners with
low correlations. Selective ensemble learning was demonstrated to be effective in selecting
the most suitable combination of base learners [145,146]. Combining the forecasting results
of multiple base learners in a weighted manner is a kind of popular combination strategy.
Weight optimization [81,147–149], weight correction [150], and weight searching [151] were
utilized for ensemble models, and some encouraging forecasting results were obtained.
Furthermore, some advanced meta learners are employed for stacking-based ensemble
models, such as XGBoost [63], passive aggressive regression (PAR) [152], deep belief
networks (DBNs) [153,154], quantized recurrent LSTM (QRLSTM) [155], extreme learning
machine (ELM) [156], multiple linear regression (MLR) [157], light gradient boosting
machine (LGBM) [158], etc. Li et al. [159] utilized multiple meta-learners, including RF,
K-nearest neighbor (KNN), naive Bayesian (NB), and a linear discriminant (LD), and they
ranked the available LF models based on accuracy. Then, the scoring–voting mechanism
weighted each meta-leaner to make the final recommendations. The results verified that the
meta-learning-based LF method achieved satisfactory performance. Some representative
studies on parallel ensemble models for the LF tasks are summarized in Table 7.
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Table 7. Some representative studies on parallel ensemble models for LF.

Literature
(Year)

Basic
Framework Base Learner Combination of Base Learners

[151] (2022) Stacking GRU, LSTM, TCN Weight searching
[160] (2023) Stacking LSTM, GRU, TCN Weight optimization (DE)
[64] (2024) Stacking TCN, ISSA-WFTS, BiLSTM-Attention Weight optimization (ISSA)
[81] (2025) Stacking GRU, LSTM, BiLSTM, TCN Weight optimization (MLP)
[46] (2021) Stacking BiLSTM Meta-learner (GBDT)
[161] (2021) Stacking PSO, SA, ES, RS, BO-XGBoost, LGBM Meta-learner (MLP)
[37] (2023) Bagging RNN, LSTM, GRU, BiLSTM Weight optimization
[47] (2024) Bagging Attention-CNN-BiGRU Average
[162] (2024) Stacking RNN, LSTM, GRU, BiLSTM, CNN Meta-learner (KNN)
[163] (2025) Stacking TCN-LSTM, LightGBM Meta-learner (MLR)

ISSA: Improved sparrow search algorithm; DE: differential evolution; ISSA-WFTS: weighted fuzzy time series
based on improved sparrow search algorithm; MLP: multi-layer perceptron; SA: simulated annealing; ES: evolu-
tion strategy; RS: random search; BO: Bayesian optimization; LightGBM: light gradient boosting machine.

3.4.2. Serial Ensemble Model

For the serial ensemble model, the sequential process is used for base learner training.
Taking the typical boosting algorithm as an example, each subsequent base model will
be corrected and improved based on the previous base learner, as shown in Figure 7.
Boosting and its improved algorithms are widely adopted for serial ensemble modeling.
Meng et al. [164] designed a boosting-based ensemble model using multi-layer perceptrons
(MLPs) and autoregressive integrated moving averages (ARIMAs) as the base learners,
improving the accuracy of short-term LF models on small datasets. Zhu et al. [42] used
the AdaBoost algorithm to enhance an ELM model optimized by the firefly algorithm
for day-ahead industrial LF. Ma et al. [165] proposed a serial ensemble strategy for office
energy consumption forecasting, incorporating the adaptive gradient boosting regression
(AGBR) algorithm. Data from a real office building demonstrated that the proposed model
had better performance in terms of accuracy and training time.

Figure 7. Serial ensemble framework based on boosting.

Apart from the boosting algorithm, the serial ensemble model based on residual
correction has also attracted great attention. Introducing residual correction could further
enhance the accuracy of forecasting model with fewer costs [52]. Zhao et al. [166] utilized
the Gaussian process (GP) to estimate the forecasting residual of the deep ResNet when an
abnormal event occurred. Comparative tests demonstrated the superiority of the proposed
method for probabilistic LF against abnormal events. Ye et al. [167] proposed an error
correction strategy for short-term wind power forecasting based on the swing window
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method and quantile regression model. The results verified that the proposed strategy had
good generalization capabilities. Zhao et al. [168] developed a global–local probabilistic
LF framework using the Transformer network and residual learning method based on
sparse variational Gaussian processes (SVGPs). Numerical simulations showed that the
residual learning method could calibrate errors of the Transformer network, leading to
enhanced forecasting accuracy. Some advanced serial ensemble methods for LF scenarios
are summarized in Table 8.

Table 8. Some representative studies on a serial ensemble model for LF.

Literature (Year) Boosting Algorithm or
Correction Model Base Learner

[129] (2024) TrAdaBoost LSTM
[166] (2023) GP-based error correction ResNet
[168] (2024) GP-based error correction Transformer
[169] (2024) GRU-based error correction GRU
[170] (2024) GE-based error correction RR

[85] (2024) SVR-based similar day
error correction XGBoost

RR: Ridge regression; GE: Gaussian error.

3.5. Comparison and Summary

A summary of some advanced AI-based models for LF is given in Table 9. Their
computational cost, interpretability, generalization performance, MAPE of forecasting,
and typical application scenarios are compared and analyzed. From Table 9, the following
is observed: (1) These advanced models can bring significant improvements on forecasting
accuracy and generalization performance. Note that for multi-scenario forecasting, “MAPE”
represents the average MAPE of all scenarios in the corresponding literature. (2) These
models commonly have high computational costs due to their complex network archi-
tectures. Meanwhile, model interpretability is usually low. (3) Each model has its own
characteristics, and forecasting performance depends on the specific scenario. Nevertheless,
the Transformer-based model is quite popular due to the adopted self-attention mechanism
and modular structure.

Table 9. Summary of advanced AI-based models for LF.

Advanced Model Computational
Cost Interpretability Generalization

Capability MAPE Application Scenarios

Deep ResNet High Low to medium Strong 1.447% [108] High-resolution spatiotemporal
data forecasting

TCN Medium to high Low to medium Strong 1.123% [64] Sequence with
long-term dependency

Transformer Very high Medium Very strong 1.113% [75]
Complex feature extraction,

sequence with
long-term dependency

DDPG-based model Very high Low Medium 1.102% [122] Sequence with sudden
fluctuations or transient events

TL-based model Medium Low to medium Strong 1.88% [129] Small-sample forecasting

Parallel ensemble
model High Low to medium Strong 1.099% [163] Generalized forecasting

Serial ensemble
model Medium to high Low to medium Strong 1.010% [52] Non-stationary sequence

TL: Transfer learning; MAPE: mean absolute percentage error.
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4. Discussion
With the increasing penetration of distributed photovoltaics, wind energy, and energy

storage devices, the volatility and randomness of power generation/consumption impose
new challenges on the stable and optimal operation of power grids. In addition to enhancing
energy storage capacities on the main grid side, flexible scheduling and consumption
of energy loads are indispensable. Under this background, accurate LF has important
practical applications (e.g., power resource allocation, peak demand response, energy
supply and demand optimization). Traditional energy supply–demand forecasting methods
are mostly based on physical characteristics and developed through simulations with
different topological structures and operation modes. Due to the increasing spatiotemporal
complexity of network structures and power equipments, traditional methods are unable to
meet the development needs of the current power energy system. Machine learning or deep
learning can realize the approximation of complex relationships via deep nonlinear network
learning with data-driven approaches. As seen from the above literature review, researchers
have used advanced machine learning or deep learning methods to build various load
forecasting models, achieving many beneficial results. However, facing complex supply–
demand regulations at different scales, LF based on traditional machine learning or deep
learning methods has the following challenges from the perspectives of data, techniques,
and operations, which also indicate future directions:

(I) Data Perspective: Sample Scarcity Problem.
Supported by big data technologies, machine learning and deep learning have
achieved success in the field of LF. From the perspective of data, using high-quality
load characteristics as data inputs is the key to ensuring the efficiency and accuracy
of these self-learning models. However, in practical scenarios, such as insufficient
historical data span, differences in device operating modes, improper handling of
outliers, etc., LF often faces the problem of scarce samples or limited available data.
How to achieve accurate LF using a small number of samples has become one of the
main challenges.

(II) Technical Perspective: Generalization Modeling Problem.
Traditional LF models for single forecasting tasks are not suitable for the requirements
of new distributed energy supply–demand forecasting. From the perspective of tech-
niques, it is quite difficult to develop a single AI model that performs the best for
all forecasting scenarios. Considering the coupling and complementary relationship
between distributed new energy and multiple loads, how to improve the general-
ization performance of the model in different forecasting scenarios has become a
research trend.

(III) Operational Perspective: Model Adaptability Problem.
Current LF generally adopts the method of “ffline training, online forecasting”.
From the perspective of operations, the trained model lacks the ability to dynam-
ically and adaptively adjust to the environment. Therefore, when the environment
and operation parameters are significantly different from those utilized for training,
accuracy of the forecasting model may decrease obviously. How to improve the
environmental adaptability of a model is quite important in practical applications.

4.1. Data Perspective: Small-Sample Forecasting

For small-sample load forecasting, transfer learning provides an effective scheme.
Different from traditional machine learning, transfer learning aims to generalize commonal-
ities between different domains and tasks and enhance the learning of the target domain by
acquiring knowledge from source domains and tasks. Recently, researchers have gradually
introduced transfer learning into the LF field. The model transfer method is mostly em-
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ployed, i.e., pre-training the model using datasets from different regions [131,136,137] and
of different types (schools [134] and residences [107]) and then fine-tuning the parameters
of the pre-trained model with a small amount of labeled target domain data to improve
the accuracy of target task forecasting. It should be noted that the model transfer method
requires high computational resources to construct pre-trained models and relies on a
certain amount of target domain data for parameter adjustment, potentially leading to
overfitting under extreme data scarcity. The instance transfer method offers advantages
in this regard. Even with extremely limited target domain samples, favorable forecasting
performance could be achieved through source domain sample weighting and reuse [132].
In 2024, Qian et al. [171] found that the instance-based boosting-type transfer method
could obtain more complete target domain features compared with other transfer methods.
Transferring useful samples from multiple source domains can further improve forecasting
effects compared to single-source transfer methods [129,134].

The model transfer method requires relatively more target domain data and is not suit-
able for extreme data scarcity. The instance transfer method has a comparative advantage
in this regard. Multi-source transfer has higher forecasting accuracy than single-source
transfer. Currently, the optimal number of multi-source transfer lacks a reasonable selection
mechanism, which can be turned into an optimization problem. Considering the respective
advantages of different transfer methods, an ensemble transfer strategy combining these
methods may obtain a more stable and adaptable scheme for small-sample load forecasting,
which may be a potential research direction in the future.

4.2. Technical Perspective: Generalization Modeling in Different Scenarios

For short-term peak LF, bottom-up generalization modeling suffers from defects such
as feature loss and reduced resolution [172], which presents another challenge for LF mod-
eling. Tardioli et al. [173] utilized data clustering to identify typical buildings in urban
building clusters and predicted the energy consumption of the target building through the
energy load models of typical buildings, effectively reducing computational costs. This
approach provides a new approach to problem-solving. An alternative way to improve gen-
eralization performance is integrating AI algorithms with multiple characteristics, which
is also known as “hybrid forecasting”. The concept of a hybrid model is rather broad,
including data preprocessing-based hybrid models, optimization algorithm-based hybrid
models, weighting-based hybrid models, etc. [174]. In spite of the increased complexity and
computational burden, hybrid models have been shown to achieve superior forecasting
performance compared with any of the individual models [175,176]. In fact, ensemble
learning-based models belong to a kind of hybrid model. Fan et al. [177] applied an en-
semble learning framework for the short-term forecasting of peak power loads, achieving
superior performance compared with any base learner. Numerous scholars have continu-
ously improved ensemble learning methods [122,146,151,156,161]. Note that the diversity
of base learners often conflicts with modeling complexity, which indicates the importance
of ensemble pruning. In 2023, Wang et al. [178] used traversal searches to identify six
optimal heterogeneous base learners to form a parallel ensemble framework, reducing
modeling complexity and computational cost.

The idea of the ensemble method is to create a strong learner by combining the
results of weak learners so as to obtain better performance. The following should be
noted: (1) It is not the case that the more base learners there are, the better the ensemble
effect. For the ensemble learning strategy, accuracy, generalization, and robustness are
the three main design goals. In this regard, “bias–variance–covariance decomposition” is
usually considered as one of the main theoretical judgments for the effectiveness of the
ensemble method. (2) Discussions on the ensemble structure are still insufficient, and the
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different performance advantages of parallel, serial, and hybrid ensemble structures need
to be analyzed and compared more deeply. (3) Establishing an ensemble LF framework
suitable for the application of energy regulation has higher requirements in both data
usage efficiency and model generalization, which is the main research trend in the field of
ensemble modeling.

4.3. Operational Perspective: Online Adaptive Forecasting

Although numerous models have been proposed for LF, forecasting models often
exhibit strong dependence on data and usage scenarios, with weak generalization capa-
bilities. Current combined forecasting methods typically adopt static combinations of
multiple models while lacking related research on model hyperparameter optimization
and adaptation for different scenarios. Model adaptive technologies dynamically adjust
behaviors and parameters by perceiving self and environmental changes, maintaining
high-precision forecasting even under unexpected environmental changes. Traditional
adaptive technologies often rely heavily on empirical information and prior knowledge,
resulting in poor forecasting generalization performance. With the development of big data
and AI, technologies such as reinforcement learning [117], quantile prediction [179], and
automated feature engineering [88] enable dynamic selections of models and automatic
adjustments of hyperparameters and structures, thereby accurately describing the trends in
loads and enhancing forecasting accuracy, as well as generalization performance.

Due to the characteristics of obtaining the optimal policy through intensive interactions
with a certain environment, reinforcement learning has potential in adaptive LF. As men-
tioned in Section 3.2, there are three main applications of reinforcement learning for LF
tasks: direct forecasting, parameter optimization, and base learner construction/integration
under the ensemble framework. However, it was found that, compared with other su-
pervised models, direct forecasting using reinforcement learning models did not show
significant superiority in terms of forecasting accuracy [117]. Hence, the latter two applica-
tions will become research trends. Among them, the rational design of states, actions, and
rewards, as well as improving the training efficiency and convergence of reinforcement
learning algorithms, will mainly be addressed in the future.

5. Conclusions
The volatility and randomness of power generation/consumption bring new chal-

lenges to the safe and stable operation of power grids. Therefore, research on accurate
and reliable load forecasting has very important practical significance. This paper reviews
studies published in the last 5 years on LF using advanced AI and data-driven technolo-
gies. The following topics are mainly included: (1) On the basis of summarizing basic
preprocessing methods, some advanced preprocessing methods are reviewed, such as
deep learning-based feature extraction, reinforcement learning-based feature selection,
and attention mechanism-based feature extraction. In spite of greatly increased complexity
compared with basic methods, these advanced methods bring significant improvements
for model adaptability and accuracy. (2) Four kinds of the latest AI-based LF models are
summarized and analyzed, i.e., deep learning-based models, reinforcement learning-based
models, transfer learning-based models, and ensemble learning-based models. Each kind
of model has its own characteristics and advantages depending on the specific forecasting
scenario. (3) Existing challenges are revealed and analyzed from the perspectives of data,
techniques, and operations, including small-sample forecasting, generalization modeling,
and online adaptive forecasting. Some effective solutions and future directions are also
proposed to address these challenges.



Energies 2025, 18, 4408 20 of 27

Author Contributions: Conceptualization, W.X. and K.L.; methodology, J.L. and W.X.; formal analysis,
J.L. and W.X.; investigation, J.L. and W.X.; writing—original draft preparation, J.L., X.H. and W.X.;
writing—review and editing, W.X. and K.L.; supervision, K.L.; funding acquisition, W.X. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Key Research and Development Program in Zhenjiang
City under grant number SH2023108.

Data Availability Statement: The original contributions presented in the study are included in the
article, further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Wang , X.; Wang, H.; Bhandari, B.; Cheng, L. AI-empowered methods for smart energy consumption: A review of load forecasting,

anomaly detection and demand response. Int. J. Precis. Eng. Manuf. Green Technol. 2024, 11, 963–993. [CrossRef]
2. Mishra, S.K.; Gupta, V.K.; Kumar, R.; Swain, S.K.; Mohanta, D.K. Multi-objective optimization of economic emission load dispatch

incorporating load forecasting and solar photovoltaic sources for carbon neutrality. Electr. Power Syst. Res. 2023, 223, 109700.
[CrossRef]

3. Gu, L.; Wang, J.; Liu, J. A combined system based on data preprocessing and optimization algorithm for electricity load forecasting.
Comput. Ind. Eng. 2024, 191, 110114. [CrossRef]
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