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Abstract: Accurate  power  load  forecasting  is  essential  for  efficient  smart  grid  operation  and  dispatch
optimization. In recent years,  the rapid advancement of deep learning methods has garnered significant
attention  from  the  both  academic  and  industrial  communities  for  their  application  in  power  load
forecasting.  This  paper  provides  a  comprehensive overview of  deep learning models  used in  this  field.
First, it introduces common deep learning models, including convolutional neural networks, graph neural
networks,  recurrent  neural  networks,  generative  adversarial  networks,  and  autoencoders.  Second,  it
analyzes and discusses power load forecasting models based on these deep learning approaches in detail.
Third,  public power load datasets are presented and adopted to evaluate four representative forecasting
models through experiments. Finally, this paper summarizes future development trends in the field.
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1. Introduction

With  the  shortage  of  fossil  energy,  the  gradual  entry  of  countries  into  the  industrial  age,  and  the  continuous
development of renewable energy technology, the global energy landscape has undergone tremendous changes [1,2],
global electricity consumption has shown a rising trend year by year, the scale of the power grid has been gradually
expanding  [3],  and  the  number  of  power  equipment  has  also  increased  [4,5].  Economic  development  cannot  be
separated from the support of electricity [6], and a stable power supply is an essential factor. Power forecasting is a
key component of smart grids. Accurate predictions can greatly improve the efficiency of smart grid operation control
and planning,  thereby optimizing the distribution and utilization of  power resources  [7].  Therefore,  accurate  power
load  forecasting  is  essential  in  the  power  industry  [8].  However,  photovoltaic  and  wind  power  generation  are
extremely dependent on weather conditions and have periodic instability characteristics, that is, they may experience
severe fluctuations under severe conditions. This may lead to poor quality of collected load curves and few “smooth
areas”, which will greatly increase the difficulty of prediction [9]. Electric power load is also affected by a variety of
nonlinear factors, such as temperature, time, season, human flow, etc. [10]. It is precisely because of these complex
and uncertain factors that it becomes a difficult problem to accurately predict electricity. Many forecasting methods
have appeared before. For example, in wind power forecasting, autoregressive (AR), autoregressive moving average
(ARMA), autoregressive integrated moving average (ARIMA), etc. are widely used in time series analysis [11,12].
These methods often rely on historical data in an attempt to capture trends and periodicities in time series, which can
be used to predict future wind power production. However, these methods have an obvious shortcoming: they ignore
the  relationship  between  wind  power  data  and  climate  conditions,  so  the  prediction  accuracy  of  these  methods  is
limited  [11].  Methods  such  as  support  vector  machine  (SVM)  [13]  and  multilayer  perceptron  (MLP)  are  usually
designed to process static data, making it difficult to capture dynamic characteristics such as the time correlation of
wind  power  generation  curves.  In  load  forecasting,  methods  such  as  ARIMA  usually  require  a  large  amount  of
historical  data  to  establish  the  best  model.  Obtaining  data  with  high-dimensional  or  nonlinear  characteristics  often
faces challenges due to insufficient computing power or low quality of data sets [14].

In  the  past  few decades,  with  the  rapid development  of  artificial  intelligence [15,16],  deep learning (DL) has
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been widely used in various fields such as computer vision [17], natural language processing, anomaly detection, 3D
Point  Clouds  tasks  [18],  network  security,  recommender  system  [19,20],  medical  image  analysis  or  segmentation
[21,22],  etc.,  and  has  achieved  great  success  in  many  applications  [23,24].  It  can  gradually  learn  the  feature
representation of data through hierarchical learning, and automatically discover and extract useful features in the input
data  without  manual  feature  engineering  [25].  Similarly,  DL can  learn  from large-scale  data  and  performs  well  in
dealing  with  high-dimensional  data  and  complex  nonlinear  relationships  [26−28].  The  DBN  model  mentioned  by
Geoffrey Hinton in [29] can be regarded as one of the early forms of deep learning, which laid the foundation for the
development of the field of deep learning. With the development of this deep learning method, it is also widely used
in  the  field  of  power  forecasting  for  load  forecasting,  wind  power,  and  solar  power  generation  forecasting.  For
example:  Ying-Yi  Hong  added  a  CNN  module  when  making  wind  power  forecasting,  through  convolution  and
kernel  and pooling operations to extract  wind power features to improve prediction accuracy [30] Common model
architectures  in  deep  learning  mainly  include  convolutional  neural  networks  (CNN),  recurrent  neural  networks
(RNN), generative adversarial networks (GAN), autoencoders, etc. These models can solve complex problems such
as feature extraction and data prediction, and have also demonstrated excellent performance in power prediction [31].

The power system is usually composed of multiple power equipment or different regions, forming a complex
network  structure.  These  systems  have  complex  topological  characteristics  and  rich  content  [32],  and  there  are
complex nonlinear interactions and influences inside them. Traditional methods are difficult to effectively capture the
dependencies  among  them.  Graph  neural  networks  (GNN)  can  capture  graph  dependencies  by  passing  messages
between graph nodes [33,34]. GNN was originally proposed in [35] and explained in further detail in [36]. GNN has
just  begun  to  be  widely  used  in  social  networks  [37],  bioinformatics  [38],  knowledge  graphs  [39],  and  other
applications. With the deepening of research, the application scope of GNN has gradually expanded to other fields,
such  as  power  systems,  transportation  networks,  natural  language  processing,  etc.  This  article  summarizes  related
research on GNN in the field of power prediction.

This  article  comprehensively  reviews  the  application  of  DL  in  power  forecasting,  as  well  as  existing
shortcomings and future expectations. The contributions of this article are as follows:

1)  This  article  introduces  the  definitions  of  common  models  in  DL,  which  helps  researchers  with  different
disciplinary  backgrounds  understand  the  theoretical  framework  and  research  methods  involved  in  the  article  and
apply them to other fields.

2)  Conducted  a  comprehensive  survey  of  DL  in  the  field  of  power  forecasting,  and  introduced  the  roles  of
different  models  in  load  forecasting  and  power  generation  forecasting.  It  also  proposed  current  challenges  and
problems in the field of power forecasting, highlighting the advantages of DL in solving these problems.

3) A power load data set is given and a benchmark study is conducted. Finally, the future research direction and
development trend of deep learning in power forecasting is predicted.

The remainder of this article is organized as follows. Section II introduces definitions and paradigms. Section III
shows how DL is used in power forecasting. Section IV gives the experimental setup. Section V provides an analysis
and discussion of the benchmark experiments. Section VI is the conclusion.

2. Definition and Paradigm

2.1. Time Series Data

ti xi

x1 x2 xn ∆t ∆t
∆t

A time series is a series of values measured over consecutive time intervals, where the intervals can be constant
or variable, used to predict future data trends [40,41]. Time series data are widely used in research in various fields,
such as  finance,  industry,  imaging,  meteorology,  speech,  demography,  science and engineering,  etc.  [42,43].  There
are two main ways of sampling time series: non-uniform sampling and uniform sampling. When sampling through
time non-uniformly, it can be represented by a vector of timestamp  and related measurement value ; to achieve a
more compact representation, time series usually use uniform time sampling, that is within a constant sampling period
Δt, an ordered vector is formed x = ( , ,···, ), where the time of n measurements is t = (0, , 2 ,···, (n − 1)

)  [44].  The  basic  idea  of  time  series  forecasting  is  to  establish  a  mathematical  model  by  analyzing  patterns,
periodicities,  and  trends  in  historical  data,  and  then  use  the  model  to  estimate  future  data.  Therefore,  time  series
forecasting is defined as predicting future behavior through a deep understanding of the past [45].

Nowadays,  researchers  have  also  proposed  a  variety  of  models  to  complete  time  series  forecasting  tasks,
including artificial neural networks (ANN), fuzzy sets methods, autoregressive integrated moving average (ARIMA),
support  vector  machine (SVM), deep learning methods,  etc.  [46].  This  article  mainly focuses on the application of
deep learning methods in time series forecasting tasks.
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2.2. Convolutional Neural Network
The concept of a convolutional neural network (CNN) was first proposed by Yann LeCun et al. [47]. At that

time, the concept and structure of CNN began to attract widespread attention and became an important development
direction in the field of deep learning. CNN is mainly used for tasks processing data with grid structure. It is different
from traditional  artificial  neural  networks  that  calculate  network  parameters  through matrix  multiplication.  CNN is
implemented through convolution operations [48]. A typical CNN consists of four parts: convolution layer, pooling
layer, fully connected layer, and activation function [49], its model structure is shown in Figure 1.
  

Input layer

Convolutional layer 1

Pooling layer 1
Convolutional layer 2

Pooling layer 2

Convolutional 

layer 3

Fully connected 

layer 

Output layer

Figure 1.  Convolutional neural network structure.
 

1) Convolutional layer: The convolutional layer is the core of CNN. It performs a convolution operation on the
input data using a convolution kernel (filter) to extract local features. Each neuron is connected to some neurons in
the previous layer to form a weight matrix, which is then slid over the input data to generate a feature map [50].

The convolution operation formula is:

yi j = σ
(
(W ∗X)i j+b

)
(1)

Among them, X represents the input matrix; W represents the weight matrix (also called filter or kernel); b is the
bias; * stands for the convolution operation; σ is the nonlinear activation function.

2)  Pooling  layer:  The  pooling  operation  can  reduce  computing  and  memory  requirements  by  reducing  the
spatial  size  of  the  feature  map,  and  provide  higher  deformation  stability  in  the  early  stages  of  training  [51].
Commonly  used  pooling  operations  are  average  pooling  and  maximum  pooling.  Average  pooling  calculates  the
average value of elements in the region, while max pooling selects the largest element in the region as the pooling
result [52].
The mathematical expression of average pooling is:

yki j =
1∣∣Ri j

∣∣∑(p,q)∈Ri j

xkpq (2)

The mathematical expression of max pooling is:

yki j = max
(p,q)∈Ri j

xkpq (3)

yki j Ri j xkpqAmong them,  refers to the output after pooling of the kth feature map;  represents the pooling area; 
represents the element value of the p row and q column in the kth feature map.

3) Fully connected layer: Usually the input data is a multi-dimensional feature map. The main function of this
layer  is  to  perform  the  weighted  transformation  on  the  features  extracted  by  the  previous  convolutional  layer  and
pooling layer to obtain the category score or probability of the final output of the network [53].

4) Activation function: The activation function is a nonlinear mapping in the neural network, which allows the
neural network to arbitrarily approximate any nonlinear function. Commonly used activation functions are given in
[54], including the S-shaped activation function and ReLU and their variants.

Sigmoid: The Sigmoid function will map the input to the range of 0 to 1. The larger the input, the closer to 1,
and the smaller the input, the closer to 0. The function definition is:

σ (x) =
1

1+ e−x
(4)

Tanh: Tanh has a larger mapping range to values in the 1 and -1 range. The function definition is:

tanh(x) = 2σ (2x)−1 (5)
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ReLU:  It  is  a  linear  activation  function,  but  when  the  input  is  negative,  it  is  all  set  to  zero,  and  when  it  is
positive, it remains unchanged. The function definition is:

rect (x) =max(0, x) (6)

Leaky ReLU: It is a variant of ReLU that does not completely suppress when the input is negative. The function
definition is:

f (x) =
ß

x, x > 0
0.01x,otherwise (7)

2.3. Generative Adversarial Network
Generative adversarial network (GAN) is a deep learning model proposed by Ian J. Goodfellow et al. [55,56].

As  seen  in Figure  2,  GAN  mainly  includes  two  components,  namely  the  generator  and  discriminator,  as  well  as
adversarial  loss  [57].  Its  core  idea  is  to  learn  to  generate  real  data  samples  through  the  confrontation  between  the
generator  model  and  the  discriminator  model,  increase  the  original  data  set  to  enrich  the  sample  set  [58,59],  and
improve the prediction accuracy. The main inspiration for GAN comes from the idea of a zero-sum game in game
theory. Kunfeng Wang et al. expressed the loss function of GAN in [60] as follows:

Ob jD (θD, θG) =− 1
2

Ex∼pdata(x)
[
log D (x)

]
− 1

2
Ez∼pz(z)

[
log

(
1−D

(
g (z)

))]
(8)

x pdata

θD θG
x g(z)

Among them,  is the data in the real data set ; E( •)  refers  to  the  expectation.  This  formula  aims  to
optimize  the  parameters  of  the  discriminator  ( )  the  generator  ( )  to  enhance  the  discriminator's  ability  to
distinguish between real data  and generated data . In the continuous case, equation (8) becomes:

Ob jD (θD, θG) =− 1
2

w
x

pdata (x) log(D (x))dx

− 1
2

w
z
pz (z) log(1−D (g (z)))dz

= −1
2

w
x

[
pdata (x) log(D (x))

+pg (x) log(1−D (x))
]

dx (9)

Given the generator G, the objective function (9) is minimum when (10):

D∗G (x) =
pdata (x)

pdata (x)+ pg (x)
(10)

The goal  of  the  generator  is  to  generate  data  with  the  smallest  difference  from real  data,  and the  goal  of  the
discriminator  is  to  maximize  the  distinction  between  real  data  and  generated  data.  Therefore,  the  optimization
problem of GAN can be regarded as a minimax game:

min
G

max
D

{
nEx∼pdata(x)

[
log D (x)

]
+Ez∼pz(z)

[
log(1−D (g (z)))

]} (11)

  
Noise 

source z
Generator 

G

Xreal

Discriminator
D

Real or fake

Xgenerator

Figure 2.  Generative adversarial network structure.
 

2.4. Autoencoder
Autoencoders  were  first  introduced  by  Geoffrey  Hinton  et  al.  in  1987,  [61]  where  reconstruct  their  input  by

learning internal representations. Autoencoder (AE) is an unsupervised learning neural network model, and its basic
structure  includes  an encoder,  a  decoder,  and a  loss  function [62],  its  model  structure  is  shown in Figure  3.  AE is
usually  suitable  for  data  compression,  dimensionality  reduction,  denoising,  feature  learning,  and  generative  models
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[63]. The basic principles of AE are mentioned in detail in [64]:
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Figure 3.  Autoencoder structure.
 

Encoder:  maps  the  original  data  to  a  low-dimensional  representation  through  non-linear  transformation  and
learns its main features. Includes input layer and hidden layer.

h = f (x) = f (W1+b1) (12)

Decoder: Maps the encoded representation back to the original input data space to restore the original input as
accurately as possible. Includes output layer and hidden layer.

Xd = g (x) = g (W2+b2) (13)

W1 W2 b1 b2 f (x) g(x)Among them, ,  represent the weight matrix; ,  represent the bias vector; ,  represent the
activation function selected when performing the nonlinear transformation.

There  are  two  types  of  AE's  reconstruction  error L and  loss  function JAE.  (14)  (15)  are  calculated  by  square
error;  (16)  and  (17)  represent  the  cross-entropy  formula.  where X represents  the  input  data  and Xd refers  to  the
reconstructed output value.

L
(
X,Xd

)
=
∥∥Xd −X

∥∥2 (14)

JAE(θ) = J
(
X,Xd

)
=

1
2

n∑
i=1

∥∥xd
i − xi

∥∥ (15)

L
(
X,Xd

)
= −

n∑
i=1

(
xi log xd

i + (1− xi) log
(
1− xd

i

))
(16)

JAE(θ) = J
(
X,Xd

)
= −

n∑
i=1

(
xi log

(
xd

i

)
+ (1− xi) log

(
1− xd

i

))
(17)

2.5. Recurrent Neural Network
Recurrent  neural  network  (RNN)  is  a  neural  network  architecture  used  to  process  sequence  data.  It  captures

long-term  dependencies  of  sequence  data  by  passing  information  between  different  time  steps  and  has  a  flexible
context  window  that  can  consider  sequence  context  of  any  length  [65].  It  is  mentioned  in  [66]  that  RNN  can  be
constructed by defining the conversion function (18) and the output function (19), and its parameters can be estimated
using equation (20):

ht = fh (xt,ht−1) = ϕ
(
WT ht−1+UT xt

)
(18)

yt = fo (ht, xt) = ϕo
(
VT ht

)
(19)

xt yt ht

φ

Among them,  is the input data,  is the output, is the hidden state, W is the transfer matrix, U is the input
matrix, V is the output matrix, and  is the nonlinear activation function.

J (θ) =
1
N

N∑
n=1

Tn∑
t=1

d
(
y(n)

t , fo
(
h(n)

t

))
(20)

IJNDI, 2025, 4, 100027. https://doi.org/10.53941/ijndi.2025.100027

 
5 of 19

https://doi.org/10.53941/ijndi.2025.100027


h(n)
0Among them, =0, d represents the distance vector, such as Euclidean distance, etc.

ft it

ot

A  long  short-term  memory  network  (LSTM)  is  a  deep  learning  model  for  processing  sequence  data.  It  is  a
variant of RNN that introduces a memory unit that can selectively forget or retain data. The emergence of the LSTM
model effectively solves the problem that traditional RNNs are prone to gradient disappearance or gradient explosion
when processing long sequences [67]. The LSTM model consists of a forget gate , an input gate  and an output
gate  [68], its model structure is shown in Figure 4:

it = σ (WiXt +Riht−1+bi) (21)

 
 

sigmoid sigmoid sigmoidtanh

tanh

Ct-1

ht-1

Xt

ft

it

ht

Ct

yt

·
Ct

×

× ×

+

Figure 4.  LSTM network structure.
 

CtThe input gate determines what information is input at the current moment to enter the unit state .

ft = σ
(
W f Xt +R f ht−1+b f

)
(22)

Ct−1

Ct

The forgetting gate determines which part of the information in the previous time  is retained in the unit
state .

ot = σ (WoXt +Roht−1+bo) (23)

Ct htThe output gate determines which unit states  are output as the current output value .

Ċt = tanh(WcXt +Rcht−1+bc) (24)

Ct = ft ⊙Ct−1+ it ⊙ Ċt (25)

ht = ot ⊙ tanh(Ct) (26)

yt = σ
(
Wyht +by

)
(27)

σ

⊙
Among them, W, R, and b are trainable parameter matrices and vectors; h refers to the hidden state;  is the

sigmoid activation function; tanh is the hyperbolic tangent activation function  that represents the element product
of the matrix.

LSTM  can  effectively  capture  and  exploit  long-term  dependencies,  but  traditional  LSTM  can  only  handle
sequences in one direction. To solve this problem, the Bidirectional Long Short-Term Memory (Bi-LSTM) network
(Bidirectional  Long  Short-Term  Memory,  Bi-LSTM)  was  introduced,  which  is  a  variant  of  LSTM.  Bi-LSTM
includes two LSTMs: forward LSTM processes the input sequence from the beginning to the end of the sequence;
backward  LSTM  processes  the  input  sequence  from  the  end  to  the  beginning,  which  can  more  comprehensively
capture the past and future contextual information in the sequence data [69], its model structure is shown in Figure 5.
Therefore, the output vector of Bi-LSTM is the cascade of outputs in two directions [70]:

−→
h t =

−→
f
(

W1xt +W2
−→
h t−1

)
(28)

←−
ht =
←−
f
(

W3xt +W4
←−
h t+1

)
(29)

σt =
−→
h t ⊕
←−
h t (30)

Among them, (28) is the output of the forward LSTM hidden state; (29) is the output of the backward LSTM
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f (•) ⊕hidden states; (30) is the output of the Bi-LSTM hidden state;  is the vation function;  denotes vector slicing.
  

x
1

x
2

xn

...

LSTM LSTM LSTM

LSTM LSTM LSTM

σ σ σ 

y
1

y
2

yn...

→
h
1

←
h
1 →
h
2

→
hn

←
h
2

←
hn

Figure 5.  Bi- LSTM network structure.
 

2.6. Graph Neural Network

v1 v2 vn

Generally, a graph can be represented as a set of vertices and edges, denoted as G = (V, E). Where V represents
the node or vertex set { , ,…, }, and E represents the edge set between points [71], that is∣∣{e (u,v) |u ∈ vi,v ∈ v j,e (u,v) ∈ E

}∣∣ ei j vi

v j

E =  [72−75]. If =1, it means there is an edge connecting vertices  and
, otherwise, the two points are not connected.

Ai jThe graph structure is usually represented by the adjacency matrix , Its expression is:

Ai j =

ß
1 i f

(
vi,v j

)
⊆ E

0 else (31)

ei j < vi,v j > < v j,vi > e jiIf = ≠ = , it is a directed graph, otherwise, it is an undirected graph. If there are real numbers
(representing weights) on each edge of the graph, it is a weighted graph, and on the contrary, it is an unweighted graph.

There  are  two  main  methods  of  using  GNN  to  represent  learning  graph  data:  spectral  methods  and  spatial
methods  [76,77]  For  example,  the  spectral  method  theory  is  used  in  [78−80],  and  the  spatial  method  is  used  in
[81,82].  A  simplified  graph  convolution  network  (GCN)  model  is  proposed  in  [78],  which  simplifies  graph
convolution  through  graph  theory  and  achieves  efficient  node  representation  learning.  Ref.  [79]  used  the  bottom
eigenvectors  of  the  graph  Laplacian  matrix  for  matrix  decomposition  to  solve  the  large-scale  sensor  positioning
problem and provide a theoretical basis for the application of spectral methods in optimization problems. Ref.  [80]
applied convolutional neural networks to graphs by using fast localized spectral filters to achieve efficient localized
filtering  on  graphs.  Different  from  the  spectral  method,  the  key  idea  of  the  spatial  method  is  to  update  the
representation  of  the  node  by  capturing  the  neighbor  information  of  the  node,  aggregating  and  propagating  this
information  layer  by  layer  [76].  In  [81],  node  embeddings  are  generated  by  learning  how  to  aggregate  feature
information in the local neighborhood of nodes. Ref. [82] solves the problems of dependence on graph structure and
low computational efficiency existing in previous methods based on graph convolution or its approximation method
by utilizing the attention mechanism in the spatial domain to aggregate information of neighbor nodes.

The  application  of  GNNs  to  load  time  series  prediction  is  relatively  limited.  Only  Spectral-based  GCNs  are
involved [83], and their various variants have also been successfully applied to various graph-structured data [84,85].
Therefore,  this  paper  only  defines  spectral-based  GCN.  Spectral-based  GCN  effectively  processes  non-Euclidean
structured  graph  data  by  using  the  graph  Laplacian  matrix  for  eigendecomposition  and  then  defining  the  spectral
graph convolution operation in the Fourier domain [86,87]. Yanlei Li gave relevant definitions in [87]:

1) graph Laplacian matrix:

L = In−D−
1
2 AD−

1
2 (32)

Among them, A is the adjacency matrix; D is the degree matrix.
2) Laplace characteristic decomposition:

L = U ∧UT (33)

∧ is a diagonal matrix whose elements on the diagonal are the eigenvalues of the Laplacian matrix L; U is an
orthogonal matrix whose column vectors are the eigenvectors of the Laplacian matrix L.

3) graph convolution operation:

F (x) = UT x (34)
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F−1 (x) = U x̂ (35)

x ∗g = F−1 (F (x) ·F (g)) = U
(
UT x ·UT g

)
(36)

(x) F−1 (x)
(x)

(
g
)

x
F  is  the  Fourier  transform  of  the  graph;  is  the  Fourier  transform  of  the  inverse  graph;  the  graph

convolution operation can be performed between the graph Fourier transform F  and F  of the graph signal 
and the filter function g Convolution is performed between them.

4) Spectral convolution final definition:

x ∗gθ = UgθUT x
(
gθ = UT g

)
(37)

3. Power Forecasting Model

In  recent  years,  DL  has  been  widely  used  in  the  field  of  power  forecasting. Table  1 lists  some  existing  DL
models for power forecasting, most of which have been published since 2018.
 
 

Table 1    Existing deep learning models
Deep Learning Category function model

CNN feature extraction, extract spatiotemporal correlation CNN-LSTM/BiLSTM
CNN-GRU
GA-PSO-CNN
COA-CNN-LSTM
VMD-CNN-BiGRU
CNN-RNN

GAN data augmentation CGAN
DCGAN
CTGAN
WGAN-GP
cWGAN-GP

AE feature extraction, dimensionality reduction, denoising VAE
SAE
DAE
CAE

RNN time dependence LSTM/Bi-LSTM
GRU

GNN capture spatial correlation, feature extraction St-GNN
GCN
GAT

 

3.1. CNN Hybrid Model

CNN is a powerful deep learning model that is widely used in dementia prognosis [88], image processing tasks
[89], target detection, ship detection [90], feature extraction [91], and weight sharing to reduce network complexity
[50,92]. In power forecasting, it mainly captures features or spatiotemporal correlations in data.

In [93−108], Delu Wang, Ali Agga, and others proposed a hybrid framework of CNN combined with LSTM/Bi-
LSTM. Specifically, for example, in [93], CNN first extracts the hidden features of time series data and the hidden
features of text data and then fuses the extracted hidden features of time series data and text data as the input data of
the  prediction module.  Finally,  LSTM is  used as  a  prediction model  to  predict  the  fused features;  In  [96],  Xiaorui
Shao proposed a multi-channel and multi-scale fusion CNN-LSTM model, which can extract multi-scale and global
features  from  the  first  channel  and  fuse  them  through  parallel  structural  features  to  improve  predictions.  Power
consumption  accuracy  [99]  contains  two-time  modules  based  on  CNN and  LSTM,  which  focus  on  the  short-term
periodicity and long-term periodicity of the output power respectively, while extracting multiple related variables and
targets. The spatial and temporal correlation of variables in consecutive time intervals, and then the attention module
can  assign  reasonable  weights  to  different  time  steps  based  on  the  importance  of  the  input  data  and  the  degree  of
correlation with the prediction target, thereby improving prediction accuracy; CNN+LSTM was also used for multi-
step  prediction  in  [101].  First,  the  spatial  correlation  of  meteorological  factors  between  different  stations  and  the
temporal  correlation  between  short-term  features  were  extracted  through  CNN,  and  then  the  long-term  temporal
relationship  was  extracted  by  LSTM;  Mohammed  et  al.  proposed  an  improved  CNN,  namely  R-CNN  (residual
convolutional neural network) [103]. Experiments in this article show that this can better extract spatial information
and replication features  of  power  consumption data,  and can effectively  prevent  gradient  explosion and reduce the
number of parameters [106].
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Features are extracted through CNN, and then the extracted features are assigned weights through the attention
mechanism,  and  finally,  the  generated  features  are  input  to  the  LSTM-BiLSTM  layer,  while  considering  past  and
future data for prediction; COA (Coati optimization algorithm) is added in [107] The hyperparameters of the CNN-
LSTM model  can  be  tuned  more  effectively,  thereby  improving  prediction  accuracy;  Zulfiqar  Ahmad  Khan  et  al.
proposed a novel hybrid CNN and LSTM-AE model in [108], which uses CNN to extract spatial features of the input
data set, and then inputs these features into LSTM-AE.

In addition, CNN has many hybrid models for power prediction, such as CNN and GRU hybrid algorithm in
[109,110]; combined with RNN in [111]; GA-PSO hybrid algorithm is used for simultaneous optimization in [112]
The  hyperparameters  and  connection  weights  of  the  neural  network  enable  CNN  to  better  learn  the  inherent
characteristics of wind power data, and in [113], variational mode decomposition VMD is first used to decompose the
original  photovoltaic  power  sequence  into  multiple  stationary  components,  and  then  CNN  technology  mines  the
underlying  input-output  relationship  between  the  feature  matrix  and  the  target  variable  extracts  the  temporal
correlation between features. The above methods not only improve the prediction accuracy but also solve the problem
of  traditional  time  series  methods  being  unable  to  fit  the  complex  relationship  between  time  steps  and  multiple
variables and the problem of overfitting in traditional artificial intelligence modeling methods.

However,  CNN  also  has  certain  defects.  For  example,  the  extracted  features  usually  lack  global  information
[114].  Since  CNN  is  mainly  used  for  feature  extraction,  it  relies  on  local  features  and  lacks  an  effective  memory
mechanism to handle long-term temporal dependencies, making it weak in capturing these dependencies. Therefore,
in  recent  years,  many studies  have tended to  combine CNN with  other  models  (such as  LSTM or  GRU) to  better
process time series data.

3.2. GAN Hybrid Model
In  the  context  of  the  rapid  development  of  artificial  intelligence,  the  introduction  of  generative  adversarial

networks (GANs) provides a powerful tool for various application scenarios in the field of artificial intelligence. In
the past few years, GANs have made significant progress in generating realistic object images, capable of generating
not  only  images  of  single  objects  but  also  realistic  images  of  indoor  or  outdoor  scenes  [60];  in  image  processing
[115], also By introducing the adversarial learning module, zero-label pruning is achieved and the pruning speed and
stability are improved. Therefore, GANs are widely used in the fields of image and vision.

Today,  the  global  electricity  demand  is  showing  an  expanding  trend  in  different  fields,  such  as  large-scale
mechanical  equipment,  communication  equipment,  etc.  [105].  Accurate  power  forecasting  has  become  particularly
important,  so  GANs  have  been  introduced  in  the  field  of  power  forecasting  to  improve  forecast  accuracy.  Chenlu
Tian et al. proposed a new method called E-GAN in [116]. Among them, EnergyPlus (physics-based model) is used
to predict the daily power demand of typical buildings, while GANs generate similar building power demand data by
training the power demand of typical buildings, thereby achieving power demand prediction for large-scale buildings.
Ling  Huang  et  al.  [117]  first  used  BiLSTM  as  a  generative  model  to  capture  the  internal  characteristics  and
distribution of wind time series through two-way learning; CNN was used as a discriminative model to extract useful
information from wind time series. The generative adversarial network variant WGAN-GP replaces the loss function
in  the  original  GAN  with  the  Wasserstein  distance  to  establish  a  more  stable  adversarial  process  between  the
generator  and  the  discriminator,  solve  problems  such  as  gradient  disappearance  and  model  collapse,  and  improve
prediction stability and Generate data quality.

In summary, most GANs in the field of power prediction use an adversarial training process to generate new
samples similar  to  real  data  to  augment  the original  data  set  [118−125],  thereby improving the performance of  the
prediction  model.  Most  of  them  use  variations  of  GANs  such  as  Conditional  Generative  Adversarial  Network
(CGAN) [120,124], which introduces conditional strategies [126], Conditional Table Generative Adversarial Network
(CTGAN) [118,121], Deep Convolutional Generative Adversarial Networks (DCGAN) [125] etc. But in [127] GAN
is designed to solve the problem of multi-source uncertainty and multi-attribute affecting variables in residential load
prediction. This paper uses a multi-attribute adversarial learning mechanism based on conditional Wasserstein GAN
(cWGAN-GP) to solve multi-attribute problems that affect variables. Specifically, the generator uses LSTM, which is
good  at  extracting  time  series  features,  while  the  discriminator  uses  CNN,  which  is  good  at  extracting  spatial
combination features.  There is  constant  competition between the generator  and the discriminator.  Therefore,  multi-
attribute  features  are  embedded  into  LSTM  to  achieve  the  fusion  and  mutual  verification  of  temporal  and  spatial
characteristics, thus improving the prediction accuracy.

Although GANs have shown strong performance in electric load or power prediction, there are still some issues
that require further research. For example, further research is needed on how to optimize temporal and spatial feature
extraction  in  the  generator  and  discriminator  simultaneously  to  ensure  the  efficiency  of  adversarial  learning  [127];
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GANs are prone to mode collapse during the training process and do not learn the entire data distribution; as well as
unstable training process [128].

3.3. AE Hybrid Model
An excellent prediction model should not only make full use of the characteristics of the power load data itself

but also avoid redundancy caused by data dimensions [129]. As an unsupervised learning model,  Autoencoder can
automatically  learn  the  data  characteristics  of  a  large  number  of  samples  [122,130,131]  and  can  be  used  as
dimensionality  reduction  [130,132]  and  denoising  technology  [64,133].  This  section  introduces  the  application  of
autoencoders in the field of power forecasting and finally summarizes the shortcomings of existing algorithms.

An  AE-LSTM  model  was  proposed  in  [134]  to  better  solve  the  uncertainty  during  long  short-term  memory
network  (LSTM)  training.  Yang  Yang,  Kaihong  Zheng,  et  al.  used  variational  autoencoders  (VAE)  in
[132,133,135−138];  Kang  Ke,  Zahra  Fazlipour,  et  al.  combined  stacked  autoencoders  (SAE)  in  [139−141].  For
example, feature extraction is performed on the sequence decomposed by VAE in [135]; a time-frequency variational
autoencoder (TFVAE) is proposed in [136], which can extract time-frequency features from power consumption data
to effectively simulate periodicity and volatility; ref. [139] combines LSTM with a stacked autoencoder structure and
an  attention  mechanism  to  simultaneously  extract  the  potential  features  of  the  input  data  sequence  and  try  to
reconstruct the input time during the unsupervised learning process. sequence data, thereby improving the accuracy
and  robustness  of  short-term  load  forecasting.  In  load  forecasting,  the  presence  of  noise  may  lead  to  a  series  of
problems  such  as  reduced  accuracy,  model  overfitting,  etc.  Arash  Moradzadeh  et  al.  [133]  VAE is  used  for  noise
reduction  and  data  preprocessing  to  reduce  noise  interference  and  outliers  in  training  data.  Stacked  denoising
autoencoder  (SDAE)  uses  greedy  algorithm  hierarchical  training  and  unsupervised  pre-training  to  reduce
computational complexity, and successfully overcome problems caused by random initialization parameters, such as
gradient disappearance and overfitting [141].

Although AE improves prediction accuracy, there are also some problems. VAE has limited ability to generate
data, and DAE has a high computational cost and is not easy to expand to high-dimensional features [64]; secondly,
autoencoders are very sensitive to the selection of hyperparameters and usually require a large number of parameters
to learn complex data structures, which may lead to long training time, The computational complexity is high; and
autoencoders  are  often  viewed  as  black-box  models  lacking  interpretability.  So  these  are  a  big  challenge  for  the
future.

3.4. RNN Hybrid Model
RNN is a neural network model used to process sequence data. It has a certain memory function and can retain

some information before the current time. Therefore, RNN is very suitable for applications with time-dependent data
such  as  power  load  forecasting.  However,  when  RNN processes  long  sequences,  the  gradient  tends  to  increase  or
decrease exponentially, or cause the gradient explosion problem [67,142], long-term modeling is difficult and it is not
effective when processing long sequences. Therefore, the current field of power load forecasting mostly uses RNN
variants LSTM/Bi-LSTM and GRU.

RNN can capture the time dependence of historical load data, that is, use time correlation to accurately predict
future loads. For example, in [99,106], LSTM/Bi-LSTM is used to capture the before and after time dependence; The
ML-LSTM in [103] first accepts the features extracted by R-CNN for learning, stores the temporal information, and
merges the information of  the earlier  hidden states  of  its  units,  and finally sends it  to  the fully connected layer  for
prediction;  LSTM  is  usually  combined  with  GNN  for  prediction.  It  also  captures  temporal  characteristics  in  the
model.  For  example,  in  [143,144],  it  mainly  receives  massive  spatial  feature  data  extracted  by  GCN  to  learn  its
temporal characteristics.

3.5. GNN Hybrid Model
GNN is usually suitable for the analysis and processing of complex networks, such as document classification,

traffic networks, social network analysis and other complex systems [145]. It can effectively model the relationship
between  nodes  and  edges  in  complex  networks.  The  power  system  is  also  a  complex  network  with  complex
structures and relationships between various components in the system, and the load may change at different times
and locations. Therefore, the graph structure can be used to comprehensively capture the relationship between various
components  in  the  power  system,  thereby  improving  the  accuracy  of  load  forecasting.  However  traditional  neural
networks (such as ANN) are not particularly effective for processing structured data (such as image data). Graph data
often  contains  complex  dependencies  and  connections,  and  traditional  neural  networks  have  relatively  limited
expressive capabilities in this regard. In recent years, a new neural network GNN has emerged, which can effectively
process and analyze graph data.
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Therefore,  some  researchers  use  GNN  in  the  field  of  load  forecasting  and  have  achieved  certain  results.  In
[146], Ahmad Maroof Karimi et al. used the relationship between neighboring photovoltaic power generation systems
to construct a spatiotemporal graph neural network St-GNN to perform power prediction through its spatiotemporal
correlation;  in  [147]  an  enhanced  neighborhood  graph  was  used  The  neural  network  EnGAT  performs  graph
representation learning and improves the representation learning effect  of  load sample data by introducing a multi-
layer attention module; the GNN in [14] combines the characteristics of each node (campus) with the characteristics
of  its  neighbor  nodes  to  capture  The  relationship  between  nodes.  This  takes  into  account  time  and  attribute
information of the campus itself to simultaneously generate the graph structure. The final prediction results show that
it is better than traditional regression algorithms (such as LSTM, ARIMA, etc.).

There  are  many  graph  neural  network  models,  mainly  including  graph  convolutional  network  (GCN),  graph
attention network (GAT), spatiotemporal graph neural network (STGNN), graph recurrent neural network (GRNN),
etc. However, most of them are GCNs used in time series forecasting, and most of them use hybrid models for power
forecasting.  For  example:  in  [143,144,148,149],  GCN is  combined  with  LSTM to  extract  the  spatial  and  temporal
information of the data respectively; in [11], GCN is combined with Bi-LSTM; in [150], it is combined with CNN,
first  through  the  maximum  information  coefficient  (  MIC)  merged  GCN  to  extract  spatial  correlation  features
between input  variables.  Then the temporal  block of  multi-resolution CNN is  used to adaptively extract  the spatial
combination temporal features of the input variables; in [151], Bi-LSTM and one-dimensional convolutional neural
network  (1D-CNN)  are  simultaneously  used  to  extract  the  load  data  in  parallel.  spatiotemporal  correlation
characteristics.  GCN extracts external non-numeric features such as weather.  The final results show that it  is  better
than deep learning methods such as CNN and Bi-LSTM; a transformer was added in [152], using its self-attention
mechanism to capture the temporal dependence of the sequence, etc.

After more than a decade of development, the application of GNN has gradually increased, but its application in
power  forecasting  is  still  relatively  limited.  As  the  number  of  layers  through  which  information  is  propagated
increases,  over-smoothing  problems  may  occur.  Therefore,  graph  neural  networks  usually  maintain  a  shallow
structure, with most models not exceeding three layers. Secondly, most GNNs currently assume that the structure of
the graph is static, but in practical applications, the structure is often flexible and complex. GNNs may find it difficult
to  effectively  capture  these  dynamic  changes,  making  modeling  more  challenging.  Additionally,  GNNs  are  highly
dependent on the quality of data, and their performance may be unsatisfactory when the data is noisy or unbalanced.
These issues will be challenges that need to be addressed in future research.

4. Experimental Setup

4.1. Publicly Available Datasets
This section gives several open-source load data sets.
a)  UCI  Dataset [153]  (Individual  Household  Electric  Power  Consumption).  The  UCI  data  set  measures  the

actual electricity consumption of a household over the past 4 years at a one-minute sampling rate and includes data
collected  in  a  house  in  Sceaux  from  December  2006  to  November  2010  (47  months).  2,075,259  pieces  of
measurement data.

b) UCI Dataset [154] (Power Consumption of Tetouan City). The dataset contains electricity consumption data
from three different distribution networks in Tetouan, northern Morocco. In addition, it also includes characteristics
such as temperature, humidity, and wind speed, totaling 52,417 data records.

c) OEDI Dataset [155]. The data includes commercial and residential hourly loads for all TMY3 locations in
the United States. The data set contains the annual energy consumption of different types of equipment in different
residential and commercial areas, such as the total power consumption of facilities, the power consumption of heating
systems, the power consumption of cooling systems, the power consumption of lighting equipment,  and the power
consumption of fan equipment. Quantity etc.

d) LCL Dataset [1]. This data set comes from Kaggle. LCL is drawn from smart meter data for the London
area, which contains energy consumption readings for a sample of 5,567 London households participating in the UK
Power Networks-led Low Carbon London project between November and February 2011. This data set divides all
households into 111 blocks, each with half-hour smart meter measurement data and daily collection data.

e) ods Dataset [2]. The dataset is available from the Belgian power grid company Elia. The data is collected
from January 2015 to the present and is collected every 15 minutes.

f) REFIT Dataset [156]. The REFIT electrical load measurement data set contains data from the total load of
20 houses over two years and the load of nine individual appliances. The data set contains 1,194,958,790 readings,
collected every eight seconds.
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4.2. Evaluation Indicators
This section presents the evaluation metrics of the power load forecasting model.
a)  MAE. Mean  Absolute  Error  is  the  average  of  the  absolute  value  of  the  difference  between  the  predicted

value and the actual load value. It measures the average deviation between predicted and true values.

MAE =
1
n

∑n

i=1

∣∣∣yi−
∧
yi

∣∣∣ (38)

b) MAPE. Mean Absolute Percentage Error is the average of the ratio of the absolute value of the difference
between the predicted and actual load values to the actual observed value, usually expressed as a percentage.

MAPE =
1
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×100% (39)

c)  RMSE. Root  mean  square  error  (RMSE)  is  a  commonly  used  metric  to  measure  the  performance  of  a
predictive model. It measures the average deviation between predicted values and true values. The smaller the RMSE,
the higher the accuracy of the model prediction. However, RMSE is more sensitive to outliers because it averages the
squared deviations, which will amplify the impact of outliers.
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d) MSE. It measures the performance of the model by calculating the square of the distance (i.e., error) between
the predicted value and the actual value. When the model’s predicted values are closer to the true values, the mean
square error between them is smaller, and the corresponding mean square error will also decrease.
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(41)

yi ŷiwhere n is the number of samples,  is the actual value for that minute, and  is the predicted value.

5. Benchmarks Experiment

5.1. Data Processing
The Individual Household Electric Power Consumption dataset is derived from the electricity consumption data

of real households. It is highly representative and publicly available. The dataset is sampled every minute, and its high
sampling frequency is beneficial for model training. Additionally, there are some missing values in the dataset, which
provides a good opportunity to evaluate the robustness of the model and its ability to handle missing data. Therefore,
the dataset used in this article is the UCI (Individual Household Electric Power Consumption) dataset. Table 2 gives
the detailed variable information of the dataset. This article selects 21,960 pieces of data from 2006 for a single-step
prediction experiment per minute. The test set consists of the last 60 minutes of data, and the remaining data is used
for  training.  All  experiments  were  conducted  on  a  computer  with  a  2.30  GHz  i7  CPU  and  16.0  GB  RAM.  The
experimental environment was Python 3.7, and the Keras deep learning framework was used. TensorFlow was used
as the backend, and the optimizer was Adam.
  

Table 2    Detailed description of the UCL dataset, the “Individual household electric power consumption”
variable name description

Data The format is: dd/mm/yyyy
Time The format is: hh:mm:ss

Global_active_power Average active power of the household per minute (kW)
Global_reactive_power Average household reactive power per minute (kW)

Voltage minute-averaged voltage(volt)
Global_intensity household minute-averaged current intensity(ampere)

Sub_metering(1,2,3)
Energy submeters, respectively representing the usage of the kitchen, laundry room, electric water heater, and air
conditioner (watt-hour of active energy). The active energy usage per minute by electrical equipment not recorded

by submeters is “global_active_power*1000/60 - sub_metering_1 - sub_metering_2 - sub_metering_3”

5.2. Example Model
This  article  selected  four  deep-learning  models  for  evaluation,  namely  CNN-LSTM-AE  [108],  CNN-M-

BDLSTM [105], RNN-LSTM-GRU, and GAN-LSTM-CNN [157]. The details are shown in Table 3.
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Table 3    Introduction to sample models
model describe

CNN-LSTM-AE [108]
Novel hybrid CNN and LSTM-AE model， CNN is used to extract

features from the data set and then pass them to LSTM-AE to learn important temporal features.

CNN-M-BDLSTM [105] Convolutional neural network combined with multi-layer bidirectional long short-term memory for
feature extraction and sequence learning

RNN-LSTM-GRU3 The model combines RNN, LSTM, and GRU layers, all of which have memory units to better
capture long-term dependencies in sequences.

GAN-LSTM-CNN [157]
This model combines GAN, LSTM, and CNN. The generator uses LSTM to predict the value of the

next time step of the input data, while the discriminator uses CNN to identify whether the
sequence is a real value or a generated one.

5.3. Results and Analysis
Table  4 summarizes  the  performance  of  four  hybrid  models  in  power  load  forecasting,  which  are  evaluated

using MAE, MAPE, and Mean. According to the experimental results, we can find:
a)  Prediction  accuracy: From the  experimental  results,  the  average  MAE (mean  absolute  error)  of  the  four

models  are 0.0088, 0.0169, 0.0096,  and 0.0076,  respectively,  and  the  average  MAPE  (mean  absolute  percentage
error) is 2.7422%, 5.1212%, 2.9569%, and 2.4345%, respectively. Overall, the prediction accuracy is relatively high,
which demonstrates that deep learning methods are crucial in power load forecasting. In addition, it can be seen that
GAN-LSTM-CNN has the best prediction accuracy compared to the other models, indicating that data augmentation
is more effective in improving accuracy. Secondly, CNN-M-BDLSTM uses only two hybrid models compared to the
other three, and its performance is the worst, suggesting that combining multiple different methods is more conducive
to improvement. The prediction accuracy of each load forecasting model varies at different time points within the 60-
minute period. The four models have the best MAPE indicators at the 20th, 5th, 55th, and 5th minutes, respectively.
However, at the 40th minute, the MAPE indicators for all models are the worst and show significant deviation from
the average value. This may be due to abnormal fluctuations in load usage at this time point, which the models were
unable to accurately capture during training.

b) Calculate costs: Although all  models performed well  in predictions,  their  computational costs varied.  The
training  times  for  the  four  models  were  224s,  165s,  697s,  and  4134s,  respectively.  GAN-LSTM-CNN  took  the
longest to compute compared to the others, likely due to the large amount of data, which resulted in a longer training
time, but it yielded the best performance.
 
 

Table 4    Experimental results of MAE and MAPE(%) on UCL data set
minute CNN-LSTM-AE CNN-M-BDLSTM RNN-LSTM-GRU GAN-LSTM-CNN

evaluation indicators MAE MAPE MAE MAPE MAE MAPE MAE MAPE
1 0.0113 2.9955 0.0139 3.9621 0.0039 1.0419 0.0024 0.6587
5 0.0119 3.1824 0.0054 1.4989 0.0076 2.1336 0.0007 0.0216
10 0.0149 4.1355 0.0251 7.1848 0.0175 4.8835 0.0131 3.7266
15 0.0047 1.2463 0.0135 3.7599 0.0107 2.9651 0.0023 0.6295
20 0.0023 0.6063 0.0205 5.6248 0.0155 4.1819 0.0114 3.0697
25 0.0046 1.2406 0.0089 2.3348 0.0182 5.1194 0.0119 3.0577
30 0.0156 4.4406 0.0209 6.0589 0.0031 0.8459 0.0033 0.8998
35 0.0039 1.0736 0.0214 5.5248 0.0075 2.1011 0.0016 0.4446
40 0.0197 7.2525 0.0531 17.3834 0.0148 5.5365 0.0300 10.6675
45 0.0076 2.9103 0.0039 1.5257 0.0052 2.0901 0.0036 1.4012
50 0.0064 2.3194 0.0175 6.1409 0.0069 2.6399 0.0029 1.1015
55 0.0018 0.6583 0.0091 3.2989 0.0013 0.5019 0.0025 0.9296
60 0.0102 3.5868 0.0061 2.2775 0.0126 4.3987 0.0132 5.0406

Mean 0.0088 2.7422 0.0169 5.1212 0.0096 2.9569 0.0076 2.4345
Best 0.0018 0.6063 0.0039 1.4989 0.0013 0.5019 0.0007 0.0216

Worst 0.0197 7.2525 0.0531 17.3834 0.0182 5.5365 0.0300 10.6675
Training Time(s) 224 165 697 4134

6. Conclusion

This  article  summarizes  the  deep  learning  power  load  forecasting  models  published  in  2018.  The  principle
paradigms of five types of basic models (CNN, GAN, AE, RNN, and GCN) and their variants are given, and their
respective functional scopes are explained. Five publicly available datasets are summarized. In power forecasting, the
application  of  multimodal  data  helps  improve  prediction  accuracy,  as  the  variables  involved  in  the  power  system
typically come from different sources and types, such as load data, meteorological data, and grid operation status data.
However,  researchers still  face challenges in multimodal data processing,  such as data alignment between different
modalities,  information  fusion,  and  handling  missing  data  and  noise.  Transformer-based  networks  can  effectively
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manage the interaction between different modalities through the self-attention mechanism, thereby improving the data
fusion effect.  Additionally, the use of generative adversarial networks (GANs) or other data augmentation methods
can help alleviate issues related to missing or imbalanced multimodal data.

With  the  advancement  of  artificial  intelligence  technology,  pre-trained  large  language  models  (LLMs)  have
made significant progress. Their capabilities in multimodal data fusion and feature extraction hold great potential for
power load forecasting. Future research can explore how to apply LLMs to power forecasting, such as using LLMs to
process external text data as features, and combining these features with historical power load data to input into deep
learning models, thereby improving the accuracy of predictions.
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