Global Energy Interconnection
7 Development and Cooperation Organization

Volume 7 Number 2 April 2024 (166-178)
DOI: 10.1016/j.gloei.2024.04.005

Global Energy Interconnection

Contents lists available at ScienceDirect
https://www.sciencedirect.com/journal/global-energy-interconnection

Global Energy
Interconnection

ELSEVIER
Production And
Hosting By Elsevier
On Behalf Of KeAi

Ke Al

Full-length article

Generalized load graphical forecasting method based on
modal decomposition

Lizhen Wu', Peixin Chang', Wei Chen', Tingting Pei'”

1. College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou
730050, P. R. China

2. School of Electrical Data Engineering, University of Technology Sydney, NSW, 2007, Australia

Abstract: In a “low-carbon” context, the power load is affected by the coupling of multiple factors, which gradually evolves
from the traditional “pure load” to the generalized load with the dual characteristics of “load + power supply.” Traditional
time-series forecasting methods are no longer suitable owing to the complexity and uncertainty associated with generalized
loads. From the perspective of image processing, this study proposes a graphical short-term prediction method for
generalized loads based on modal decomposition. First, the datasets are normalized and feature-filtered by comparing
the results of Xtreme gradient boosting, gradient boosted decision tree, and random forest algorithms. Subsequently, the
generalized load data are decomposed into three sets of modalities by modal decomposition, and red, green, and blue (RGB)
images are generated using them as the pixel values of the R, G, and B channels. The generated images are diversified,
and an optimized DenseNet neural network was used for training and prediction. Finally, the base load, wind power, and
photovoltaic power generation data are selected, and the characteristic curves of the generalized load scenarios under
different permeabilities of wind power and photovoltaic power generation are obtained using the density-based spatial
clustering of applications with noise algorithm. Based on the proposed graphical forecasting method, the feasibility of the
generalized load graphical forecasting method is verified by comparing it with the traditional time-series forecasting method.

Keywords: Load forecasting; Generalized load; Image processing; DenseNet; Modal decomposition

0 Introduction system [1-4]. In the low-carbon situation, the proportion of

new energy is rising rapidly, and there are many interactive

In 2020, China put forward the goal of “carbon peak
and carbon neutrality,” which proposed the development
direction of new energy as the main body of the power
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devices that can be accessed, such as electric vehicles and
distributed power sources. Power systems have greatly
increased the difficulty in maintaining a balance between
power and electricity in the case of a high proportion of
renewable energy and a high proportion of power electronic
equipment. To accurately grasp the form of power supply
and demand and ensure power supply, power-load
forecasting is particularly important.

With the increase in the complexity of power systems,
a generalized load exists for the new energy power system
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[5-7]. The generalized load is the sum of renewable
energy output, flexible resources, and actual electricity
demand on the load side in the context of a high proportion
of renewable energy integration and the continuous
development of smart grids. A generalized load has the main
characteristics of load component diversification, diversified
influencing factors, complex spatiotemporal characteristics,
and strong uncertainty, which cause significant difficulties
in load forecasting. The main difficulty is that the changing
trend is not obvious and is difficult to predict. Time series
do not have clear rules, and it is difficult to use traditional
methods. Many factors influence the generalized load, and it
is difficult to determine the correlation between them.

The traditional load forecasting method primarily
studies the temporal characteristics of the load, uses
neural networks, machine learning, and other methods to
construct the load forecasting model, and has achieved
fruitful research results. Reference [8] used the EEMD-
GRU-MLR (EGM) method, combining ensemble empirical
mode decomposition (EEMD), a gate recurrent unit neural
network (GRU), and multiple linear regression (MLR) for
load forecasting. However, because of its large number of
parameters, complex structure, and lack of better use of
shallow features, gradient disappearance can easily occur.
Therefore, problems remain in practical applications.
Reference [9] used a model containing convolutional layers
and bidirectional propagating LSTM and GRU recurrent
layers to predict the load of the next hour and achieved
good prediction results. However, the influencing factors
considered are single and the common influence of multiple
factors is not considered. The above-mentioned load
prediction method uses the time-series curve as the input of
the prediction model; the information contained in the load
curve cannot be deeply explored, and the adaptive and self-
learning abilities of the model need to be improved.

Recently, Deep Learning has developed rapidly,
and its performance in the field of image processing has
become particularly prominent. Successful cases of data
image analysis have been reported. In [10], the theoretical
basis and technical systems of deep learning have been
summarized. Based on the actual demand of the power
system, the key application areas and values of deep
learning in power system data processing are summarized
based on image and spatiotemporal data. In [11], the
96-point load data are converted into a 10x10 grayscale
matrix, and a generative adversarial network was used
for training, which realized the reconstruction of missing
power data in the distribution network. However, when
the data to be reconstructed differ from the current training
data, the reconstruction effect could deteriorate. In [12],

commercial load data were converted into color images
and trained using a convolutional neural network (CNN)
model, and cluster analysis was performed. However,
because of the three-dimensional color images generated,
the training speed of the model was significantly reduced. In
[13], the discrete results of the slope soil random field were
transformed into digital images to improve the stability of
the calculation results. However, studies on highly efficient
image-generation methods are lacking.

To address the above problems, this study proposes
a novel generalized graphical load forecasting method
based on modal decomposition. The DBSCAN clustering
algorithm is used to establish generalized load scenarios
under different wind and photovoltaic permeability [14, 15].
The generalized load images are trained by drawing on the
superiority of DenseNet in image processing. Finally, the
accuracies of the generalized load image prediction method
and traditional prediction method are compared to verify the
feasibility of graphical load data prediction.

The main contributions of this paper are summarized as
follows.

1) Historical load, meteorological information, and day
type were collected; the dataset was preprocessed using
XGBoost, GBDT, and RF algorithms; and the feature
contributions of various data are analyzed.

2) The generalized load data are decomposed into three
sets of modes by modal decomposition, the RGB images are
generated as the pixel values of the R, G, and B channels,
and the image is diversified.

3) The processed images are trained and tested using the
optimized DenseNet.

4) The base load, wind, and photovoltaic power data are
selected, and the characteristic curves of the generalized
load scenarios under wind and photovoltaic power
generation with different permeabilities are obtained using
the DBSCAN clustering algorithm.

5) According to the proposed graphical forecasting
method, the feasibility of the generalized load graphical
forecasting method is verified by comparing it with the
traditional time-series forecasting method.

The remainder of this paper is organized as follows:
Section 1 establishes the overall framework of the
generalized load-forecasting method and analyzes its basic
steps. In Section 2, a generalized load prediction model
based on modal decomposition is established, including
specific methods ranging from data processing to neural
network optimization. Specifically, an innovative method
for generating RGB images after modal decomposition is
described in this paper. In Section 3, the generated RGB
images are diversified to improve the generalization ability
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of the model. In Section 4, generalized load scenarios under
different wind and photovoltaic permeabilities are established,
and the generalized loads under different scenarios are
predicted. Finally, we present our conclusions in Section 5.

1 Graphical generalized load forecasting
framework

Generalized loads are primarily composed of distributed
wind and photovoltaic generation, active loads, electric
vehicles, and traditional distribution network loads. Wind
and photovoltaic generation are mainly affected by climatic
factors, such as wind size and light intensity. Market factors
and demand-side responses primarily influence the active
load. Electric vehicles are affected primarily by travel
patterns and electricity prices. The load of a traditional
distribution network is most affected by the weather and
type of day. The generalized load is affected by a variety
of factors, and there exists a coupling relationship between
multiple load components, which makes research on load
forecasting very difficult. This study primarily focuses
on generalized loads under massive access to new energy
sources, such as wind and photovoltaic generation. It is
verified that the graphical prediction method has a high
accuracy in different generalized load scenarios. The
framework of the Generalized load graphical forecasting
method is shown in Fig. 1.

Get the dataset

f

Data preprocessing

f

Modal decomposition of
generalized loads

'

Generate RGB images

¢ Diversified processing
Model training

Parameter
optimization

¢ Inspection

Generalized load prediction RGB
image

* Data-based processing

Extract R, G, and B data for
reconstruction

\

Load forecasting data

Fig. 1 Generalized load graphical forecasting method
framework
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In Fig. 1, the obtained dataset is preprocessed to fill the
gaps in the historical load data. Various algorithms are used
to reduce the dimensionality of the influencing factors, and
factors with higher feature contributions are selected as the
actual influencing factors. It is normalized and used as an
input for the predictive model. The modal decomposition
of the historical load data is performed, and the RGB image
is obtained using the decomposition result. To improve the
accuracy of image prediction, image is diversified. The
processed image and influencing factor conditions are used
as the input of the prediction model for training. DenseNet-A
completes the testing and outputs the prediction image.
Finally, the R, G, and B channel data of the prediction image
were extracted to complete the reconstruction and obtain the
generalized load prediction results.

2 Generalized load forecasting model based
on modal decomposition

2.1 Date processing

First, the linear interpolation method is used to complete
and replace them [16, 17]. As there are too many influencing
factors of the input, the uncertainty of the prediction results
of the model increases; therefore, it is necessary to reduce
the dimensionality of the data through feature contribution
analysis. Calendar rules and meteorological factors were
selected as input data in an artificial empirical manner.
Meteorological factors include wind speed, rainfall, cloud
cover, light intensity, temperature, air pressure, visibility,
and relative humidity. Calendar rules include days of the
week, months, and holidays. The attributes, processing
methods, and number of selected input data points are listed
in Table 1.

Table1 Form and serial number of input attribute

Characteristic
Features . Processing  Numbering
attributes
Historical load data
Historical load for the previous Continuous 1-7
seven hours
Wind velocity Continuous 8-15
Rainfall Continuous 16-23
Cloud cover Continuous 24-31
Light intensity Continuous 32-39
Weather
information Temperature Continuous 40-47
At heri
fmosphene Continuous 48-55
pressure
Visibility Continuous 56-63
Relative humidity ~ Continuous 64-71
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continue
Characteristic
Features ' . eristt Processing ~ Numbering
attributes
Holiday Discrete 72
Week Discrete 73-79
Calendar rules
Hour Discrete 80-103
Month Discrete 104-115

To avoid mutual interference between continuous data,
one-hot data were used to discretize the characteristics
of the week and month. Subsequently, the XGBoost,
GBDT, and RF algorithms were used to obtain the feature
contribution degree of the input information, and the results
with similar feature contribution degrees were selected as
the final influencing factor input information. The feature
contributions calculated using the three algorithms are
shown in Fig. 2.
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(c) Analysis of the feature contribution of RF algorithm

Fig.2 Feature contribution research based on different
algorithms

As shown in Fig. 2, the wind speed, light intensity,
temperature, cloud cover, and other meteorological data
have significant impacts on the load. Simultaneously,
holidays and weekends also showed a high degree of
characteristic contributions. Considering that features such
as the week, hour, and month are discretely processed,
although the feature contributions are sparser and more
scattered, they are helpful for model training. Through
further analysis in Fig. 2, it can be observed that the
XGBoost and GBDT algorithms yield similar results in
the feature contribution analysis, and both can fully mine
the internal features of the data; therefore, XGBoost (or
GBDT) was selected for feature contribution analysis during
training.

Finally, owing to the meteorological factors and calendar
rules that affect the generalized load forecast, differences
exist in the values of the symbols and orders of magnitude.
Therefore, it is necessary to adjust the numerical range to be
consistent via normalization.

2.2 Modal decomposition and visualization of
load data

To make better use of the DenseNet network and make
more use of the change information of various generalized
loads in different permeability scenarios of wind and
photovoltaic generation, the generalized loads were
converted into RGB images by modal decomposition. For
any integer / € [0, 224—1], the RGB color pixels can be
based on (1), (2), and (3) to obtain pixel values.

R=(1/256)/256 (1)
G =(1/256)%256 )
B =1%256 3)

The modal decomposition method adopts complete
ensemble empirical mode decomposition with adaptive
noise (CEEMDAN) [18]. It can decompose raw load data
into intrinsic mode functions (IMFs) containing different
frequency ranges, and each IMF contains information
regarding the original data in different frequency ranges.
Therefore, the CEEMDAN decomposition of the original
load time series is performed to obtain several IMFs that
can realize the separation of different characteristics of the
data. The feature information of different IMFs can then
be converted into RGB images, which can deeply mine
the rules contained in the data and effectively improve the
prediction accuracy.

The CEEMDAN decomposition process is illustrated
in Fig. 3, where k in IMFk represents the number of
iterations, and i in IMFk; represents the i-th component after
decomposition.
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Fig.3 Decomposition process of complete ensemble empirical
mode decomposition with adaptive noise

CEEMDAN improves the algorithm flow through EMD,
combined with EEMD with low modal aliasing, and adds
white noise. CEEMDAN combines the advantages of both
worlds, such that the reconstruction error is almost zero and
the speed of modal decomposition is improved.

Since each data point is of a different type, it must
be normalized. The specific steps for visualization are as
follows:

Step 1: Preprocess the raw load data to ensure that all serial
data are time-sorted and maintained in the correct position. If
data are missing in some locations, missing data or zeros can
be removed or imputed from the dataset before analysis.

Step 2: CEEMDAN is used to process the raw load time
series containing a large number of high-frequency and
complex-frequency components. Following the frequency
separation, several IMFs containing different frequency
components are obtained.

Step 3: The number of modal decompositions is set
to three, corresponding to the three channels of the RGB
image, and the values are mapped to [0,1]. It is then
multiplied by 255 and rounded to obtain the pixel value of
the three channels of the RGB image to obtain the RGB
image containing multi-dimensional load data information.

Step 4: Extract the load data of the three channels in the
RGB image of the predicted result and use the CEEMDAN
to reconstruct it to obtain the load prediction result.

Fig. 4 shows an inverse schematic diagram of the
load data for 4 h and an RGB image with a sampling time
interval of 15 min and an image size of 1 X 16 x 3 (rows x
columns x channels).
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Fig.4 Reciprocal diagram of RGB image and load curve

2.3 DenseNet and its optimizations

DenseNet is an improvement of the convolutional neural
network, which can maximize the data characteristics,
reduce the number of required parameters, and achieve
better processing results. The DenseNet network structure
comprises DenseBlock, Convolution, Transition, Pooling,
Linear, and Softmax functions, as shown in Fig. 5.

The function of the convolutional layer is to select the
size and number of convolution kernels, and the function
of the pooling layer is to reduce the size of the image,
which can effectively smoothen the image and denoise.

Dense Block 1 Transition Dense Block 2
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Fig. 5 DenseNet structure chart
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DenseBlock is a new concept, and DenseBlocks are stacked
to form a DenseNet, as shown in Fig. 6. Each DenseBlock
in the figure contains five DenseLayers. The DenseLayer
is composed of a convolutional layer and a pooling layer.
x, is used as the input image to obtain the image x,
through the function H. On the channel dimension, x,
and x, are connected by a cat and become the input of the
next H function. Accordingly, cascade the output feature
maps of each layer. Each DenseBlock is connected with a
transition layer, which can change the number of channels
of the feature map, that is, the number of channels of
each RGB image is three. To reduce the network load,
a bottleneck layer (1x1 convolution) is added before the
convolution operation to improve the computing efficiency
of the network. Finally, the image passes through the last
DenseBlock into the final pooling layer, Linear layer, and
Softmax function, and outputs the classification label.

|,

.l - |

On the basic DenseNet network [19, 20], four
improvements were made in this study, labeled DenseNet-A
(B, C, D). The difference between each network is the
number of DenseBlocks and DenseLayers. In comparison,

Fig. 6 Dense Block structure chart

DenseNet-A is more effective. The data image size used to
describe the DenseNet-A network structure is 2 x 30 x 3
(rows x columns x channels).

The network structure of DenseNet-A is presented in
Table 2, where conv refers to the BN-RELU-CONV layer
that includes batch normalization (BN) and ReL.U functions.
Following the convolution operation, it passes through a
BN-RELU-CONV layer. The number of channels increases
by k for each DenseLayer passed. For example, after the
first convolutional layer, the number of channels increases
from 3 to 64. To remove some neurons in the network, a
dropout layer is added after the DenseLayer, which fully
inhibits overfitting [21]. The dropout rate in the table
represents the probability of removal. DenseNet-A contains

four DenseBlocks, and the number of DenseLayers in each
DenseBlock is (6, 12, 24, and 16).

Table 2 DenseNet-A network structure

Network layer  Output size Parameter (K=32)
Convolution 1x15 (2x7) conv
Pooling 1x7 (1x3) max pool
DenseBlock1 1x7 (Ix1) conv x 6, drop_rate=0.2
(1x3) conv -
1x7 (1x1) conv
Transition]
16 (1x2) global pool
DenseBlock2 16 (Ix1) conv x12, drop_rate=0.2
(1%x3) conv -
1x6 (1x1) conv
Transition2
1x5 (1x2) global pool
DenseBlock3 1x5 (Ix1) conv %24, drop_rate=0.2
(1x3) conv -
1x5 (1x1) conv
Transition3
1x4 (1x2) global pool
DenseBlock4 1x4 (I1) conv x16, drop rate=0.2
(1x3) conv -
(1x4) global average pool
Classification 1x1

Linear layer, Softmax function

3 Diversified image processing methods

Generalized load data are unpredictable, and their
trends include unimodal type, bimodal type, and other
situations, making it difficult to predict the generalized
load. This study used a 3-year dataset for training. The
number of images were generated by the training set is
approximately 2880 images in a time window of 30 days.
This capacity is low for DenseNet-A and training a small
dataset with a large neural network creates two problems.
First, the network model cannot learn the general mapping
relationship between the input and output, which reduces its
generalization ability and results in poor performance for
new datasets [22, 23]. Second, for the relationship between
the input space structure and its output, a small dataset
provides less descriptive information, which leads to the
oscillation and discretization of the input space, and it is
difficult to learn feature mapping.

3.1 Gaussian diversification processing

To solve the problems of the poor generalization ability
of the model and discrete oscillation of the input space,
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Gaussian noise (GN) can be added to the data image using
the Gaussian diversification processing method to achieve
the effect of smoothing the input space structure. The
smoothing effect makes it easier for a network to learn the
feature mapping [24].

When Gaussian noise is added, the signal-to-noise ratio
of the parameter is particularly important, and it is difficult to
achieve its effect if the ratio is too large or too small. Select
the pixels (i, j) and (i, j+1) adjacent to the left and right of
the image data to generate two random numbers 7 and ¢
between [0,1], In this study, the signal-to-noise ratio (snr=6)
is selected, and the Gaussian noise is calculated as follows:

GN, = snrxcos(27p)x~-21nr
GN, = snrxsin(27p)x~-21nr

where GN, and GN, are the noise values of each pixel
in the first and second rows of the image, respectively.
According to (4), the noise value that corresponds to each

4)

pixel in a certain row of images can be obtained, and the
pixel value (PV) after adding noise can be obtained by
adding the pixel value to the pixel value at the original
position.

)P s
{ (1) = P (1) + 5

PV,(i,j+1)=PV,(i,j+1)+GN,

The pixel value of the image in the third row was
obtained by adding noise to the basic data image in the first
row. The reverse basic data from the second row produced
the fourth row of images. The same generation method was
used in the present study. The result of (5) is added to the
Gaussian noise to form a new line of images and then the
resulting image data are normalized:

(P, =min(P1,)

PV, = 255
’ (max(PI/3)—min(PV))><

PV, = (P, _min({)y“)) X255
(max(PlQ)—rmn(PV4 ))

Following the normalization process of (6), the pixel
values are in the interval [0,255], and the third and fourth
rows of the image data are formed by adding Gaussian noise
to the first and second rows, as shown in Fig. 7.

(6)

Fig.7 Gaussian diversity processing sample diagram

3.2 Reverse diversification processing

To add data, the reverse was selected to process the
original data and add them to the second row of the data
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image. Reverse diversification is the reversal of upward
and downward ranges. In numerical calculations, reverse
processing involves changing the rise of >1 to a fall of <1,
and vice versa. Reverse diversification does not change
the original data image but only increases the image
information. The image is increased from one line to two
lines, as shown in Fig. 8.

Fig. 8 Reverse diversification processing sample diagram

4 Case study
4.1 Basic data

To solve the problem of the lack of analysis data for
generalized loads, this study generates data for future
generalized loads based on an established simulation
model. Subsequently, the density-based DBSCAN
clustering algorithm was used to extract feature curves
from the generalized load data. Finally, the characteristic
curves of the generalized loads under different scenarios
were simulated and analyzed, and various generalized
load characteristic curves were obtained. Concurrently,
the prediction effect of the prediction method adopted in
this study can be verified under different generalized load
scenarios.

Grid-base load data were selected as the ISO New
England load data from February 1 to September 30, 2022.
The DBSCAN algorithm is used to cluster the underlying
data. The characteristic curve of the selected load is the
central curve of each cluster, as shown in Fig. 9 (a). The
characteristic curves of the base load exhibit three typical
patterns: the first category is unimodal, and the second and
third categories are bimodal.

The new energy power generation data were based
on wind and photovoltaic power generation data from the
German company Tennet from February 1 to September 30,
2022. The characteristic curves of wind and photovoltaic
power generation were also extracted using the DBSCAN
clustering algorithm, and the extraction results are presented
in Fig. 9 (b) and Fig. 9 (c¢). In Fig. 9 (b), significant
differences exist between the typical wind power patterns.
For example, the typical Type 1 pattern had a higher output
level during the day than at night, while the typical Type 3
pattern shows the opposite pattern. In Fig. 9 (c), the peak
period of the output of various typical photovoltaic patterns
is within the 10-14 h time period. Based on the extraction
results in Fig. 9, the difference between the feature curves
extracted by the DBSCAN clustering algorithm is evident,
and the extraction effect is better.
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photovoltaic generation curve

The generalized load F,, ,, considering the access of
new energy is calculated as follows:

PGL,re = Pbaxe - Pre (7)
where P,

e denotes the base load of the power grid and P,
indicates the power vector of the new energy generation.

When new energy sources with different permeabilities are

accessed, P, , can be obtained under different scenarios.

L,re

According to (7), the generalized load characteristic
curves under different proportions of renewable energy
access can be obtained, as shown in Fig. 10.

Fig. 10 (a) depicts the scenario with a wind power
permeability of 20%, and the generalized load characteristic
curve includes five types. Among them, Types 1, 2, 3, and
5 are all bimodal, whereas Type 4 is unimodal. Access to
wind power makes load changes more complicated, and
the uncertainty of the load increases, which causes certain
difficulties in the planning and dispatching of the power grid.

Fig. 10 (b) shows a scenario with a photovoltaic
permeability of 20%. The typical pattern of a generalized
load characteristic curve is a depression in the middle of
the curve. Since the curve of photovoltaic power generation
curve presents a typical single peak with light intensity, the
load curve has a large trough value at noon. Additionally,
the trough value of load curve Category 5 in the figure
is negative because, at this time, photovoltaic power
generation supplies power to the grid, and the grid cannot
fully absorb it, so it can be sent out. Fig. 10 (c) shows the
scenario when wind and photovoltaic power generation are
connected simultaneously, and the wind and photovoltaic
permeabilities are both 10%. The load characteristic curves
of wind and photovoltaic power generation simultaneously
connected to the grid are more complex than when the two
are connected separately. Figure 10 (d) shows the wind
and photovoltaic permeabilities at 20%. The characteristics
of the typical generalized load pattern in this scenario are
similar to those in Fig. 10 (b), when photovoltaic power
generation is connected with large troughs at noon.

Generally, the typical patterns of the generalized load
under the different scenarios shown in Fig. 10 are divided
into five categories. By comparing Fig. 9 (a), it can be
observed that the access of different proportions and types
of renewable energy leads to complexity of the generalized
load curve pattern. Therefore, it is necessary to consider
the curve characteristics of a generalized load when
planning the operation of a power grid, including wind and
photovoltaic power generation.

4.2 Modal decomposition of generalized load data

Once the generalized load scenario was established, the
load time series was decomposed. Load time series often
contain a large number of high-frequency components,
are highly nonlinear, and are not sufficiently smooth,
which significantly increases the difficulty of forecasting
and reduces its accuracy. Therefore, one way to solve
this problem is to decompose the load time series into a
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Fig. 10 Characteristic curves of generalized load in scenarios with different permeabilities of renewable energy

series with strong smoothness and low complexity. The
CEEMDAN can decompose a load time series into IMF
components with different types of information. CEEMDAN
does not directly add the Gaussian white noise signal to the
original signal, but averages the modal components obtained
by EMD decomposition as a whole and then CEEMDAN
decomposition calculates the overall average after obtaining
the first-order IMF components to obtain the final first-order
IMF components. This process is repeated for the residuals.
This effectively solves the problem of white noise shifting
from high to low frequencies.

Considering the generalized load data under a wind
power permeability of 20% as an example, three sets of
IMF are obtained using the CEEMDAN to decompose the
generalized load for one month, as shown in Fig. 11.

The distribution of frequencies from high to low can
be observed, and the data complexity is significantly
reduced compared with the original load time series. The
CEEMDAN algorithm improves both the reconstruction
accuracy and decomposition efficiency.
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Fig. 11 Load data for CEEMDAN decomposition

4.3 Visualization and diversified processing of
generalized load data

The obtained generalized load data are visualized
and diversified based on the two diversification methods
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proposed in Section 3. The data were used to evaluate the
effectiveness of the two diverse predictions. The comparison
results are presented in Fig. 12.

Gaussian diversification

Reverse diversification

RAPM
Fig. 12 Comparison of error indexes obtained with different
processing methods

In Fig. 12, by comparing the error indexes of the two
diversification predictions, it can be observed that the
error indexes after the reverse diversification process are
improved compared with the Gaussian diversification,
and the difference is obvious. This indicates that added
diversity information is more useful after the image is
inversely diversified. However, the manner in which
Gaussian diversification increases diversity does not satisfy
the proposed prediction method. From the above results,
it can be concluded that Gaussian diversity increases the
diversity of images, but the utilization rate of information is
low, and more useless information affects the judgment of
the network. Most of the feature information learned by the
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network for this problem is ineffective, and its optimization
effect is poor. For the generalized load-forecasting problem
in this study, the predictive effect of reverse diversification
is better than that of Gaussian diversification.

4.4 Results and analysis of generalized load
forecasting

Through data processing, modal decomposition, load
data visualization, reverse diversification processing,
and DenseNet neural network optimization, sufficient
preparations were made for the load forecasting.
Subsequently, the optimized DenseNet-A neural network
was used to make short-term predictions of the generalized
load data under the different permeabilities of wind and
photovoltaic power generation selected in Section 4.1.
The RGB image prediction results for the load data are
converted into load curves, as shown in Fig. 13.

The results of the graphical forecasting method are
compared with those obtained by the traditional LSTM
and LSTM-GRU load curve forecasting methods, and the
feasibility of the method is illustrated [9, 25, 26]. The error
indicators after comparison are listed in Table 3.

As indicated in Fig. 13 and Table 3, the prediction
results obtained in the four scenarios are better than those
of the traditional LSTM neural network load sequence
prediction method, and the prediction accuracy is improved.
Compared with the scenario where the permeabilities of
wind power and photovoltaic power are 10% and 20%,
respectively, the graphical prediction method has a better
prediction effect in the scenario of wind power permeability
of 20% or photovoltaic power permeability of 20%. It
can be concluded that the proposed method is suitable for
generalized load forecasting in complex scenarios with
a high proportion of renewable energy access, and the
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Fig. 13 Forecasting results under different generalized load scenarios

Table 3 Predictive evaluation indicators of different models

Error indicator RMSE/MW MAPE/% MAE/MW R Operation time
(a) 236.9059 2.34 202.5872 0.9235 48.62
(b) 217.9511 2.28 189.5532 0.9295 47.21
LSTM forecasting method
(c) 186.3569 1.96 175.6328 0.9461 47.66
(d) 179.5518 1.93 179.3621 0.9503 48.02
(a) 186.1443 1.89 163.2281 0.9455 58.40
(b) 163.9362 1.75 146.3277 0.9331 60.23
LSTM-GRU forecasting method
(c) 140.0038 1.58 144.2336 0.9520 53.02
(d) 131.2964 1.62 150.1112 0.9699 59.91
(a) 95.0476 1.26 72.8883 0.9769 72.32
(b) 100.9638 1.35 74.3365 0.9715 69.85
Graphical forecasting method
(c) 87.1451 1.08 59.2322 0.9843 75.38
(d) 85.7622 0.98 56.5897 0.9862 70.55

feasibility of the method is verified. Additionally, although
the model proposed in this study is more complex than
the traditional model and requires a long operation time, it
can improve the accuracy of load prediction and verify the
feasibility of the model.

5 Conclusion

In this study, we proposed a graphical short-term
prediction method for generalized loads based on modal
decomposition. In the proposed method, the generalized
load data under different permeabilities of wind and
photovoltaic power generation were converted into RGB
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images by modal decomposition. Through visualization and
reverse diversification processing, the feature information
of various types of generalized loads were fully mined, and
good prediction accuracy was obtained. DenseNet-A was
used for training and prediction, and the advantages of the
proposed method over the traditional load series prediction
method were verified through a case analysis. The proposed
method provides a new approach for predicting generalized
loads. In the future, the coupling effects of multiple factors,
such as electric vehicle charging and discharging, and the
demand-side response will be comprehensively considered
to improve the comprehensiveness and accuracy of
generalized load research.
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