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Abstract: Given that the power load data are stochastic and it is difficult to obtain accurate forecasting
results by a single algorithm. In this study, a combined forecasting method for short-term power
load was proposed based on the Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise (CEEMDAN), Multiverse optimization algorithm (MVO), and the Gated Recurrent Unit (GRU)
based on Rectified Adam (RAdam) optimizer. Firstly, the model uses the CEEMDAN algorithm
to decompose the original electric load data into subsequences of different frequencies, and the
dominant factors are extracted from the subsequences. Then, a GRU network based on the RAdam
optimizer was built to perform the forecasting of the subsequences using the existing subsequences
data and the associated influencing factors as the data set. Meanwhile, the parameters of the GRU
network were optimized with the MVO optimization algorithm for the prediction problems of
different subsequences. Finally, the prediction results of each subsequence were superimposed to
obtain the final prediction results. The proposed combined prediction method was implemented in
a case study of a substation in Weinan, China, and the prediction accuracy was compared with the
traditional prediction method. The prediction accuracy index shows that the Root Mean Square Error
of the prediction results of the proposed model is 80.18% lower than that of the traditional method,
and the prediction accuracy error is controlled within 2%, indicating that the proposed model is
better than the traditional method. This will have a favorable impact on the safe and stable operation
of the power grid.

Keywords: short-term power load forecasting; CEEMDAN; RAdam; GRU; MVO

1. Introduction

The operation of the power grid becomes more complex with the large-scale access
of distributed power sources and increasingly randomized electricity consumption pat-
terns [1]. Addressing this issue requires carrying out high precision power load forecasting
to accurately predict the load requirements of the power grid. It will help make reasonable
adjustments in the operating processes of the power grid and improve the ability of the
power grid in terms of continuous, safe, and stable operations. It is essential for optimizing
the coordinated operations involving multiple sources of fire, wind, solar, and storage,
building a modern digital and intelligent power grid, and further improving the operational
mechanisms to meet the expectations and demands of the power sector [2].

Because of various factors, such as the user’s power consumption behavior, meteo-
rological factors, and economic policies, were affected the power load fluctuation, which
makes it exhibiting both cyclical and short-term random characteristics [3,4]. Therefore,
short-term power load forecasting is often affected by random factors and cannot accurately
predict the power requirements at any point of time. At present, the commonly used short-
term forecasting methods for power load are as follows: (1) time series methods based on
statistics and (2) artificial intelligence methods with machine learning as the core [5-7]. The
time series methods mainly include linear regression, Kalman filtering, and Exponential
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smoothing techniques. These methods have certain advantages in terms of simple pre-
diction models, simple data samples, and high computational efficiency [8,9]. However,
these methods are not effective in nonlinear, and complicated data samples. Therefore, it
is necessary to develop a model capable of extracting potential relationships among the
time-domain features in the smart grid. Considering the complexity of the problem, the
structure of the input data for load forecasting needs to be optimized so as to overcome the
memory problem of multidimensional time series to obtain better forecasting accuracy.
As artificial intelligence network models have made significant strides in many fields,
machine learning algorithms such as Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM), and Gated Recurrent Unit (GRU) have been used with good results in
short-term load forecasting [10-13]. However, when a single prediction model encounters
the power load prediction issues as a result of long sequence and multi-dimensional input,
the loss of sequence memory, disordered data structure, and inability to deeply explore the
potential characteristics of the sequence will occur, thus affecting the accuracy of load pre-
diction. A study [14] used a combined prediction model comprising Convolutional Neural
Networks (CNN) and LSTM algorithms to forecast the short-term load of regional power
supply systems. In [15], a combined CNN-Bidirectional LSTM forecasting model based on
a feature filtering technique has been proposed, to fully exploit the temporal characteristics
in the electric load data and solved the problem of gradient disappearance, accelerated the
training speed, and effectively analyzed and processed the potential information of power
load data. Another study [16] made full use of the time-domain and frequency-domain
features of load demand, used wavelet transform techniques to decompose the electric
load time series into multiple subseries, and combined with deep neural networks for load
forecasting, effectively improving the accuracy of short-term load forecasting. With the
emergence of many new types of electricity loads (security systems, charging piles, etc.), a
study designed a two-level intelligent feature engineering (IFE) and serial multi-timescale
prediction framework to eliminate redundant and irrelevant features, balancing the stability
of load trend prediction and the accuracy of load fluctuation detail prediction [17].
Meanwhile, to further improve the accuracy of short-term load forecasting, scholars
combine signal decomposition algorithms with machine learning to further analyze and
mine the potential patterns of load data changes [18,19]. A previous study [20] used the
Variational Mode Decomposition (VMD) method to decompose the raw electric load data
into multiple subseries, screened the influencing factors by constructing a composite vari-
able selection algorithm, and then used Support Vector Regression (SVR) models for load
forecasting to further explore the potential relationship between influencing factors and the
frequency of load fluctuations. In [21], an integrated federated learning algorithm has been
proposed by using VMD, the federated k-means clustering algorithm, and SecureBoost
algorithm; the model used VMD to decompose the original data into several subsequences
and used a clustering algorithm to reorganize the subsequences into feature clusters with
common features, which enabled the model to effectively extract the implied features and
simplified the complexity of the data, which in turn improved the prediction accuracy of
the model. Two previous studies [22,23] used Empirical Mode Decomposition (EMD) or
Ensemble Empirical Mode Decomposition (EEMD). EEMD decomposed load signals into
multiple Intrinsic Mode Functions (IMFs) and established a prediction model respectively,
which could better predict the fluctuation of load signals. The adaptive Gaussian white
noise could be added to the decomposition process to eliminate the adverse effects of
modal aliasing caused by EMD and EEMD on load prediction, and each modal component
could be obtained by calculating the unique residual signal. Then, a complete EEMD with
adaptive noise (CEEMDAN) algorithm was constructed [24]. When the decomposition pro-
cess was finished by using this way, researchers find out that the reconstruction error was
significantly low, and effectively re-solving the mode aliasing issue of EMD. Meanwhile,
it overcame the problems of low decomposition efficiency and difficulty in eliminating
noise while using previous algorithms [25,26]. Besides selecting a prediction model and
analyzing signal decomposition, learning rate optimization has also become essential for
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improving load prediction accuracy [27]. In [28], study revealed that applying traditional
learning rate optimizers such as Root Mean Square Prop (RMSprop), Adaptive Moment
Estimation (Adam), and Nesterov-accelerated Adaptive Moment Estimation (NAdam) in
deep learning networks could easily to make the networklead training into local optimum,
and the Rectified Adam (RAdam) optimizer was proposed. The convergence speed and
calculation accuracy of the deep learning network were im-proved effectively. In [29], the
scholars used deep convolutional neural networks and the RAdam optimizer for human-
computer interaction for facial expression recognition. The results show that using the
RAdam optimizer enables the network model to improve the recognition accuracy by 3%
to 4% with better generalization. Through a comprehensive analysis of the above litera-
ture, we counted the main information of load prediction methods in the articles, and the
statistical information is shown in Table 1.

Table 1. Statistical table of load forecasting methods.

Forecasting Methods

Representative Algorithms

Traditional methods

Artificial
intelligence
methods

Single

Combined

Data. Load Forecasting Features
Processing
Linear regression
Kalman filtering Its simple and fast to compute. However, it cannot
Exponential smoothing  handle complex data samples.
techniques
It can handle more complex data. However, it has
- RNN insufficient processing power and poor prediction
LSTM accuracy when facing high dimensional data samples.
VMD GRU Its ability to mine potential features of data and achieve
EMD CNN dimensionality reduction of data samples. However, a
EEMD lot of work needs to be done in the future to find a more
K-Means reasonable combination model.

According to the above analysis, this paper proposes a new hybrid forecasting system
that combines data preprocessing, deep learning prediction method, and intelligent opti-
mization algorithm to further improve the short-term electrical load forecasting accuracy.
The study used the CEEMDAN decomposition algorithm to decompose the original his-
torical load data into modes to address the issues of significantly randomized short-term
load fluctuation and difficulty in selecting influencing factors and explored the fluctuation
rules of the power load data. Then, the gray relational analysis (GRA) was performed to
calculate the degree of correlation of influencing factors for different modal components.
Finally, the GRU algorithm based on the RAdam optimizer was used for the short-term
prediction of modal components, and the final short-term power load prediction results
were obtained by superposition. The main contributions and innovations of this research
are as follows:

1.  In order to deeply analyze the variation pattern of load and find out the inner con-
nection between load components of different frequencies and external influencing
factors, the article uses CEEMDAN algorithm to separate the frequencies of load
data. The changing characteristics of the load components at different frequencies are
analyzed, and the load fluctuation patterns and customers’ electricity consumption
habits in the area are summarized.

2. A combinatorial model for short-term load forecasting is proposed. Based on the
original GRU algorithm, the algorithm optimization is carried out using the RAdam
optimizer. Meanwhile, the optimization of the internal parameters of the GRU algo-
rithm is carried out using the MVO algorithm. Based on this, the network was trained
using the frequency components of the load and the main influencing factors, and the
load was predicted for the next 24 h.
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2. Materials and Methods
2.1. CEEMDAN and GRA

The CEEMDAN algorithm could adjust the reconstruction error of the decomposed
signal close to 0 by adding normal distributed white noise (1 (t)) for a limited number of
times at each stage of decomposition and could effectively solve the problems of mode
aliasing and low computational efficiency of EEMD and other algorithms [30,31]. Its
decomposition process involved the following six steps [32]:

The load curve s(t) + egn’(t) was decomposed repeatedly for N times, and the first
modal component was obtained using the mean value as

N
IMF,;(t) = %Z IMFi(t) (1)
i=1

where s(t) is the original signal, ggn’(t) is the noise signal, N is the total number of modal
decompositions and IMF/ is obtained from the t, decomposition.

1. The allowance signal 71 () of the load curve to IMFs; (t) was calculated as

r1(t)

2. The load margin signal 71 (t) + &1 E1 (1’ (t)) was decomposed repeatedly for N times to
obtain the second modal component IMF as

s(t) — IMF, (t) 2)

1

IMFp(t) = N (El(fl(f))+€1E1(”i(f))) @)

] MZ

3. FPork=273,...,K, the Ky, residual signal was calculated as

1e(t) = 11 (t) — IMFqp(t) 4)

4. Step 3 was repeated to obtain the k + 1 modal function as

N
IMFg i (t 2 Eq(re(t)) + exEx(n' (1)) ®)

5. Steps 4 and 5 were then repeated until the decomposition termination condition was
reached, and K modal components of the load curve could be obtained. The final
residual signal was calculated as

K
R(t) =s(t) — ) IMFy(t) (6)

The GRA was performed to calculate the correlation between the potential influencing
factors of load fluctuations and the components decomposed using the CEEMDAN algo-
rithm [33]. This helped select the influencing factors with a strong correlation to specific
modal functions [34]. We selected the obtained modal function using the CEEMDAN algo-
rithm and combined it with the known influencing factor matrix U to form the association
analysis matrix X as

X = [IMF; U] (7)

Subsequently, we divide each column in the matrix X by the mean value of the elements
of each column simultaneously to eliminate the effect of the magnitude of the quantities
between different physical quantities on the calculation. After that, the correlation degree
KSI of each column element can be calculated as

X’:[mﬁ[\fim t U ... _Uy }:[xé X\ X, - X4 ] @8

u1mean UZmean uN mean



Sustainability 2022, 14, 16460 50f 18
T(i) = abs(Xi_;_,n — X0) 9)
KSI = (min(T) + rho x max(T))./ (T + rho x max(T)) (10)

where rho is the correlation coefficient and usually takes values between (0, 1).
With the KSI obtained, the degree of correlation (M) between the influencing factors
and the modal components could be calculated as [35,36]

M = mean(KSI) (11)

2.2. Multiverse Optimizer Algorithm

The Multiverse Optimizer (MVO) algorithm is a cluster intelligence optimization
algorithm based on the multiverse theory in physics [37]. It builds a mathematical model
based on the cosmological theories of white holes, black holes, and wormholes. Among
other things, wormholes connect all universes to the current optimal universe. It is able
to share the optimal information in the algorithm to the various groups involved in the
calculation. While white holes and black holes are built between the various clusters and
are used to exchange information with each other. It’s conceptual model of MVO algorithm
is shown in Figure 1.

| —> Wormhole tunnel — — =»  White/black hole tunnel I

—'I I I I I I I ------ Universe(1) — ****** I I I—--w
N 0 0 O Untversetd) oo’ [e]e}-=-
| )
o 5 5 5 ) ) ] e e () )2
'
. [
|| Best universe : E :
created so far ! E
'
'
i

—»I - -t |
l I I I I I """ Universe(n)  *++** l I I:---

Figure 1. Conceptual model of MVO algorithm.

The algorithm defines the candidate solution as an initializing universe [38]. Assuming
that the number of initializing population was NP and the vector dimension to be solved
was NQ, the initial universe U could be expressed as

T
U=1[x; x -+ x - xnp (12)
Xij = Qlj.min Ttk (Qlj.max - Qlj.min) 1
NI f(xlllxlzr"“xlNQ>
NIZ f(lel x22/ e szQ>
NI = . = : .
Ninp (xnp!, xnp?, - - 2npN9)

where xjj is the jy, dimension of the iy, solution vector, Qj; min and Qj; max are the lower and
upper limits of the solution vector, and r; is a random number.

After the initializing universe (candidate solution set) was brought into the program to
calculate the adaptive values of each solution set, the population updating and optimization
process of the multiverse optimization algorithm could be carried out [39,40].

It is should be noted that the MVO algorithm had two essential parameters: Wormhole
Existence Probability (WEP) and Travelling Distance Rate (TDR). During each iteration of
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the calculation, the universe updates its own spatial position by the above parameters and
gradually moves toward the optimal universe (optimal solution):

Xbest j + TDR = ((Qlj.max - Qlj.min) * 7’2)”3 <05 }

. ry < WEP

x; = Xpest.j — TDR * ((Qlj.max - Qlj.min) * 7’2)73 >05 ‘ (15)
x| ry > WEP

1

where the X, j is the element of the jy, dimension of the optimal solution and r;_4 are
random numbers.

2.3. GRU Algorithm Based on the RAdam Optimizer

The GRU model is a variant structure simplified from the traditional LSTM prediction
model [41]. It combines the original forgetting gate and input gate of LSTM into a single
update gate, which reduces one gate function compared with the original LSTM structure
and has fewer parameters than LSTM, but it can achieve the same function as LSTM and
has higher computational performance [42,43]. The schematic diagram of the GRU model
is shown in Figure 2.

h(r—l)I h(r) h(t + I)l
~A=1) - ~ () N\

T (1),
®—4

h'(r)
b2e
(1) 1-z(r)

\ J \ J \ J

IX('—I) x(1) I.\-u+1)

h(t-2) ,

h(t+1)

Figure 2. GRU algorithm framework.

In general, in the reverse update process of the load prediction algorithm, the fixed
learning rate, the learning rate updated with the number of iterations, and the Adam
optimizer are used to update the weights and bias values of the network model. In this
study, the RAdam optimizer was selected to further optimize the learning rate of the
algorithm. The application flowchart of the RAdam optimizer is shown in Figure 3.

Initialization weight Initialization gradient Initialize the learning rate
W, W, W, W, SW,, W, 5W,, 5, Wor Wor Wor W
W Wo W SW,,, W, Wy, W W W

GRU Forward-Propagation

GRU Back-Propagation

| aw, dw, dw, dw, dw, dw, aw, aw, I

| T, =0, +dW, W, =W, +dW, == Wy=0W,+dW, I

I n'J = ”"3 - An':‘ W’:h = nr:“ - AW’:L T W’v n= W’v h AW‘W I

Figure 3. Application flow of RAdam optimizer.

In the reverse update process of the GRU algorithm, the error terms of each weight
were obtained by taking the partial derivative of the total error function. Subsequently, the
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error terms were brought into the RAdam optimizer to obtain the updated terms of weight
parameters. Furthermore, the weight parameters were updated along the direction of the
negative gradient until the total iteration limit was met (Figure 3).

3. Hybrid Forecasting System

This study used the CEEMDAN algorithm to decompose the historical load data
into modal functions of different frequencies and residual functions. Then, the external
dominant influencing factors with a higher degree of influence were selected for different
frequency components using the GRA. Further, the specific modal functions and the corre-
sponding dominant influencing factors were transferred to the MVO-GRU algorithm, and
the number of super parameters in the GRU model was selected based on the optimization
algorithm. Finally, the prediction results of different modal functions were recombined to
obtain the final load prediction results. The CEEMDAN-MVO-GRU algorithm flow chart is
shown in Figure 4.

— ] 1
O] P QP S .
LI ! Step 1: Modal decomposition 1 | Step 2: Relevance analysis 1
manaanaea : N .
METEOROLOGICAL CENTER ! | ! !
METEOROLOGICAL DATA | | | |
[} I [} I
nuun | R :
naam | — .
e —_— 1 1 ]
1|2 || |1 | A 2 1 —————— ' 1
: Decomposition of the original : : The GRA algorithm was used :
POWER GRID DISPATCHING CENTER E o I load data into subsequences of | I for the extraction of dominant 1
) : POWER LOAD DATA I different frequencies by using | I influences. |
1 the CEEMDAN algorithm ] 1 |
N o e e == - 4 N e o o e e e e e 4
(oo g o T T T TSy | |
| Step 3: MVO & GRU : Y Y
| 1 I Subseq pr di 1
| For the prediction problems of different sequences, the corresponding data sets are | | ]
| selected and the number of nodes in the hidden layer of the GRU network was | | IMF,  Factor, Factor, Factor, :
: optimized by using the MVO algorithm. : : IMF,  Factos, Factor, Factor, |
L} ] [} I
: The optimal number of nodes in the hidden layer obtained by the MVO algorithm was ! : ) ) :
| input to the value GRU network and the final prediction of the subsequence was : | IMF, Factor, Factor, Factor, 1
| performed. y, TS TTEEEEEEEEEEEEEEEEEEEEEEEEEEE
L s )
r —————————————————— ‘ —————————————————— -~
{ Step 4: Get the final forecast results : [ ; :
i | e A
1 ] S \ A
| The prediction results 1 i 1 -_— "
: of all IMF sequences ! / i i i 24 | VA A | 1A | 2 | o
\ are summed to obtain ! i ¥
| the final load prediction ! H
1 results. : POWER GRID DISPATCHING CENTER
! ! n L " L L
| 1 0 20 40 60 80 100
| ) LOAD FORECASTING RESULTS

Figure 4. CEEMDAN-MVO-GRU algorithm flow.

In this hybrid forecasting system, the optimization search process of the MVO algo-
rithm used the Root Mean Square Error (RMSE) and the similarity (R) of the prediction
curves to obtain the fitness value (NI) to determine the number of nodes in the implicit
layer in the prediction model. In addition, the Root Mean Square (MAE), Mean Absolute
Percentage Error (MAPE) and Nash-Sutcliffe efficiency coefficient (NSE) were selected,
which together with RMSE and R to evaluate the predictive performance of the proposed
model [44—46]. The parametric optimization of the MVO algorithmic process is shown
in Figure 5.

1Y 5
RMSE = N; (Yi = f(x;)) (16)
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1 Ai—pa Bi—us
R= : 17
N1k () 17)
1N
MAE = NZ\Yi — f(x)] (18)
i=1
MAPE — 100%% Y; — f(x:) (19)
N A Yi
N 2
X (Yi— f(x))
NSE =1 - = (20)
Y (Y —py)
i=1
NI =& x RMSE + B x R 1)

where N is the number of samples, f(x;) is the predicted value, Y; is the true value, y is
the mean value of the matrix, J is the standard deviation of the matrix, and « and  are

weight coefficients.

Parameter initialization: random generation of hidden layer node number x and
forming the initial universe U.

!

Carry x to the GRU network and calculate the adaptive value NI of prediction results
to find the optimal individual x;,, .

!

According to the updated formula (TDR) to generate U’, and treated the boundary of the U”
according to the limit value of the independent variable.

!

Solve the corresponding adaptation NI’ of the U, and find the optimal individual x’,,.

!

Compare the optimal individual x;,,, and X", and retain the more optimal one.

Meeting the iteration termination condition?

Output the optimal number of hidden layer nodes.

Figure 5. Parametric optimization of the MVO algorithm process.

4. Data Sets
4.1. Data Preprocessing

In short-term power load forecasting, the trend of load changes is often closely related
to the load data of the recent period. Therefore, mainly the meteorological data of the load
forecasting site and the load characteristics data were used to constitute the data set for
short-term load forecasting to verify the forecasting method proposed in this study.

Among the load characteristics data, the actual load data of the DG Substation in
Weinan city from 1 January 2021 to 31 January 2021 were considered for this study. The data
sampling interval considered for this substation was 15 min, and the data from 2976 points
were collected. Meteorological data is the hourly temperature and humidity of the area and
other 9 collection types, a total of 744 points. The load characteristic data mainly consisted
of the maximum, minimum, and average loads calculated by rolling historical load data
every hour. The changes in sample data curves of some factors are shown in Figure 6.
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Figure 6. Sample data curve (First week of January 2021).

4.2. Substation Load Curve Decomposition Based on the CEEMDAN Algorithm

This study considered the daily load curve of the station from 1 January 2021 to
7 January 2021 to obtain the load curve to examine the changes in the load characteristics of
the power substation (Figure 7). As discussed in Section 2.1, the adaptive Gaussian white
noise could be added at each stage of the original power system load curve decomposition
process, following which each modal component of the power load curve based on the
CEEMDAN algorithm could be obtained. The modal function and residual load curves of
the station in the first week of January 2021 are shown in Figure 8.

The load curve of the station consisted of a large number of high-frequency compo-
nents, indicating that the power consumption behavior of consumers was highly random.
However, the amplitude of the high-frequency component was smaller than that of the
total power consumption at the same time, indicating that the load change was mainly
affected by the long-term stable power consumers.

2 7 = —
10—
1 1 L 1 1 L 1 1 1 1 L 1 L
0 2 4 6 8 10 12 14 16 18 20 22 2
I E Day 6, |
B 1 I 1 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20 2 2

;?E Day s — — T |
B ol | e Sy et | 1 1 1 1 1 1 1 1

0 2 4 6 8 10 12 14 16 18 20 22 24

0 2 4 6 8 10 12 14 16 18 20 22 24

o 2 4 6 8 10 12 14 16 18 20 22 24

Power load (MW)

0 2 4 6 8 10 12 14 16 18 20 22 24
32'5 L |
10
5 | It wm— — 1 L 1 1 1 1 L 1 1

0 2 4 6 8 10 12 14 16 18 20 22 24

Times (h)

Figure 7. Load curve of DG substation in the first week of January.
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Figure 8. Modal component curve.

5. Results and Discussion
5.1. Analysis of the Effect of RAdam Optimizer and MV O Algorithm Application

From previous research results, the RAdam optimizer can greatly improve the training
speed and computational accuracy of deep network models. Based on the above theory,
we have performed a validation calculation and analysis. We used the load data shown in
Figure 7, selected the GRU network models based on the RAdam and Adam optimizers,
respectively, to train the GRU network and to calculate the load prediction for day 7. The
variation curves of the loss function of the network training using the two optimizers are
shown in Figure 9, and the prediction results are shown in Figure 10.

The comparison of the computational results of the two models shows that the GRU
network based on the RAdam optimizer has higher computational accuracy in the training
process with the same external parameters. In particular, the maximum computational
error of the RAdam-GRU model is also less than half of the computational result of the
Adam-GRU model when the number of computations lies in the interval of 10,000 to 20,000
(Figure 9). In addition, in the process of predicting the load trough, the RAdam-GRU model
is more flexible enough to respond to the actual load changes, while the Adam-GRU model
has poorer prediction results (Figure 10). All the above computational results demonstrate
the excellent performance of the RAdam optimizer and show the feasibility of choosing the
RAdam optimizer for updating the parameters of the weight matrix of the GRU network in
the paper.

025

020

: 0.05
015 ||

0.10 F[i 000k vl
110,000 \ 20,000
005 || |

0.00

Loss function value

1 1 1 1 1
0 5,000 10,000 15,000 20,000

Number of calculations

Figure 9. The variation curves of the loss function.
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Figure 10. Comparison curves of the two models.

By using the MVO optimization algorithm, it helps us to find the optimal number of
nodes in the hidden layer of the neural network. In this subsection, we set the number of
nodes in the hidden layer in the range of 10~300; based on the MVO algorithm, the number
of populations NP was 50 and the maximum number of iterations was 1000, and finally
the optimal number of nodes was calculated (Figure 11a). The optimal number of hidden
layer nodes per 200 iterations is brought into the GRU model for network training, and it
can be seen from the training results that the GRU model training metric (RMSE) becomes
more stable as the number of MVO iterations increases. In Figure 11b, the maximum and
minimum values of RMSE curves with the number of nodes in the hidden layer of 135 were
used as the bounds, and it can be seen that the other five curves crossed the limits in
the interval from 100 to 200. It indicates that the optimization algorithm is used for the
number of nodes of the hidden layer in the GRU network to find the optimal number of
nodes, which is beneficial for the improvement of the computational performance of the
GRU model.
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Figure 11. (a) Optimal number of hidden layer nodes; (b) Network training process.
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5.2. Selection of Leading Influencing Factors for Load Forecasting

The GRA was performed to calculate the degree of correlation between the historical
load data of the predicted site in January 2021 and the selected influencing factors, and
the thermal diagram of the degree of correlation was drawn (Figure 12). The degree
of correlation between the selected sequence and other sequences could be obtained by
drawing the thermal diagram of the correlation between each influencing factor. The
first column in the figure shows the degree of correlation between the load value and
the selected influencing factors. They had the highest correlation with themselves. The
load characteristic data is presented next. The degree of correlation with temperature
was the lowest, only 0.7813, indicating that the substation load change was less affected
by temperature.

Diffuse horizontal iradiance [0.8873 0.5865 08572 0.8869 0.8077 0.857 0.5762 0.3816 0.8897 0.9494 0.8722 0.9213 10000 - 1.000
Direct normal irradiance |0.8652 08652 0.8663 0.8657 0.8097 0.8462 0.8589 0.8654 0.8983 0.9548 0.8594 1.0000 0.9213
Wind direction [0.9484 0.9494 0.9482 o.sas.n.m 0.9615 0.9399 0.8741 0.8660 1.0000 0.8572 0.5700 | 09526

Horizontal irradiance |0.8816 08810 08525 0.8518 0.8135 0.8549 0.5708 0.8778 0.8909 1.0000 0.8682 0.9548 0.9494

l’[c(lpll.’llml\ 0.8748 0.8747 0.8748 08747 0.8786 0.8741 0.8767 1.0000 0.8909 0.8760 0.8983 0.8897

- 0.9052

Wind speed [0.9530 09530 09532 0.9531 0.9333 0.9558 1.0000 0.8754 0.8763 0.9402 0.8639 0.8802

Atmospheric pressure [0.9697 0.9709 0.9689 0.9700

Humidity [0.9405 09415 0.9394 0.9405
Temperature

Ave load per-hour |0.99s1 0.9970 0.9968 1.0000

0.9599 1.0000 0.9559 0.8729 0.8695 0.9618 0.857S 0.8749

1.0000 0.9594 0.9326 0.8761 0.8518 0.9475 0.8430 0.8566

0.9416 0.9701 0.9534 0.8740 0.8811 0.9494 0.8649 0.8862

- 0.8578

'~ 0.8104
Min load per-hour [0.9942 09941 1.0000 0.9968 0.9405 0.9690 0.9534 0.8741 0.8818 0.9488 0.8655 0.8865
Max load per-hour [0.9946 1.0000 0.9941 0.9970 0.9425 0.9710 0.9533 0.8740 0.8803 0.9500 0.8644 0.8859
Power load value [1.0000 0.9946 0.9942 0.9951 0.9416 0.9698 0.9533 0.8741 0.8809 0.9490 0.8644 0.8867 0.7630
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Figure 12. Heat map of correlation analysis of influencing factors of load forecasting.

The CEEMDAN algorithm was used to decompose the load data of January 2021.
The level of influence of each factor on the load variation component could be obtained
by calculating the degree of correlation between each modal function and the influencing
factors. The calculation results of the degree of correlation and the influencing factors are
presented in Table 2.

Table 2. Calculation of influencing factors and the degree of correlation.

IMF 1 IMF 2 IMF 3 R
Max load per-hour 0.8563 0.8555 0.8539 0.9746
Min load per-hour 0.8556 0.8547 0.8532 0.9619
Ave load per-hour 0.8559 0.8551 0.8536 0.9634
Temperature 0.8483 0.8470 0.8457 0.8603
Humidity 0.8525 0.8535 0.8508 0.9480
Atmospheric pressure 0.8565 0.8569 0.8548 0.9904
Wind speed 0.8425 0.8435 0.8409 0.9452
Precipitation 0.8575 0.8587 0.8563 0.8487
Horizontal irradiance 0.8238 0.8209 0.8224 0.8435
Wind direction 0.8439 0.8443 0.8402 0.9509
Direct normal irradiance 0.8218 0.8203 0.8203 0.8300

Diffuse horizontal irradiance 0.8248 0.8223 0.8235 0.8495
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The degree of correlation varies between different influencing factors and the decom-
posed modal functions (Table 2). The degree of correlation between air temperature and
IMF1-3 was 0.8483, 0.8470, and 0.8457, respectively, indicating that the high-frequency
variation in the load curve was less affected by temperature. However, the degree of
correlation increased with the increase in the modal function frequency. At the same time,
the degree of residual correlation with the trend of the response load curve was about
0.8603, indicating that the load change had a significant correlation with the local long-term
temperature change. The load variation of a place was affected by both the local long-term
temperature and the load fluctuation caused by short-term temperature mutation, which
was consistent with the actual situation and indicated the effectiveness of the calculation of
the degree of correlation.

The calculation results of the degree of correlation of IMF influencing factors are
presented in Table 2. This study selected the main influencing factors of load prediction
with a degree of correlation greater than 0.85 for each modal component to simplify the
subsequent load prediction calculation. The selection of some of the main influencing
factors of IMF is shown in Figure 13.

Diffuse horizontal irradiance | 05248 0.8223 05235 05298 08231 085235 05479 085294 08215 05232 0.5493 08495
Direct normal irradiance | 05218 0.5203 05203 05236 05162 0513 0X375 05253 08204 05227 0532 0500
Wind direction | 05439  0.8443 0.5402 05460 0.8380 08455 05465 08436 0.5428 05318 09403 09509
- 0.9905
Horizontal iradiance | 0.5238 0.8200 08224 05252 0.8229 05229 0845 0837 0.8217 085234 08440 084S
Precipitation | 08578 0.8557 08563 05857 08545 05545 0854 05602 08550 0SS5 08491 08487 Selected
Wind speed | 05425 08435 05409 05405 08054 05419 08566 08439 08481 05371 09416 09482
- 0.8500
Atmospheric pressure | 08565 0.8569 08848 08574 0.8502 08597 08671 08566 0855 05469 09742 09904
Humidity |O8SS 08535 G858 08529 084S OAS2 08484 08472 0844 05403 0949 09480 Un-selected
Temperature | 0.5453 05470 05457 05475 05452 0SSS2 04931 OSSS7 0547 05265 O8S68  0.8603
I~ 0.7095
Aveload per-hour | 08559 0.8SS1 08536 0890 08565 05723 08717 0884 0892 0SS17 09618 .96
Minload per-hour | 08556 0.8547 08532 08586 08566 08723 08726 08584 08592 08516 09605 09619
Max load per-hour | 08563 0.8S55 08539 05592 08563 05720 05708 0S84 08592 08SIS 09729 09746
IMFI IMF2 IMF3 IMF4 DMFS IMF6 IMF7 IMF8 IMF9 IMFI10 IMF11 R

Figure 13. The selection results of the main influencing factors of each IMF.

5.3. Load Prediction and Result Analysis Based on the CEEMDAN-MVO-GRU Algorithm

This study used a three-layer GRU prediction model and the RAdam algorithm as
neural network optimizers. In the GRU model, the aforementioned MVO algorithm was
used to select the optimal super parameters of the modal function prediction model for
different modal functions and the corresponding influencing factors.

In the RAdam-GRU model, the initialized learning rate was set to 0.01 considering
that only the first operation was involved using the RAdam optimizer; furthermore, the
minimum training batch size for the GRU model was set to 20 and the maximum training
batch size was set to 1000. The MVO algorithm was used to select the number of hidden
layer nodes when different modal functions were predicted. In the MVO algorithm, the
population size NP was set to 100, and the maximum iteration number was set to 500. The
convergence curves of the adaptive values for each IMF to predict the hyperparameter
preference are shown in Figure 14, and finally, we obtain the complete architecture of the
algorithm proposed in the paper, and the complete architecture is shown in Table 3.
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0.4400

0.0000

Figure 14. Fitness value convergence curve for each IME.

Table 3. Complete architecture of the proposed model.

IMF1 IMF2 IMF3 IMF4 IMF5 IMFe IMF7 IMF8 IMF9 IMF10 IMF11 R

Number of training data 2880 2880 2880 2880 2880 2880 2880 2880 2880 2880 2880 2880
Number of data to predict 96 96 96 96 96 96 96 96 96 96 96 96
Number of inputs 6 6 6 6 5 6 7 7 5 4 8 8
Number of nodes in hidden layer 50 70 40 100 90 100 80 100 70 80 90 70
Number of outputs 1 1 1 1 1 1 1 1 1 1 1 1

After the number of nodes in the hidden layer of each modal function was obtained,
the parameters were put into the GRU prediction model to predict each modal function.
The prediction results are shown in Figure 15.
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Figure 15. Prediction results of IMF.
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A better fitting effect was achieved by using the prediction method proposed in this
study to fit each modal function (Figure 15). However, when the high-frequency modal
component was fitted, the fitting result could not clearly reflect the high-frequency variation
trend of the actual curve. At the same time, a small abnormal fluctuation was observed in
the fitting results of low-frequency curves. Based on the algorithm proposed in this study,
the final load prediction results of the DG Substation could be obtained by summing up the
prediction results of the aforementioned modal components. At the same time, this study
also used the RNN, LSTM, and GRU algorithms for load prediction to verify the prediction
accuracy of the proposed algorithm. The load prediction results of various algorithms are
shown in Figure 16.

Troe load curve True load curve & CEEMDAN-MIVO-GRU True load curve & RAN
16 | |—— CEEMDAN-MVO-GRU
——RNN A o
~ 15 LST™ ”)..-‘ " Seen
= GRU - IR
| : " s
S ur ~ : L
"ﬁ
S 13k
7z .
3 ‘
=12} 19 o
21|
5
E 10 True load curve & LSTV True losd curve & GRU
2
T:' 9 ol satl”
2 st L o
7F .
i o
6 | » &
5 1 1 1 1 1 1
0 20 40 60 80 100
Times( per 15 minutes )
(a) (b)

Figure 16. (a) Load Forecast Results; (b) Linear regression scatter plot.

The comparison algorithms used in this study exhibited poor fitting accuracy for the
load curve. Among these comparison algorithms, the GRU algorithm had better fitting
accuracy than the RNN and LSTM, but it could not accurately change the trend of the load
curve and exhibited a large fitting error in the load peak-to-peak output (Figure 16a). In
addition, it can be further seen from the linear regression scatter plots that the scatter plots
of the prediction results using the method proposed in the paper for load prediction tend to
be more linear; the scatter plots of the prediction results of the other three control algorithms
all have different degrees of dispersion problems (Figure 16b). The original load curve was
decomposed using the CEEMDAN algorithm and then the load prediction was performed,
which exhibited a higher fitting consistency. Table 4 shows the calculation results of the
evaluation indexes of the calculation accuracy of the four load prediction models.

Table 4. Evaluation index of calculation results.

Evaluation Index

Algorithm
RMSE R MAE MAPE (%) NSE
Proposed model 0.2109 0.9977 0.1734 1.6883 0.9978
RNN 0.7020 0.9813 0.5448 4.8801 0.4563
LSTM 1.0643 0.9593 0.8599 8.3985 —0.1474
GRU 0.5612 0.9887 0.4237 3.9586 0.9899

Among the four algorithms, the LSTM algorithm has the largest Root Mean Square
Error of 1.0643 and the prediction accuracy of the model was only 91.60% (Table 4). The
prediction accuracy of the GRU algorithm and RNN algorithm was significantly improved



Sustainability 2022, 14, 16460 16 of 18

compared with the LSTM algorithm. The RMSE of the GRU algorithm was 0.5612, which
was 47.27% lower than that of the LSTM algorithm. At the same time, the prediction
accuracy of the GRU algorithm was improved to 96.04%. The CEEMDAN algorithm
was used to carry out modal segmentation and predict the high-, medium-, and low-
frequency components of the load curve, which could better perceive the potential change
characteristics of the load curve. The RMSE of fitting could be reduced from 1.0643 of
the LSTM algorithm to 0.2109 using the algorithm proposed in this study, which was a
significant decrease of 80.18%. The similarity of fitting results also increased from 0.9887
to 0.9977, and the prediction accuracy of the model was further improved to 98.31%. It
indicated that the proposed method could effectively mine the potential information in
load forecasting and improve the accuracy of load forecasting.

6. Conclusions

Considering that the short-term load fluctuation is strong and the load prediction
accuracy is not high due to many factors, this study established a short-term load prediction
model based on the CEEMDAN, GRA, MVO, and GRU algorithms.

The CEEMDAN algorithm was used to decompose the original load curve into modal
functions of different frequencies, which could extract the hidden information related
to load fluctuation effectively. The key influencing factors of different frequency modal
functions could be selected to effectively reduce the dimension of the input data of the
prediction model based on the GRA. Finally, the MVO algorithm was used to optimize the
hyperparameters of the GRU model, which could further improve the prediction accuracy
of the model.

The results showed that, compared with the control prediction model, the proposed
prediction model could accurately reflect the load change situation, and had a higher
fitting consistency with the original load curve. The RMSE of fitting decreased from 1.0643
to 0.2109 (80.18%) in the control group. The similarity of fitting results also increased
from 0.9887 to 0.9977. Hence, this study confirms that the proposed algorithm has higher
prediction accuracy. And the operation optimization of grid power, energy storage, and
load can be performed based on this prediction result in the subsequent study.
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