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Abstract: Accurate short-term load forecasting (STLF) plays an essential role in sustainable energy
development. Specifically, energy companies can efficiently plan and manage their generation capac-
ity, lessening resource wastage and promoting the overall efficiency of power resource utilization.
However, existing models cannot accurately capture the nonlinear features of electricity data, leading
to a decline in the forecasting performance. To relieve this issue, this paper designs an innovative load
forecasting method, named Prophet-CEEMDAN-ARBILSTM, which consists of Prophet, Complete
Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN), and the residual
Bidirectional Long Short-Term Memory (BiLSTM) network. Specifically, this paper firstly employs
the Prophet method to learn cyclic and trend features from input data, aiming to discern the influence
of these features on the short-term electricity load. Then, the paper adopts CEEMDAN to decompose
the residual series and yield components with distinct modalities. In the end, this paper designs the
advanced residual BiLSTM (ARBiLSTM) block as the input of the above extracted features to obtain
the forecasting results. By conducting multiple experiments on the New England public dataset,
it demonstrates that the Prophet-CEEMDAN-ARBILSTM method can achieve better performance
compared with the existing Prophet-based ones.

Keywords: short-term load forecasting; Prophet; bidirectional long short-term memory; complete
ensemble empirical mode decomposition with adaptive noise

1. Introduction

Short-term load forecasting (STLF) is a method for predicting consumption in a partic-
ular area [1]. In the power industry, STLF has evolved into a crucial tool. With the growing
use of renewable energy sources, such as hydroelectricity and wind energy, STLF has also
become an important part of modern power grids [2]. Starting from power generation to
distribution, all enterprises require load forecasting. The reason for this is that it helps form
a sensible power generation plan [3,4].

Scholars have been performing research about short-term electricity load forecast-
ing [5]. There are various research models for STLF, including statistical learning models,
machine learning models, and deep learning models [6]. The above models have their own
characteristics, but they also have limitations.

Statistical learning methods primarily utilize historical time series data for load fore-
casting, offering a relatively faster computational speed. Common statistical approaches in-
clude the Autoregressive Integrated Moving Average method (ARIMA) [7] and exponential
smoothing (ES) [8]. ARIMA can fit stable electricity load data. However, it cannot identify
unstable characteristics of electricity loads, limiting its forecasting performance. Elsaraiti
et al. [9] adopted ARIMA to predict the load data for the subsequent day. The simulations
show that ARIMA can predict the change trend of the electricity load. Dittmer et al. [10]
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adopted the ARIMA method to fit the load data of biogas plants. Goudarzi et al. [11]
proposed an ensemble model incorporating ARIMA and support vector regression (SVR)
to capture the relationship between input and output data. This model aims to generate
accurate load-forecasted results for buildings. Jagait et al. [12] proposed an adaptive fore-
casting framework consisting of a Recurrent Neural Network (RNN) and ARIMA. The
above method can learn the features influencing load variations from new data, producing
accurate forecasted results of the electricity load in the presence of concept drift. Wang
et al. [13] adopted the exponential smoothing (ES) method to forecast the electricity load of
universities and improve the efficiency of power utilization.

With the development of machine learning, significant achievements have been made
in the field of STLF [14-18].

The machine learning method has achieved a higher forecasting accuracy in STLF [14-18].
Machine learning models can use historical data to model the relationship between inputs
and outputs [16-19]. Jiang et al. [20] employed a distribution system STLF approach, which
consists of support vector regression (SVR) and a parameter optimization model for accu-
rate STLE. Hybrid optimization involves grid traversal and particle swarm optimization.
The experiment demonstrates that the above hybrid model can produce accurate forecasted
results. Chen et al. [21] adopted weather data as input data for the SVR method to forecast
the load for the two hours before a disaster’s occurrence. The model can improve the oper-
ational performance of smart grids and power companies, ensuring the stable operation
of the smart grid. Li et al. [22] adopted the Ensemble Empirical Mode Decomposition
(EMD) algorithm to decompose the input series into distinct components. The multivariate
linear regression method was used to predict the low-frequency components, while a Long
Short-Term Memory (LSTM) network predicted the high-frequency components. The final
forecast was obtained by integrating these components. Lu et al. [23] employed Empirical
Mode Decomposition (EMD) to decompose the input series into different frequency com-
ponents, followed by Extreme Gradient Boosting to forecast building loads. Liu et al. [24]
developed a hybrid method combining Random Forest (RF), an enhanced Sparrow Search
Algorithm, and LSTM. RF was used to reduce input data dimensionality, and the improved
Sparrow Search Algorithm optimized model parameters to ensure precise forecasting,
predictive performance, and generalization ability.

Compared with common machine learning methods, deep neural networks have the
capability to enhance the forecasting performance by learning the essential information
from electricity load data through multiple layers [25-28]. Ljaz et al. [29] designed a
forecasting model which consists of Artificial Neural Network (ANN) layers and Long
Short-Term Memory (LSTM). Initially, the model employs an ANN layer with 11 neurons
to capture the trends of the electricity load data. Subsequently, the above information is
applied as the input data for the LSTM to obtain the forecasted results. Shakeel et al. [30]
proposed the STLF model consisting of LightGBM and FB-Prophet. The model incorporates
a location encoding layer into the FB-Prophet method, capturing the nonlinear components.
Subsequently, the grid search approach is employed to tune the parameters of the Light GBM
model, enhancing the forecasting performance. Chen et al. [31] used the Prophet algorithm
to extract the trend information of the electricity load series. Subsequently, the LSTM
method was utilized to extract the temporal features for forecasting the peak power of the
distribution network. The experiments demonstrated that the forecasting performance
of the Prophet-LSTM method surpassed that of the Prophet and LSTM methods. Son
et al. [32] adopted the Prophet model to decompose the electricity load into periodic and
trend components. Then, the Gated Recurrent Unit (GRU) method was employed to learn
the nonlinear relationship between the input data and forecasted result. Lu et al. [33] used
the Prophet method to extract periodic and trend components from electricity load data.
They then applied Ensemble Empirical Mode Decomposition (EEMD) to extract specific
modal components from the residuals. Finally, an LSTM network was used to learn the
temporal features of these components, yielding the final output. Deep Neural Networks
(DNNSs) improve in forecasting performance with increased depth; however, beyond a
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certain point, they often suffer from overfitting, which limits their forecasting ability [34].
Residual learning can mitigate this issue by using shortcut connections to enhance the
DNN framework, facilitating effective training. Lu et al. [34] developed an innovative
residual learning approach that integrates Bidirectional Long Short-Term Memory (BiLSTM)
networks with fully connected layers to improve forecasting performance. Li et al. [35]
adopted the CEEMDAN method to decompose input data into different components. They
used sample entropy (SE) to reconstruct these components into two sequences, capturing
trend characteristics and nonlinear fluctuations. These sequences were then fed into an
LSTM network to produce the final output.

In summary, scholars have conducted numerous studies about electricity load fore-
casting, and the statistical learning-based method can effectively fit the stable load data.
Statistical learning-based methods effectively fit stable load data but struggle with non-
linear load data. Machine learning methods can handle nonlinear load data, enhancing
forecasting performance, yet they cannot predict complex load variation trends. While
individual deep learning methods can alleviate these above issues, they often exhibit poor
accuracy in long-term forecasts. Additionally, most studies focus on modeling factors
influencing electricity load changes, neglecting the intrinsic value of electricity data, which
hinders model performance.

This paper proposes a forecasting model that integrates the Prophet method, Complete
Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN), and an
advanced residual Bidirectional Long Short-Term Memory (ARBiLSTM) block. The Prophet
method extracts periodic and trend components from the electricity load series. The
CEEMDAN method is utilized to decompose unstable residual component into multiple
stable components, identifying uncertain characteristics of the load series. Subsequently,
the model designs an advanced residual BiLSTM (ARBiLSTM) block to learn the temporal
features of the different components and generate the forecasting results for the following
day. The primary contributions of this paper are outlined as follows:

1. The paper proposes the forecasting model based on Prophet-CEEMDAN-ARBILSTM.
The model can decompose the original electricity load series into different compo-
nents without considering the external factors affecting the change in the load data.
Then, these components are used as inputs of the ARBiLSTM block to generate the
final output.

2. The paper proposes an advanced residual BiILSTM (ARBiLSTM) block achieved by
restructuring the BILSTM layer into a dense connected structure. The ARBILSTM
block effectively enhances the forecasting ability of the method and relieves the
gradient vanishing.

3. The effectiveness of the proposed method is verified using real data, and the exper-
iments show that the Prophet-CEEMDAN-ARBILSTM yields higher accuracy than
existing models.

The remainder of this paper is organized as follows. Section 2 presents the Prophet-
CEEMDAN-ARBILSTM model. Section 3 details the training process of the proposed
model and provides the comparative results with existing models. Section 4 concludes the
research of this paper.

2. Method
2.1. Proposed Ensemble Model

Electricity load data often display complexity and randomness, requiring effective
utilization for accurate forecasting. It is necessary to leverage electricity load data for accu-
rate electricity load forecasting. Therefore, this paper proposes the Prophet-CEEMDAN-
ARBiLSTM model for electricity load forecasting, as illustrated in Figure 1. The model first
employs the Prophet approach to decompose the electricity load sequence, yielding the
trend components, periodic components, and residual terms, effectively addressing the
impact of excessive data fluctuations. Subsequently, the CEEMDAN algorithm is employed
to further decompose the residual data, generating multiple Intrinsic Mode Functions
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(IMFs) and a final residue. This method enhances the performance to recognize the detailed
information, thereby improving the sensitivity to intricate information. Simultaneously,
this paper proposes a novel ARBiLSTM block designed with Batch Normalization (BN),
BiLSTM, PReLU activation layer, and residual structure. The ARBiLSTM block takes the
feature information from the previous 24 h as input data and predicts the electricity load of
the following day.
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Figure 1. The proposed forecast method, including Prophet, CEEMDAN, and ARBiLSTM block.

2.2. Prophet

The Prophet forecasting method is an advanced time series method based on tra-
ditional decomposition technology, consisting of the trend term, seasonality term, and
holiday term. The approximation is expressed below.

y(t) = g(t) +s(t) +h(t) + e, ©)

where g(t) is the trend term, s(t) is the seasonality term, and /(f) is the impact of holidays
on data behavior. ¢; represents the error that the Prophet does not consider.

The Prophet method comprises two types of trend methods: the nonlinear saturating
growth method and the piecewise linear method. The linear growth method is adopted,
and it is expressed as:

o(t) = (k+ a(t)TzS)t(n + a(t)T'y), @)

where k denotes the growth rate, n denotes the offset variable, § denotes the growth
rate correction vector, 7y denotes the changepoint correction vector, and a(t) denotes the
correction parameter vector.

The electricity load series usually comprise different types of seasonal features. Choos-
ing Fourier series to approximate periodicity, the seasonal model can be mathematically
expressed. The Prophet uses the Fourier series to approximate the periodicity of the load
series. The calculation formula of the seasonal model is as follows:

s(t) = ZnN:1 (ancos<27;nt> + bnsin<27lr)nt)), 3)

where P represents the seasonal period, the value of yearly seasonality P is 365, and the
value of weekly seasonality P is 7.
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2.3. CEEMDAN

Both EMD and EEMD typically incur significant computational costs. To address this
issue, Huang et al. [35] introduced the Complete Ensemble Empirical Mode Decomposition
with Adaptive Noise (CEEMDAN) method, which mitigates these computational challenges
and enhances the completeness of the resulting sequences. The steps of CEEMDAN are
as follows:

1. Incorporate the finite number of the adaptive Gaussian white noise n;(f) to improve
the original sequence x(t), and it is expressed as:

Xi(t) = x(t) + wo-n(t), 4)

where X;(t) denotes the sequence data resulting from the i-th addition of Gaussian
white noise, and wy denotes the noise coefficient.

2. Perform EMD decomposition on X;(t) with mean values for the first Intrinsic Mode
Function (IMF) component ¢;1(¢), and it is expressed as:

1 M
IMFy = -} 07 cir, )

where c;; denotes the first IMF resulting from the ith addition of Gaussian white noise
decomposition, and M denotes the total amount of the noise additions.

Afterwards, CEEMDAN subtracts IMF; from the input data x(¢) to obtain the first
residual sequence in the following:

rn = X(t) — IMFl, (6)

3.  Continue the EMD decomposition for rq () + wj E1[n;(f)] to obtain the second IMF
component, and it is expressed as:

IME = Y, Eafra (1) + wnEa (1)}, 7)

where Ej(.) represents the jth IMF component.
4. Tterate the following steps to acquire the remaining IMF components, as follows:

{ 1 (t) ;kal(f) — IMF ®)
IMFii1 = 33 Eitq Er{re(t) + weEx[ni(1)]} 7
where k represents the overall quantity of IMF components.
The final residual sequence is expressed as:
res = x(t) — Zi;l IMF,;. 9)

2.4. Advanced Residual BiLSTM Block

The paper adopts an advanced residual BILSTM (ARBiLSTM) block to capture tem-
poral information influencing load variations from features extracted by Prophet and
CEEMDAN. The ARBiLSTM block integrates batch normalization, a BILSTM layer, and
PReLU activation, as presented in Figure 2. The ARBiLSTM block can enhance its approx-
imation capabilities by replacing ReLU with PReLU. In addition, the ARBiLSTM block
adopts the shortcut connections, which can alleviate the degradation of the model and
make the ARBiLSTM block surpass traditional BiILSTM-based methods. The following
section will detail the theory of BILSTM and further explain the residual structure and
PReLU activation.
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Figure 2. Advanced residual BiILSTM (ARBiLSTM): BN, batch normalization; BiLSTM, Bidirectional
Long Short-Term Memory layer.

In contrast to LSTM, the BILSTM method facilitates bidirectional data flow, featuring
two distinct hidden layers that connect to the inputs and outputs [1]. One hidden layer in
BiLSTM comprises a forward LSTM, which transfers data from the input load series to the
output load series. Simultaneously, a backward LSTM transfers future information from the
output load series to the input load series. This process extracts long-term dependencies
and enhances forecasting performance [1]. The hidden state of Bi-LSTM at time t includes

the forward h{ and the backward K. In addition, H; represents the ultimate hidden output
of the BiLSTM layer, derived from the amalgamation of the forward and backward outputs.

The updating formulas for h{ , hlt’ ,and H; are as follows.

hf = LSTMS (hy_y, x1,¢0_1),t € [1, T], (10)
W = LSTMY (hy_q, x¢,¢—1),t € [1,T], (11)
H; = [h{ ,hﬂ. (12)

The design of the residual architecture effectively mitigates a notable challenge in deep
learning methods known as the degradation problem. This issue arises when increasing
network depth fails to improve forecasting performance beyond a certain threshold. The
introduction of “shortcut connections” allows the model to skip certain layers without
adding parameters or computational complexity. When network degradation occurs, the
model not only preserves performance equivalent to shallower depths but also effectively
mitigates degradation.

PReLU function serves as an enhanced activation layer. Compared with the widely
adopted ReLU, PReLU enhances the approximation capabilities of the methods and further
relieves model degradation. The formulation of ReLU fy is defined as:

y = fr(x) = max(0,x), (13)

where x and y represent the inputs and outputs, respectively. Nevertheless, due to the risk
of neuron deactivation, ReLU may be vulnerable, potentially resulting in non-updatable
gradient states and exacerbating degradation. Thus, the PreLU is designed to address the
above issue. The formula for PReLU fg is defined as:

yi = fer(x;) = max(0,x;) + B;min(0, x;), (14)
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where x; and y; represent the inputs and outputs, respectively. ; is the trainable parameter
between 0 and 1, co-updated with other layers, contributing to the convergence of the
loss function.

Compared with ReLU, PReLU incorporates non-zero slopes on the negative axis,
mitigating the risk of neuron inactivation and concurrently improving the generalization
ability. Moreover, PreLU incorporates a negligible number of parameters in the method,
serving as a preventive measure against overfitting issues.

In summary, the application of PReLU within the shortcut connection can boost the
learning ability of the ARBiLSTM block. In addition, the introduction of a residual structure
effectively alleviates model degradation. By replacing ReLU with PReLU, the ARBiLSTM
block integrates an activation layer that enhances the model’s generalization ability.

3. Experiment Results and Analysis
3.1. Data
3.1.1. Data Collection

The paper employs real data from the New England region to evaluate the general-
ization ability of the methods. During the data collection process, the sensor records the
hourly data points. The dataset contains the hourly data for 4324 days from 2003 to 2014,
and the total number size is 103,776. The paper adopts the hourly data from March 2003 to
December 2005 as the training set, while the test set consists of data from the next year.

3.1.2. Data Decomposition

This paper adopts the Prophet algorithm to extract trend features, which illustrates
the periodic variation trend in the trend features of electricity load data, as depicted in
Figure 3. Simultaneously, the daily and weekly cycle features, along with residuals, are
extracted from the electricity load data, as shown in Figures 4 and 5. Specifically, Figure 4
presents the localized view of the daily cycle feature, providing the clearer depiction of the
24 h periodic variation. Figure 5 presents the localized view of the weekly cycle feature,
highlighting the 24 x 7 h periodic variation. The residuals are obtained after extracting
the trend and cycle information. The result of the CEEMDAN decomposition is shown in
Figure 6, presenting the decomposition of the residuals into 14 Intrinsic Mode Functions
(IMFs).

16,000
15,500
&=
H
£
2
o 15,000 A
=
14,500 -
14,000
T T T T T T v
0 10,000 20,000 30,000 40,000 50,000 60,000
Time/h

Figure 3. Trend feature data.
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3.1.3. Input Matrix

The electricity load data are not only influenced by the current state but also by the
preceding moments. Consequently, this paper utilizes a sliding window to construct a data
matrix as input for the forecasting model. The calculation process is outlined as follows:

1 2 n
x% x% e
n
x2 xz oo xz
X =
x}n x72n .« o e x%
i
Y2
Y=|.
Ym
1 2
X1 X
%
(Yes1 Yiv2, - y2t) = f .
Xy X
3 X%
¥y
(Y42, Y143, Y2p41) = f
1 2
X1 X

(15)
(16)
xq
xn
2 (17)
X,
x5
x'rl
2 (18)
Xt

where xj' denotes the feature values, which are derived from the decomposition of electricity
load data. n denotes the number of features for each data point, and m denotes the total
number of data points. y; stands for the actual electricity load data, ¢ represents the sliding
window length, f denotes the forecasting method, and (y, Y2 yzt) represents the
forecasting value. The forecasting process is illustrated in Figure 7.

Input feature ~ Output
xl x2 x3 - el §
s N\
2 e e e
t o 00
t+1 \ ® o0 )
O\
t+2 o0 o0
2t e oo
2t+1 v
e’

Figure 7. Sliding window to produce the input-output matrix.
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3.1.4. Model Settings

This paper uses the mean absolute error (MAE), mean absolute percentage error
(MAPE) and root mean square error (RMSE) for performance comparison.

1| .
MAE = —| Y vi— 9|, (19)
N i=1
1Y Vi—?z’J
MAPE = — , 20
Ni=21 v (20)
1Y .
RMSE = | =Y vi — s, (21)
Ni:l

where 7j; is the forecasted load value, y; is the actual load value, and N is the number
of samples.

3.1.5. Model Settings

The paper compares three models including LSTM, Prophet-LSTM, and Prophet-
EEMD-LSTM, validating the performance of the Prophet-CEEMDAN-ARBILSTM. The
parameters of these models are summarized as follows:

(1) Prophet-GRU [32]: The model first employs the Prophet approach to decompose the
input series, yielding the trend components, periodic components, and residual terms.
Then, GRU is used to learn the temporal information of the above components to
obtain the final output. The unit size of GRU is 32. The dropout rate is set as 0.1, and
the learning rate is 0.001 in this paper.

(2) Prophet-LSTM [33]: Different from the Prophet-GRU, LSTM is used to capture the
long- and short-term dependencies from input data. The unit size of LSTM is 32 in
this paper. For dropout, the dropout rate is set as 0.1. The learning rate is 0.001.

(3) Prophet-EEMD-LSTM [33]: Different from above method, the Prophet-EEMD-LSTM
adopts the EEMD to decompose the residual data, producing the multiple Intrinsic
Mode Functions (IMFs) and the final residue. Then, the above components are used
as the input of the LSTM to produce the final output. The unit size of LSTM is 16. For
dropout, the dropout rate is set as 0.1. The learning rate is 0.001.

(4) Prophet-CEEMDAN-ARBiLSTM: Different from the Prophet-EEMD-LSTM, the CEEM-
DAN method promotes the performance of the model to recognize the complex sig-
nals, thereby improving the sensitivity to the intricate information. In addition, the
designed ARBILSTM can help the model learn the temporal features influencing the
variation in the load sequence and produce more accurate forecasting results. The
unit size of BILSTM in the ARBiLSTM block is 16. For dropout, the dropout rate is set
as 0.1. The learning rate is 0.001.

3.2. Effectiveness Evaluation of Proposed Method

The forecasting accuracy of the whole proposed method is compared with the pro-
posed method removing CEEMDAN (Prophet-ARBiLSTM), the proposed method remov-
ing Prophet (CEEMDAN-ARBILSTM), and the proposed method removing ARBILSTM
(Prophet-CEEMDAN-Dense), validating the effectiveness of the Prophet-CEEMDAN-
ARBILSTM model. Figure 8 illustrates the training losses of these methods. Compared to
Prophet-ARBILSTM, CEEMDAN-ARBiILSTM, and Prophet-CEEMDAN-Dense, the Prophet-
CEEMDAN-ARBIiLSTM model demonstrates a significant reduction in training loss. It
indicates that the forecasted model incorporating Prophet, CEEMDAN, and ARBiLSTM
indeed enhances forecasting performance significantly.
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Figure 8. The losses of the Prophet-ARBiLSTM, the CEEMDAN-ARBILSTM, the Prophet-CEEMDAN-
Dense, and the Prophet-CEEMDAN-ARBILSTM.

This study further compares the next 24 h forecasting value of different modules in
Prophet-CEEMDAN-ARBILSTM on the test set, as presented in Table 1. Comparing the
data from rows 1 and 4, it is evident that the ARBiLSTM block significantly contributes
to the forecasting performance. The MAPE, MAE, and RMSE exhibit reductions of 3.83%,
578.11, and 760.82, respectively. The enhanced performance can be attributed to the residual
connections and BiLSTM. Through these connections, temporal information is directly
propagated to the subsequent BiLSTM layer, enabling the extraction of temporal features
from adjacent and preceding layers, thereby promoting performance. Moreover, comparing
the data from rows 3 and 4, it is apparent that the Prophet algorithm demonstrates notable
performance in reducing forecasting errors, with MAPE, MAE, and RMSE decreasing by
0.71%, 112.35, and 143.57, respectively. It indicates that the Prophet algorithm can learn
the periodic and trend information, thereby enhancing the model generalization ability.
Finally, the comparison of rows 2 and 4 demonstrates that the utilization of the CEEMDAN
algorithm can result in the reduction in the forecasting errors, with MAPE, MAE, and
RMSE decreasing by 1.34%, 216.28, and 324.93, respectively.

Table 1. Effectiveness validation of the modules on the test set.

Method MAPE (%) MAE (Mwh) RMSE (Mwh)
Prophet-CEEMDAN-Dense 5.49 812.68 1091.77
Prophet-ARBILSTM 3.00 450.85 655.88
CEEMDAN-ARBILSTM 2.37 346.92 474.52
Prophet-CEEMDAN-ARBIiLSTM 1.66 234.57 330.95

3.3. Comparison with Other Existing Models

The paper compares the forecasting values with the existing methods, validating the
forecasting accuracy of the models. Simultaneously, the sliding window t is set to 24 for
predicting the load of the next 24 h, and the resulting curve of the models is depicted in
Figure 9. It can be observed from Figure 9 that the MAE values of ARIMA and ETS are
higher than other benchmark models at most time points. This shows that the above models
can only capture the overall trend of load change in one day, and they cannot identify the
fine change in load series.



Future Internet 2024, 16, 192

12 of 16

Proposed Model
Prophet EMD LSTM

—_—
1400 A —
—e— Prophet GRU
—e— Prophet LSTM
1200 1 —— ARIMA
—e— ETS
1000 - N——
-
=
<
g 800 A

600
oo | M\
200 - \_/\w/m—\ﬁ/

0 5 10 15 20
Time/h

Figure 9. Forecast error comparison of the methods in one year.

The MAE values of Prophet-LSTM and Prophet-GRU are close at most time points.
It demonstrates that the Prophet-LSTM can effectively leverage the historical electricity
load data to forecast future load values, yielding an accurate forecasted result. However,
the LSTM method cannot accurately fit the volatile load data, leading to the reduction in
the forecasting accuracy. The Prophet-GRU can enhance the performance of the electricity
load. Nevertheless, it struggles to precisely capture the random features of the load data,
limiting the forecasting performance. The Prophet-EEMD-LSTM model employs EEMD
to mitigate uncertainty in electricity load data, but there is room for improvement in
extracting random load features. It can be observed from Figure 9 that the MAE values of
Prophet-CEEMDAN-ARBiIiLSTM are lower than those of Prophet-EEMD-LSTM at most time
points. It shows that the Prophet-CEEMDAN-ARBIiLSTM adopts the CEEMDAN method to
decompose the uncertain input data, effectively forecasting the uncertain changing trends.
Moreover, the ARBILSTM block extracts temporal features influencing load variations
from the input series. Consequently, Prophet-CEEMDAN-ARBiIiLSTM produces accurate
forecasting results.

The proposed method is compared with Prophet-LSTM, Prophet-GRU, and Prophet-
EEMD-LSTM to validate the performance of Prophet-CEEMDAN-ARBILSTM, as presented
in Table 2. It can be seen that the most superior accuracy is found with the Prophet-
CEEMDAN-ARBIiLSTM model. Compared to Prophet-EEMD-LSTM, the performance
metrics show a reduction of 0.26% in MAPE, a decrease of 48.94 in MAE, and a decrease
of 79.76 in RMSE. Compared to Prophet-LSTM, the reductions are 1.61% in MAPE, 258.45
in MAE, and 375.58 in RMSE. Compared to Prophet-GRU, the reductions are 1.57% in
MAPE, 254.23 in MAE, and 370.6 in RMSE. These results indicate that Prophet-CEEMDAN-
ARBILSTM effectively leverages the strengths of Prophet, CEEMDAN, and ARBiLSTM,
thereby promoting generalization ability.

Table 2. Performance comparison of the different methods.

Method MAPE (%) MAE (Mwh) RMSE (Mwh)
ARIMA 7.73 1138.59 1364.69
ETS 547 814.56 1095.98
Prophet-LSTM 3.27 493.02 706.53
Prophet-GRU 3.23 488.8 701.55
Prophet-EEMD-LSTM 1.92 283.51 410.71

Prophet-CEEMDAN-ARBIiLSTM 1.66 234.57 330.95
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Figure 10 illustrates the MAE comparison for the models across different seasons.
It can be observed from Figure 10a that each model possesses a large MAE from 5 a.m.
to 7 a.m. However, the MAE values of the proposed method and Prophet-EEMD-LSTM
are significantly lower than those of other benchmark models. Figure 10b shows that the
benchmark models have a large MAE from 12 a.m. to 3 p.m., indicating that they struggle
to accurately forecast the minimum electricity load. In contrast, Prophet-CEEMDAN-
ARBILSTM demonstrates lower MAE values during this period. The reason is that the
Prophet and CEEMDAM method effectively decomposes the components that capture
the load variation. Additionally, the ARBiLSTM can learn temporal features affecting
changes in load data. Figure 10c shows that Prophet-LSTM and Prophet-GRU exhibit
significant MAE from 11 a.m. to 5 p.m. The reason is that the features extracted by
Prophet cannot accurately learn the change trend of the electricity load. Compared with
these models, the proposed model and Prophet-EEMD-LSTM can produce more accurate
forecast results. Figure 10d demonstrates that Prophet-GRU produces a large forecasting
error at 3 p.m., indicating the challenge in forecasting the maximum load. In summary,
Prophet-CEEMDAN-ARBILSTM achieves a low MAE. It indicates that Prophet-CEEMDAN-
ARBILSTM can effectively forecast the electricity load data of different seasons. Figure 11
shows that the proposed method effectively fits actual electricity load data on the weekdays
and weekends. These experiments show that Prophet-CEEMDAN-ARBiLSTM outperforms
other models during various time periods, highlighting its high generalization capability.

1600

—— Proposed Model 1600 —s— Proposed Model
—— Prophet EMD LSTM —— Prophet EMD LSTM
1400 —— Prophet GRU —e— Prophet GRU

—— Prophet LSTM 1400 —— Prophet LSTM

=+ ARIMA —=— ARIMA

1200 ——ETS 1200 —— ETS

1000 1000

MAE/Mwh
MAE/Mwh

800 800

400 400

200 200
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(a) (b)

—— Proposed Model 1600
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—e— Prophet EMD LSTM
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—— ARIMA
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Figure 10. Forecast error comparison of the methods in different seasons. (a) Spring. (b) Summer.
(c) Autumn. (d) Winter.
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Figure 11. Forecast results comparison of the methods on weekday and weekend. (a) Weekday.
(b) Weekend.
4. Conclusions
The paper proposes a novel load forecasting model, Prophet-CEEMDAN-ARBILSTM,
for predicting the load of the next day. The ARBiLSTM block enhances forecasting accuracy
and mitigates the gradient vanishing issue. Additionally, this paper tests the generalization
ability of different models on the New England dataset.
The results indicate that Prophet-CEEMDAN-ARBILSTM combines the strengths of
Prophet, CEEMDAN, and BiLSTM. Moreover, it outperforms existing models in forecasting
performance across different time periods. However, this paper only considers a single
forecasting factor, limiting the model’s generalization ability. Future research should incor-
porate additional information such as temperature, humidity, and calendar information to
enhance forecasting ability.
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