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Abstract: Short-term electricity load forecasting provides a basis for day-ahead energy scheduling.
To improve the accuracy of short-term electricity load forecasts and deeply explore the temporal
characteristics of load sequences, a method is proposed to extract predictable components of load se-
quences based on the secretary bird optimization algorithm (SBOA)-optimized successive variational
mode decomposition (SVMD). This method decomposes the electricity load sequence into multiple
subsequences under different time series. The combined forecasting architecture of the temporal
convolutional network (TCN) and the bidirectional long short-term memory network (BiLSTM) is
introduced to mine the temporal characteristics of each load component, resulting in short-term load
forecasting outcomes. A case study is conducted using the annual electricity load data for the year
2018 from a specific region in Belgium. The experimental results show that the mean absolute error
(MAE) of the TCN–BiLSTM model is reduced by 47.8%, 32.8%, and 11.5%, respectively, compared to
other models. The root mean square error (RMSE) is reduced by 42.9%, 39.2%, and 11.3%, respectively,
and the average goodness of fit R2 is reduced by 9.81%.

Keywords: secretary bird optimization algorithm; temporal convolutional network; temporal feature
extraction; short-term load forecasting

1. Introduction

Short-term electricity load forecasting refers to predicting the power demand for
the coming days [1,2]. With the rapid economic development in our country, electricity
demand has surged dramatically, and the distribution network, directly interfacing with
users, faces integration challenges from new elements such as distributed renewable energy
and electric vehicles. These changes have significantly altered the load characteristics of
the distribution system, presenting substantial challenges to the safe and efficient operation
of the power system. Accurate short-term load forecasting enables power departments to
effectively formulate supply plans, optimize scheduling, and arrange electricity trading,
thus ensuring a system balance and stability [3,4]. Therefore, there is an urgent need for
more effective methods to analyze and predict the behavioral characteristics of the new
distribution system.

Due to the influences of seasonal changes, day–night alternation, and social activity
patterns, the characteristics of electricity load at different times vary significantly, showing
multiple periodicities and random fluctuations over time [5]. Current short-term load fore-
casting methods mainly include traditional mathematical statistical methods and modern
machine learning methods. Traditional methods include time series methods [6], multiple
linear regression [7], and exponential smoothing [8]. These methods have simple modeling,
fast computation, and a solid theoretical foundation, making them suitable for processing
relatively stable data with obvious periodicity. However, they often fall short in terms
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of accuracy when handling real-time, dynamically changing data due to complex inter-
nal nonlinear relationships. Modern machine learning methods, such as support vector
machines [9], random forests [10], extreme learning machine [11], traditional artificial neu-
ral networks [12], and deep learning neural networks [13], can handle complex nonlinear
relationships and generally offer high prediction accuracy and strong feature extraction
capabilities, especially suitable for big data and dynamically changing data. However, sup-
port vector machines, random forests, extreme learning machines, and traditional artificial
neural networks struggle to capture long-term dependencies and intrinsic sequences in
time series data, weakening the continuity of load sequences over time.

Traditional forecasting methods have significant shortcomings in handling complex
nonlinear relationships and long-term dependencies, failing to meet the needs of modern
power systems. In recent years, deep learning neural networks have become a research
hotspot in load forecasting due to their powerful data processing and feature extraction
capabilities. Convolutional neural networks (CNNs) [14] can capture local patterns well
through convolution and pooling operations but have limitations in dealing with long-term
dependencies. Recurrent neural networks (RNNs) [15], like typical deep learning models,
effectively capture time dependencies in time series data. However, RNNs tend to suffer
from gradient vanishing and exploding problems when handling long time sequences.
To address this issue, the long short-term memory network (LSTM) [16] was introduced.
By incorporating input, forget, and output gates, LSTMs effectively mitigate gradient
problems and significantly improve the ability to capture long-term dependencies. LSTMs
can remember and forget information, thus better handling complex time series data. Al-
though the LSTM performs well in many applications, its complex structure leads to longer
training times. The gated recurrent unit (GRU) [17] neural network merges some gating
mechanisms, reducing the number of parameters and improving computational efficiency.
However, its simpler structure weakens the ability to capture dependencies among loads.
The literature [18,19] suggests that bidirectional long short-term memory network (BiL-
STMs) can more comprehensively capture time dependencies and complex features through
the bidirectional processing of sequence data, improving prediction accuracy and stability.
However, BiLSTMs can incur significant computational and storage overhead when pro-
cessing very long sequences, potentially leading to redundant information processing and
unnecessary complexity. The temporal convolutional network (TCN), as an emerging deep
learning model, has gradually started to gain attention. The literature [20] suggests that
TCNs, through their causal convolution and dilated convolution structures, can effectively
capture long-term dependencies in time series data. By employing convolutional opera-
tions instead of recursive ones, TCNs overcome the gradient vanishing problem associated
with handling long sequences. However, since convolutional operations primarily focus on
local patterns, TCNs may exhibit limitations in capturing global contextual information.

To better explore and capture complex temporal features in load data, sequence
decomposition techniques like empirical mode decomposition (EMD) [21] and variational
mode decomposition (VMD) [22] have been introduced in recent years. EMD, a data-
driven decomposition method, can decompose complex time series into several intrinsic
mode functions (IMFs). VMD, an improvement upon EMD, decomposes signals into
a set of sub-signals with finite bandwidth through a variational framework, enhancing
decomposition robustness and stability. The literature [23] has found that VMD excels in
noise suppression and mode mixing reduction, but its parameter selection is complex and
requires repeated tuning for optimal decomposition results. Some research has utilized
the advantage of CNNs in capturing local features to establish CNN–RNN combined
forecasting models. The literature [24,25] uses CNNs to extract local features and RNNs to
capture temporal dependencies, thus improving prediction accuracy. However, excessive
convolution operations can reduce model efficiency in handling long-term dependencies,
significantly increasing computational complexity and training time.

Despite the advancements made by modern load forecasting methods in handling non-
linear relationships, challenges remain in capturing temporal continuity. The literature [26]
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suggests that while deep learning methods perform well in many applications, their com-
plex model architectures still limit their comprehensive utilization of temporal information,
particularly in effectively capturing the inherent multiple periodicities and stochastic fluc-
tuations of the data. The literature [27] further points out that the long-term dependencies
and evolving trends in load sequences are crucial for the stable operation of power systems.
Therefore, how to more effectively capture and utilize the temporal continuity in load data
remains a key focus and challenge in current research.

Addressing the issue of weakened temporal continuity in electricity load, this pa-
per proposes a short-term electricity load forecasting method based on SBOA-optimized
SVMD and TCN–BiLSTM, integrating deeply mined load temporal features into the
forecasting model.

The contributions of this paper are as follows:

(1) A load sequence decomposition method based on SBOA-optimized SVMD is proposed
to obtain more predictable load components while avoiding mode mixing;

(2) A load multi-component sequence forecasting method based on TCN temporal feature
extraction and BiLSTM is introduced to extract temporal features of load sequences.

2. Electricity Load Decomposition
2.1. Successive Variational Mode Decomposition

VMD is a signal processing technique driven by data, which decomposes the original
load data into K mode decomposition functions, achieving a multi-scale analysis of the
original load data. When decomposing the original data, setting a large number of decom-
positions can lead to over-decomposition, while setting too few can result in high residual
error Res. To address this issue, successive variational mode decomposition (SVMD) has
been proposed. SVMD applies VMD multiple times, gradually removing the extracted
mode components in each iteration, without the need to preset the value of K [28]. Com-
pared to VMD, SVMD significantly reduces computational complexity and better captures
the complex fluctuation characteristics in the electricity load. The method is as follows:

Assuming the original input signal f (t) is decomposed into:

f (t) = µL(t) + fr(t) (1)

In the equation, µL(t) is the L-th order mode; fr(t) is the residual signal, where fr(t)

includes the total processed modes
L−1
∑

i=1
ui(t) and the unprocessed part fu(t).

In order to fulfill the aforementioned hypothesis, it is necessary to satisfy the
following conditions:

(1) To ensure that each mode is compact around its center frequency, thereby avoiding
over-decomposition and noise interference, the L-th order mode minimization constraint is
constructed as follows:

J1 =

∥∥∥∥∂t

[
δ(t) +

j
πt

∗ µk(t)
]

e−jωLt
∥∥∥∥2

2
(2)

In the equation, ωL represents the center frequency of the L-th order mode, ∗ represents
the convolution operation.

(2) The spectral overlap between the residual signal and the L-th order mode should
be minimized. To satisfy this constraint, an appropriate filter β̂L(ω) with the following
frequency response should be selected:

β̂L(ω) =
1

α(ω − ωL)
2 (3)

In the equation, α is the bandwidth adjustment parameter of the modal function.
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Based on the selected filter, the constraint can be constructed as follows:

J2 = ∥βL(ω)× fr(t)∥2
2 (4)

(3) To effectively distinguish between the L-th order mode and the L − 1-th order
mode, based on the J2 constraint, an appropriate filter β̂i(ω) with the following frequency
response should be selected:

β̂i(ω) =
1

α(ω − ωi)
2 , i = 1, 2, · · · , L − 1 (5)

Based on the selected filter, the constraint is constructed as follows:

J3 =
L−1

∑
i=1

∥βi(ω)× µL(t)∥2
2 (6)

(4) To ensure that the signal can be fully reconstructed, the following constraint is
constructed:

f (t) = µL(t) + fu(t) +
L−1

∑
i=1

ui(t) (7)

Therefore, the extraction of mode components can be simplified to the minimization
problem of the above constraints:

min{η J1 + J2 + J3}
s.t. uL(t) + fr(t) = f (t)

(8)

In the equation, η is the parameter that balances J1, J2, J3.
The SVMD decomposition process is illustrated in Figure 1:
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The SVMD process is illustrated in Figure 1. Initially, the parameters of SVMD are
set and initialized. Using these initialized parameters, the original data is decomposed
to extract the global characteristics of the signal and to compute the center frequencies of
each mode. Subsequently, these modal center frequencies are evaluated to determine if
they are below a predefined intrinsic mode component. If the evaluation result is “yes”,
the extracted IMFs are summed to reconstruct the signal. If the result is “no”, the process
returns to the first step, where parameters are reinitialized, and data decomposition is
performed again until the specified conditions are met.

2.2. Secretary Bird Optimization Algorithm

When performing SVMD decomposition, it is necessary to determine the parameters.
Parameters with a minor impact on the decomposition are set to empirical values, while
the mode compactness coefficient (maxAlpha) significantly influences the compactness and
fidelity of the modes, thus having a major impact on the decomposition. To ensure that
the SVMD algorithm can decompose clear characteristic information, this paper employs
SBOA to optimize maxAlpha, ensuring that the modes are neither too dispersed nor too
concentrated, thereby avoiding mode mixing.

2.2.1. Initial Preparation Phase

SBOA operates as a population-centric metaheuristic approach. Each secretary bird is
regarded as a member of the algorithm’s solution set, and its position represents a potential
solution to the current problem [29]. In the initial phase, the positions of the secretary birds
in the search space are randomly initialized:

Xi,j = llj + r × (ulj − llj), i = 1, 2, · · · , N, j = 1, 2, · · · , Dim (9)

In the equation, Xi denotes the location of the i-th secretary bird, while llj signifies the
lower limit and ulj signifies the upper limit. r is a random value ranging from 0 to 1, and
Dim represents the dimension of the problem variables.

As indicated in Equation (10), the optimization process of SBOA starts with a popu-
lation of candidate solutions, which are initialized within the ul and ll limits defined by
the problem.

X =



x1,1 · · · xi,j · · · x1,Dim
...

. . .
...

. . .
...

xi,1 xi,j xi,Dim
...

. . .
...

. . .
...

xN,1 · · · xN,j · · · xN,Dim


N×Dim

(10)

In the equation, X represents a set of all secretary birds, Xi represents the i-th secretary
bird, Xi,j denotes the j-th problem variable value of the i-th secretary bird, and N denotes
the total count of members in the population of secretary birds.

The objective function is evaluated based on the problem variable values of the
candidate solutions represented by each secretary bird, and the results are compiled into a
vector F according to Equation (11).

F =



F1
...
Fi
...

FN

 =



F(X1)
...

F(Xi)
...

F(XN)


N×1

(11)
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In the equation, Fi indicates the objective function value obtained by the i-th secretary
bird. The optimal candidate solution for the given problem is identified by comparing
these objective function values.

Two different natural behaviors of secretary birds are used to update SBOA members.
These behaviors include:

• Hunting strategy.
• Escape strategy.

Therefore, in each iteration, every candidate solution is updated in two distinct phases.

2.2.2. Hunting Strategy of Secretary Birds

The hunting process is refined into three stages: searching, consuming, and attacking
prey. The entire predation process is divided into three equal time intervals.

(1) Searching for Prey Stage: In the first stage, a differential evolution strategy is
adopted to enhance the algorithm’s diversity and global search capabilities. By incorpo-
rating differential mutation mechanisms, it improves the likelihood of finding the global
optimum while avoiding local optima. Therefore, the position update of secretary birds in
the search for prey stage can be modeled by Equations (12) and (13).

xnewP1
i,j = xi,j + (xrandom_1 − xrandom_2)× R1 , t <

1
3

T (12)

Xi =

{
Xnew,P1

i , Fnew,P1
i < Fi

Xi, else
(13)

In the equations, t represents the current number of iterations, T represents the max-
imum number of iterations. Xnew,P1

i denotes the updated state of the i-th secretary bird
during the initial phase, xrandom_1 and xrandom_2 are random candidate solutions. R1 repre-
sents an array of dimension 1 × Dim randomly generated within the interval [0, 1]. xnewP1

i,j

represents the value of the j-th dimension, and Fnew,P1
i represents its fitness value.

(2) Consuming Prey Stage: In the second stage, Brownian motion (RB) and “xbest”
(individual historical best position) are introduced to simulate the random movement of
secretary birds. RB can be mathematically modeled by Equation (14). By using “xbest”,
individuals can search near optimal positions, enhancing their local search capabilities. The
introduction of RB randomness effectively prevents local optima and helps find better solu-
tions. Consequently, the position updates of secretary birds during the prey consumption
stage can be modeled by Equations (15) and (16).

RB = randn(1, Dim) (14)

xnewP1
i,j = xbest + exp((t/T) ∧ 4)× (RB − 0.5)× (xbest − xi,j) ,

1
3

T < t <
2
3

T (15)

Xi =

{
Xnew,P1

i , Fnew,P1
i < Fi

Xi , else
(16)

In the equations, randn(1, Dim) is an array of dimension 1 × Dim generated randomly
from a standard normal distribution (mean of 0, standard deviation of 1), while xbest denotes
the current optimal value.

(3) Attacking Prey Stage: Introducing the Levy flight strategy enhances the global
search capability of the optimizer, and incorporating a nonlinear perturbation factor, de-
noted as (1 − t

T )(2 ×
t
T ), improves the algorithm’s performance. Therefore, the position of

secretary birds in the attacking prey stage is updated by Equations (17) and (18).

xnewP1
i,j = xbest + ((1 − t

T
) ∧ (2 × t

T
))× xi,j × RL , t >

2
3

T (17)
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Xi =

{
Xnew,P1

i , Fnew,P1
i < Fi

Xi, else
(18)

The calculation method for RL is as follows:

RL = 0.5 × Levy(Dim) (19)

In the equations, s denotes the distribution function. The calculation method is
as follows:

Levy(D) = s × u × σ

|v|
1
η

(20)

In the equations, s and η are fixed values, with s set to 0.01 and η set to 1.5. u and v
are random numbers between 0 and 1. The calculation method for σ is as follows:

σ =

(
Γ(1 + η)× sin(πη

2 )

Γ( 1+η
2 )× η × 2( η−1

2 )

) 1
η

(21)

In the equations, Γ represents the gamma function, and the value of η is 1.5.

2.2.3. Escape Strategy of Secretary Birds

When secretary birds encounter threats from other predators, they typically employ
various camouflage or escape strategies to protect themselves or their food. These strategies
can be broadly divided into two categories:

• Strategy C1: Camouflage;
• Strategy C2: Escape.

Assuming the probabilities of the two categories are equal:
In the escape strategy of secretary birds, the birds will first choose to camouflage.

If camouflage is not possible, they will choose to escape. Based on this premise, the
introduction of the perturbation factor (1 − t

T )
2 helps the algorithm select the optimal

solution from both new and existing solutions. In summary, the two escape strategies of
secretary birds can be represented by Equation (22), and the updated condition can be
represented by Equation (23).

xnew,P2
i,j =

{
C1 : xbest + (2 × RB − 1)× (1 − t

T )
2 × xi,j, rand < ri

C2 : xi,j + R2 × (xrandom − K × xi,j), else
(22)

Xi =

{
Xnew,P2

i , Fnew,P2
i < Fi

Xi, else
(23)

In the equations, ri is set to 0.5, R2 represents an array of dimension 1× Dim randomly
generated from a normal distribution, xrandom represents the random candidate solution of
the current iteration, and K represents a random choice between the integers 1 or 2, which
can be calculated using Equation (24).

K = round(1 + rand(1, 1)) (24)

In the equations, rand(1, 1) represents a random number generated between 0 and 1.
The optimization process of SBOA is shown in Figure 2:
The SBOA process is illustrated in Figure 2. It begins with the initialization of parame-

ters and the calculation of the fitness values of individuals to find the optimal position. In
the hunting phase of the secretary birds, the entire predation process (maximum number
of iterations T) is divided into three equal intervals. The current iteration count t is used
to determine which interval it belongs to, and the position Xi of the i-th secretary bird is
updated using Equations (12), (15) and (17). Subsequently, in the escape phase of the secre-
tary birds, the value rand is assessed to see if it is greater than 0.5. If the evaluation result is



Electronics 2024, 13, 3441 8 of 23

“yes”, then parameter Xi is updated using the formula C1 in Equation (22). If the evaluation
result is “no”, then parameter Xi is updated using the formula C2 in Equation (22). The
optimal value xbest for the problem is then updated from the results of each secretary bird.
Finally, the algorithm checks whether the maximum number of iterations has been reached.
If this condition is satisfied, the optimal value is output; otherwise, the algorithm returns to
the hunting phase and continues iterating.
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3. Short-Term Power Load Forecasting Model
3.1. TCN Neural Network Structure

TCN is a novel neural network based on the CNN architecture. TCN employs struc-
tures such as dilated causal convolutions and residual blocks. The structure of TCN’s
dilated causal convolutions is illustrated in Figure 3. Compared to traditional CNN, causal
convolutions focus only on past and current information, without considering future data.
This means that the output value yt at time t is determined solely by the input values at time
t and earlier, up to input {x0, x1, · · · xt−1, xt}. Traditional CNN increases the receptive field
by adding pooling layers, which can lead to information loss. In contrast, TCN introduces
dilated convolutions to expand the receptive field, allowing it to capture dependencies
over a larger range without losing information. The operation of dilated convolution is
expressed as follows:

F(t) = ∑k−1
i=0 f (i) ∗ xt−p∗i (25)
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In the equation, t represents the index of the sequence element, p denotes the dilation
factor, xt ∈ Rn refers to the sequence element, F(t) is the dilated convolution of the sequence
element xt, and k indicates the size of the convolution kernel.

The TCN residual unit is shown in Figure 4. The residual connection adds the input x
to the output f (x). f (x) can be expressed as:

f (x) = h(x)− x (26)
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In Figure 4, the addition of causal convolutions in TCN ensures that information
flows strictly from the past to the future, thereby preventing information leakage from
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future to past. Even with fewer layers, the application of dilated causal convolution (DCC)
enables TCN to have a larger receptive field, allowing it to process longer time series data.
Furthermore, DCC incorporates techniques such as the ReLU activation function, weight
normalization, and dropout regularization. These methods not only enhance the model’s
nonlinear representation capabilities but also improve its stability and generalization
performance, ultimately boosting the model’s effectiveness in time series forecasting tasks.

3.2. BiLSTM Neural Network

The structure of the LSTM neural network is shown in Figure 5:
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In Figure 5, the input gate (it) of the LSTM network determines whether new informa-
tion should be stored in the cell state, the forget gate ( ft) selectively discards unnecessary
information to prevent information overload, and the output gate (ot) controls the state
output of the memory cell. The collaboration of these three gates allows the LSTM network
to effectively capture and maintain both long-term and short-term dependencies in time
series data.

The computation formulas for the LSTM network are as follows:

it = σ(Wixt + Uiht−1 + bi) (27)

ft = σ(W f xt + U f ht−1 + b f ) (28)

ot = σ(Woxt + Uoht−1 + bo) (29)

c̃t = tanh(Wcxt + Ucht−1 + bc) (30)

ct = it · c̃t + ft · ct−1 (31)

ht = ot · tanh(ct) (32)

In the equation, it is determined by the input xt, the hidden layer output from the
previous time step ht−1, and the activation function σ. The weights and biases for the gates
are represented by Wi, Ui, bi, W f , U f , b f , Wo, Uo, and bo.

BiLSTM adopts a bidirectional structure, which fully leverages both past and future
contextual information, enhancing the model’s ability to understand and predict sequential
data. The structure of BiLSTM is shown in Figure 6.

In Figure 6, ht represents the forward hidden state, hi represents the backward hidden
state, and each level of the hidden layer ht is composed of three parts: the existing input
xt, the forward hidden state output from the previous time step ht−1, and the backward
hidden state output from the previous time step hi−1.
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3.3. Combined Prediction Model Based on TCN–BiLSTM

The TCN–BiLSTM combined prediction neural network model is shown in Figure 7.
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As shown in Figure 7, the model structure includes the following steps:

(1) The input layer consists of IMF components obtained from the SVMD decomposition.
(2) In the TCN layer, a 1-layer residual unit is used. The residual unit is composed of

2 convolution units and multiple nonlinear mappings. The ReLU function is used as
the activation function to normalize the weights.

(3) The output vector of the TCN model serves as the input for the BiLSTM.
(4) The output layer includes 1 fully connected layer, which contains 1 neuron, and its

output is the load prediction value for one time step.

The model architecture fully leverages the IMF components decomposed by SVMD,
capturing short-term features in the time series through TCN, and further capturing long-
and short-term dependencies in the time series using BiLSTM. The residual units in the
TCN enhance the model’s ability to extract complex features by introducing multiple
nonlinear mapping layers. The use of the ReLU activation function helps mitigate the
vanishing gradient problem, making the training process more stable and efficient. The fully
connected layer maps the extracted complex features to load prediction values, enabling
the model to handle high-dimensional inputs and provide accurate predictions. This
design allows the model to better capture the intrinsic patterns in time series data, thereby
improving prediction accuracy and reliability.
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4. Combined Prediction Model Based on SVMD-SBOA-TCN-BiLSTM

In this paper, the electrical load is decomposed using SVMD optimized by SBOA, and
the TCN–BiLSTM combined model is used for prediction. The model flowchart is shown
in Figure 8. The specific steps are as follows:

(1) A novel swarm intelligence optimization algorithm, SBOA, is used to optimize the
key parameter of SVMD.

(2) The electrical load sequence is decomposed into multiple IMFs over different time
scales using SVMD.

(3) The decomposed IMFs are used as basic units and input into the TCN for feature
extraction, outputting feature vectors containing rich information.

(4) These feature vectors are then used as inputs to the BiLSTM for prediction, resulting
in the forecasted values for each IMFs.

(5) The final prediction result is obtained by integrating the predicted values of different IMFs.
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The proposed model combines the precise decomposition capability of SVMD, the
optimization advantages of SBOA, the feature extraction efficiency of TCN, and the bidirec-
tional sequential modeling capability of BiLSTM to significantly improve the extraction
and prediction accuracy of the power load sequence’s temporal features. SVMD accurately
decomposes power load data, allowing each IMF component to independently reflect spe-
cific fluctuation characteristics within the load data. These components better capture the
data’s non-linearity and non-stationarity. The SBOA-optimized SVMD parameters further
enhance the decomposition accuracy, making each IMF component more representative.
When processing these IMF components, TCN efficiently extracts complex patterns and
long short-term dependencies from the time series through its convolutional structure,
enhancing the feature vector’s expressive capability. BiLSTM, with its bidirectional net-
work structure, comprehensively understands the time series data, capturing the temporal
relationships both forward and backward, thereby further improving prediction perfor-
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mance. This multi-layered composite model not only enhances the accuracy of power load
forecasting but also demonstrates advantages in handling complex temporal data.

5. Experimental Analysis
5.1. Data Preparation

The raw power load dataset selected for this study is sourced from a region in Belgium.
The data collection spans from 1 January 2018 to 31 December 2018, with a sampling
frequency of every 15 min, resulting in a total of 35,040 data points. The data are split into a
training set and a test set in a ratio of 5:1. A day-ahead forecasting method is adopted, with
the original dataset segmented into daily sequences of 96 data points each. Data from the
first 10 months are used as the training set, while the remaining data are used for testing.
During the model training, an Adam optimizer is used, and training is executed on a GPU
to accelerate the process. The trained model is applied for day-ahead forecasting, with each
day’s forecast based on the previous day’s data. The prediction results are denormalized
and aggregated daily to produce a forecast curve for the next two months, which is then
compared with actual measured data to evaluate the model performance. The laboratory
hardware configuration includes a computer with an Intel Core i9-13900HX CPU, 16 GB of
memory, and an NVIDIA GeForce RTX 4070 GPU for acceleration. The experiments are
programmed using Matlab2024a.

To address issues such as missing data and abnormal fluctuations in the original
power load dataset, this study employs the quartile method to detect outliers and convert
them to missing data, which are then filled using an interpolation function for upsampling.
Additionally, since the load IMFs obtained from SVMD decomposition have significant
numerical differences, directly using these decomposed data for prediction could adversely
affect the overall mapping effect of the network. Therefore, it is necessary to normalize
the input sequence to prevent the problem of dimensional explosion during training. The
normalization method scales the data to the range of [0, 1] to improve the efficiency and
stability of model training. The normalization equation used in this study is as follows:

Xnorm =
X − Xmin

Xmax − Xmin
(33)

In the equation, Xmin and Xmax represent the minimum and maximum values of the
input data matrix X. The normalized data Xnorm ensure that the input features are on the
same scale, which helps to accelerate the convergence speed of the model. To restore the
normalized data to the original scale after prediction, the inverse normalization equation is
used as follows:

Xrestore = Xnorm · (Xmax − Xmin) + Xmin (34)

5.2. Parameter Settings and Evaluation Metrics

To obtain the optimal structure of the deep learning model, this study configures
the TCN with 10 convolutional filters and a filter size of 2. Additionally, one residual
block is incorporated to mitigate the vanishing gradient problem and ensure the training
stability of the deep network. To prevent overfitting, a dropout layer with a dropout rate
of 0.02 is introduced in the TCN. The BiLSTM layer is configured with 60 hidden units,
a maximum of 100 epochs, and the ReLU activation function. To further enhance the
model’s performance, the initial learning rate is set to 0.005 and is halved every 2 epochs
through an automatic adjustment callback function. The training process utilizes the Adam
optimizer. These parameter settings, determined through iterative experimentation and
optimization, aim to improve the model’s prediction accuracy and generalization ability.
The choices of these settings have undergone multiple adjustments to ensure the model
can effectively extract local features from the time series data and perform excellently in
practical applications. Table 1 shows the parameter settings for SVMD and SBOA.
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Table 1. Parameter settings for SVMD and SBOA.

SVMD Parameters Value Type of Stopping Criteria 4

compactness of mode 19,990.25 SBOA Parameters Value

time step of the dual ascent 0 pop 30

tolerance of convergence criterion 1 × 10−6 max_iteration 60

To evaluate the prediction accuracy of the SBOA–SVMD–TCN–BiLSTM prediction
model, this paper utilizes MAE, RMSE, and goodness of fit R2 as evaluation metrics. The
calculation formulas are as follows:

σMAE =
1
n

n

∑
i=1

|yi − ŷi| (35)

σRMSE =

√
1
n

n

∑
i=1

(yi−ŷi)2 (36)

σR2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − yi)

2
. (37)

In the equation, ŷi represents the predicted power load at time i, yi represents the
actual power load at time i, and yi represents the average predicted power load. The
smaller the MAE and RMSE, the better the model’s prediction performance. The closer R2

is to 1, the better the fit of the prediction model.

5.3. Power Load Sequence Decomposition

In this study, normalized load data were decomposed using the SVMD method op-
timized by SBOA. The data were selected from a region in Belgium, covering the first
two months of spring and autumn, as well as the first three months of summer and win-
ter in 2018. For each of these months, data from the first seven days were selected at
15-min intervals, resulting in a total of 6720 data points. The decomposition results are
shown in Figure 9.
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The original power load sequence is decomposed into four single-frequency IMF
components: IMF1 to IMF4. Each IMF component has clear features and corresponds to
different central frequencies:

• IMF1: Exhibits weak volatility and does not cross the zero point, approximately
representing the trend of the original power load.

• IMF2: Has a relatively low frequency with evident periodicity, reflecting the regularity
of the power load to some extent.

• IMF3 to IMF4: These components have relatively higher frequencies and weaker
periodicity, representing both the regularity and the anomalies or sudden events in
the power load.

Each IMF component can represent the characteristics of the power load to a certain
extent. This decomposition effectively solves the modal aliasing issue seen in other algo-
rithms, ensures the integrity of the decomposed signal, and enhances the accuracy of the
model’s prediction.

In this study, the mode compactness parameter in SVMD is adjusted, using permu-
tation entropy as a metric to reflect the effectiveness of SVMD parameter optimization
in controlling the complexity of the sequence. Permutation entropy is a key indicator
of sequence complexity, with values ranging from 0 to 1. A lower permutation entropy
indicates lower complexity and higher predictability of the sequence, while values closer to
1 suggest higher complexity and increased difficulty in prediction [30,31].

Table 2 presents the different mode compactness parameters in SVMD and their
corresponding permutation entropy values. It is evident that the optimized SVMD pa-
rameters achieved the lowest permutation entropy, indicating that the SVMD parame-
ters optimized by SBOA significantly reduced sequence complexity, thereby enhancing
prediction performance.

Table 2. Permutation entropy corresponding to different mode compactness parameters in SVMD.

SVMD Parameter (Compactness of Mode) Permutation Entropy

15,000 0.3462

17,500 0.2857

19,990.25 (Optimized) 0.1245

5.4. Comparison of Different Optimization Algorithms

To verify the effectiveness and superiority of the proposed SBOA, we compared it
with the sparrow search algorithm (SSA) and the grey wolf optimizer (GWO). In each
iteration, the minimum permutation entropy of the decomposed sequences was used as the
objective function. The performance of different optimization algorithms was evaluated by
comparing the average permutation entropy after optimization. To ensure the fairness of
the experiments, the population size for each algorithm was set to 30, with a maximum
of 60 iterations. The optimization fitness curves of the different algorithms are shown
in Figure 10.

In Figure 10, by comparing the fitness of SBOA, SSA, and GWO, it is evident that
SBOA achieves a significantly lower fitness value upon convergence compared to GWO
and SSA. Moreover, the fitness value stabilizes thereafter, indicating that SBOA effectively
avoids over-searching and does not fall into local optima, demonstrating stability in the
later stages of optimization. In contrast, SSA shows a steep decline in the first few iterations
but has a slower convergence rate and exhibits some fluctuations, making it less stable
than SBOA. Meanwhile, GWO’s fitness curve remains relatively stable throughout the
iterations, showing some global search capability, but its fitness value does not reach the
level achieved by SBOA and SSA in the later stages.
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5.5. Comparison of Different Sequence Decomposition Algorithms

To validate the superiority of the SVMD sequence decomposition algorithm used
in this study, comparative models were established with CEEMDAN and ICEEMDAN
decomposition methods. The parameter settings for these two methods are consistent, as
shown in Table 3. The last week of the test set was selected for analysis, and the comparison
of prediction results for a specific day of that week is shown in Figure 11.

Table 3. Parameter settings for CEEMDAN and ICEEMDAN.

Parameters Value Parameters Value

Nstd 0.2 MaxIter
criterion 1000

NR 100 SNRFlag 2
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As shown in Figure 11, the load prediction result curve of the proposed model is the
closest to the actual load curve, indicating the best load prediction performance. A detailed
comparison of load prediction errors is presented in Table 4.
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Table 4. Comparison of prediction errors between different decomposition methods.

Model MAE/MW RMSE/MW R2/%

CEEMDAN-TCN-BiLSTM 309.5300 402.4907 0.8854

ICEEMDAN-TCN-BiLSTM 267.1721 369.5974 0.9063

SBOA-SVMD-TCN-BiLSTM 219.7098 309.2698 0.9273

As shown in Table 4, the prediction errors of the SBOA–SVMD–TCN–BiLSTM model,
in terms of MAE and RMSE, are reduced by 29.01% and 17.76%, 23.16% and 16.32%, respec-
tively, compared to the other two models, with an improvement in metric R2 as well. This
indicates that the SVMD algorithm used in this study outperforms other decomposition
algorithms in terms of prediction accuracy and model fitting. In contrast, the CEEMDAN
and ICEEMDAN decomposition algorithms suffer from severe mode mixing, resulting in
frequency components that lack clear periodicity and distinct features, thereby increasing
prediction errors. Additionally, the increase in the number of decomposition components
further amplifies errors. The SVMD algorithm effectively reduces mode mixing and ac-
curately extracts different characteristic components of the load series, leading to more
precise prediction results.

5.6. Comparison of Predictive Model Performance

To validate the necessity of SBOA–SVMD, the forecasting results of the proposed
model are compared with those of the TCN–BiLSTM model. In the proposed model, the
IMFs obtained from SBOA-SVMD decomposition are used as inputs for the TCN–BiLSTM
model, while in the comparison experiment, the processed raw load data is directly used
as input for the TCN–BiLSTM model. The analysis focuses on the forecasting results from
the last two weeks of the test set, with the comparison of results for a specific day shown
in Figure 12.
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As shown in Figure 12, the proposed prediction model is closer to the actual val-
ues, demonstrating the effectiveness and necessity of the SBOA–SVMD approach. The
prediction errors are listed in Table 5.
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Table 5. Comparison of prediction errors between models with and without decomposition algorithms.

Model MAE/MW RMSE/MW R2/%

TCN-BiLSTM 337.4591 464.9645 0.8346

SBOA-SVMD-TCN-BiLSTM 219.7098 309.2698 0.9273

As shown in Table 5, compared to the TCN–BiLSTM model, the prediction errors MAE
and RMSE of the proposed model are reduced by 34.89% and 33.49%, respectively, while
R2 is improved by 11.1%, further confirming the necessity of introducing the SBOA–SVMD
optimization decomposition method.

To further verify the predictive accuracy of the SBOA–SVMD–TCN–BiLSTM model,
this paper uses the IMFs obtained from the SBOA–SVMD decomposition as inputs and
introduces traditional prediction models such as ELM, LSTM, and BiLSTM for comparison.
The experimental results are shown in Figure 13.
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Figure 13 compares the prediction results of different models for three randomly
selected days from the test set. By comparing the model predictions with actual measured
data, it can be observed that the TCN–BiLSTM model’s predictions closely match the
measured data, especially in peak and trough regions, showing high prediction accuracy.
This model not only accurately predicts the load curve’s changing pattern but also captures
abrupt changes in the load curve effectively. The ELM model, while reflecting the overall
trend of the power load, shows significant deviations in regions with large load changes
due to its limited ability to handle long-term dependencies, resulting in predictions that are
generally lower than the actual data. The LSTM model’s overall prediction performance
is poor, struggling with long-term dependencies and sensitivity to noise, leading to low
accuracy in areas with rapid fluctuations, particularly at load peaks and troughs. The BiL-
STM model performs relatively well; its bidirectional structure accounts for both forward
and backward time dependencies, resulting in predictions that are mostly consistent with
actual data. However, it still shows some deviations in regions with drastic load changes,
indicating room for improvement in predicting high-frequency fluctuations. The TCN–
BiLSTM model exhibits the best prediction performance. The model leverages multi-scale
feature extraction in the TCN layer and bidirectional dependency capture in the BiLSTM
layer, significantly enhancing prediction accuracy. The predictions are highly consistent
with actual measurements, effectively capturing subtle load variations and validating the
TCN–BiLSTM model’s high precision in both high-frequency fluctuations and complex
load patterns.



Electronics 2024, 13, 3441 19 of 23

Table 6 shows the comparison of evaluation metrics for different models. From Table 6,
it can be observed that the TCN–BiLSTM model significantly outperforms the LSTM,
ELM, and BiLSTM models. Specifically, the TCN–BiLSTM model reduces the MAE by
47.8%, 32.8%, and 11.5%, respectively, compared to the LSTM, ELM, and BiLSTM models.
Similarly, the RMSE is reduced by 42.9%, 39.2%, and 11.3%, and the R2 value is significantly
higher. It can be seen that the proposed model outperforms other models in terms of MAE,
RMSE, and R2 metrics. Compared to BiLSTM, the proposed model introduces TCN, a
deep learning model with spatial feature extraction capabilities. TCN effectively captures
useful information from signals through multi-layer convolutions that extract features at
different time scales. Simultaneously, BiLSTM captures more information by considering
bidirectional dependencies in time series data. This combination enhances the model’s
ability to handle complex time series data, thereby improving the model’s stability and
accuracy. Additionally, the validation shows that single prediction models have poor
prediction capabilities and larger errors, further verifying the high prediction accuracy of
the proposed model.

Table 6. Comparison of prediction accuracy of different models.

Model MAE/MW RMSE/MW R2/%

LSTM 420.6167 542.0793 0.7766

ELM 326.9141 508.3097 0.8035

BiLSTM 248.1770 348.7726 0.9075

TCN-BiLSTM 219.7098 309.2698 0.9273

Table 7 shows the training and prediction times of the proposed model for different IMFs.

Table 7. The training and prediction times for different IMFs.

IMF Training Time/s Testing Time/s

IMF1 98.5469 0.5882

IMF2 86.8445 0.1254

IMF3 85.2174 0.1010

IMF4 84.5613 0.0728

This study utilizes an offline training and online prediction approach. The total
training time is recorded as 355.17 s, and the total testing time is recorded as 0.89 s. Although
the training time is relatively long, the model’s testing time is very short. In practical
applications, the model can generate predictions quickly, so it will not be significantly
impacted by data latency or computational resource constraints during actual deployment.

5.7. Comparison of Prediction Accuracy across Different Seasons

Considering the impact of seasonal factors, the data for each season in the dataset was
processed and divided into training and testing sets at a 5:1 ratio. Different methods were
used for load forecasting, with the prediction errors shown in Table 8.

Table 8 shows the load forecasting accuracy results of various methods for a specific
day in each of the four seasons, with the error distribution shown in Figure 14. It can be
observed from Table 8 that the proposed method achieves the lowest average prediction
error compared to the other three methods. Specifically, the average MAE is improved by
63.2%, 47.97%, and 41%, respectively, compared to the other three methods, while the RMSE
is reduced by 62.15%, 46.38%, and 38.19%, respectively. The significant improvements in
both MAE and RMSE metrics indicate that the proposed short-term power load forecasting
model greatly enhances overall prediction accuracy and model performance.
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Table 8. Comparison of prediction accuracy across different seasons.

Model
Spring Summer Autumn Winter

MAE/MW RMSE/MW MAE/MW RMSE/MW MAE/MW RMSE/MW MAE/MW RMSE/MW

LSTM 648.59 705.48 542.21 697.25 263.04 339.69 530.43 630.01

ELM 395.40 542.41 434.63 494.68 253.51 287.28 320.14 350.18

BiLSTM 337.50 379.72 442.66 490.69 206.13 258.42 251.24 323.73

TCN-BiLSTM 116.23 132.33 238.88 275.29 157.05 191.63 218.11 298.60
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By observing the distribution of prediction errors for different models, it can be
seen that the proposed model primarily has relative errors within 200 MW during the
spring and autumn seasons, whereas the errors for LSTM, ELM, and BiLSTM models
are more concentrated in the range above 200 MW. In the summer and winter seasons,
the prediction performance of all the models declines. Although the proposed model
also exhibits high error distribution, the proportion of high errors is significantly lower
compared to other models.

To evaluate the model’s performance under extreme scenarios, this study considers
the error during peak load periods. The time intervals from 7:00 to 9:00 and 13:00 to 15:00
on the selected four days were analyzed. The error results are presented in Table 9.
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Table 9. Comparison of errors during peak periods across different seasons.

Time
Day 1 Day 2 Day 3 Day 4

MAE/MW RMSE/MW MAE/MW RMSE/MW MAE/MW RMSE/MW MAE/MW RMSE/MW

7:00 180.73 180.74 150.78 151.63 213.33 214.14 192.30 194.06

8:00 189.85 189.87 97.47 98.32 141.43 142.24 240.52 241.13

9:00 194.61 194.61 65.57 65.73 94.04 95.18 279.53 286.29

13:00 107.58 111.64 210.90 211.34 227.03 231.48 131.15 155.61

14:00 191.06 191.71 250.29 250.42 224.36 235.00 276.54 280.13

15:00 213.35 213.38 271.97 272.00 173.65 175.66 405.35 412.23

Based on Table 9, it can be observed that during the peak period from 7:00 to 9:00 a.m.,
the MAE and RMSE values for all seasons are generally low, indicating high prediction
accuracy of the model during this time. Among the seasons, the errors are smallest in
summer and autumn, while spring and winter show relatively higher errors, with winter
having significantly higher errors than the other seasons. In contrast, during the peak
period from 1:00 to 3:00 p.m., the MAE and RMSE values for all seasons increase, with
winter showing a significantly higher increase compared to the other seasons.

6. Discussion

This paper presents a novel short-term power load forecasting method that combines
SBOA-optimized SVMD with TCN–BiLSTM, providing new insights into addressing the
issue of weakened temporal continuity in current power load research. By deeply inte-
grating temporal features into the prediction model, this method demonstrates significant
performance improvements in short-term power load forecasting. From the perspective of
power systems, accurate short-term load forecasting is crucial for the stable operation and
optimal scheduling of the grid, enabling dispatch centers to allocate and manage power
resources more effectively. Future research will explore the following directions:

• Incorporating other intelligent optimization algorithms to further refine the SVMD
decomposition process.

• Integrating additional advanced deep learning models with TCN–BiLSTM to enhance
the model’s ability to capture complex temporal features.

Through ongoing research and innovation, we anticipate that this study will provide
new ideas and methods for the field of power load forecasting, promoting its widespread
application and development in practical settings.

7. Conclusions

This paper addresses the non-stationary and highly random characteristics of power
load, aiming to improve the accuracy of short-term power load forecasting. Based on
the decomposition–prediction–reconstruction framework, it deeply explores the temporal
characteristics of power load sequences. By combining optimization algorithms, feature
decomposition techniques, and deep learning models, a short-term power load forecasting
method based on SBOA–SVMD–TCN–BiLSTM is proposed. The conclusions are as follows:

• The SBOA optimizes the key parameters of SVMD. The optimization fitness compar-
ison experiment shows that SBOA can achieve the global optimum without falling
into local optima. The decomposed IMF components can more accurately reflect the
complex fluctuation characteristics of power load, effectively improving the accuracy
and efficiency of decomposition.

• The decomposed IMF components are input into the TCN neural network accord-
ing to the time window method, fully leveraging the TCN model’s advantage in
extracting potential data features, which enhances the accuracy and stability of power
load forecasting.
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• The feature vectors processed by TCN are used as inputs for the BiLSTM network
model. By capturing the bidirectional dependencies through BiLSTM, the temporal
and complex nonlinear relationships of power load data can be well analyzed.

The model comparison experiment results show that the MAE of the TCN–BiLSTM
model is reduced by 47.8%, 32.8%, and 11.5% compared to the LSTM, ELM, and BiLSTM
models, respectively. The RMSE is reduced by 42.9%, 39.2%, and 11.3%, and the R2 value is
significantly higher. Therefore, compared to traditional single prediction models, the pro-
posed model effectively enhances the accuracy and fitting performance of load forecasting.
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