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Abstract: With the growing number of user-side resources connected to the distribution system, an
occasional imbalance between the distribution side and the user side arises, making short-term power
load forecasting technology crucial for addressing this issue. To strengthen the capability of load multi-
feature extraction and improve the accuracy of electric load forecasting, we have constructed a novel
BILSTM-SimAM network model. First, the entirely non-recursive Variational Mode Decomposition
(VMD) signal processing technique is applied to decompose the raw data into Intrinsic Mode Functions
(IMF) with significant regularity. This effectively reduces noise in the load sequence and preserves
high-frequency data features, making the data more suitable for subsequent feature extraction. Second,
a convolutional neural network (CNN) mode incorporates Dropout function to prevent model
overfitting, this improves recognition accuracy and accelerates convergence. Finally, the model
combines a Bidirectional Long Short-Term Memory (BILSTM) network with a simple parameter-free
attention mechanism (SimAM). This combination allows for the extraction of multi-feature from
the load data while emphasizing the feature information of key historical time points, further
enhancing the model’s prediction accuracy. The results indicate that the R? of the BILSTM-SimAM
algorithm model reaches 97.8%, surpassing mainstream models such as Transformer, MLP, and
Prophet by 2.0%, 2.7%, and 3.6%, respectively. Additionally, the remaining error metrics also show a
reduction, confirming the validity and feasibility of the method proposed.
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1. Introduction

Electricity has powered a global technological revolution and transformed people’s lives, the
stable operation of the electrical system holds significant importance for the orderly development of
the social economy [1]. Short-term load forecasting [2,3] is important to maintain stable electrical
system operation. It provides a strong foundation for power dispatch and is crucial for maintaining the
balance between load supply and demand within the power grid [4]. Short-term load forecasting
accuracy is greatly challenged by the diversity and complexity of influencing factors, such as
meteorological factors [5], geographic factors [6], electricity prices [7,8], holidays [9], and more. This
challenge arises from the high volatility and randomness [10,11] of short-term load sequences.
Consequently, accurate electricity load forecasting is essential for the effective and smooth operation
of the power system. There is already a wide variety of load forecasting techniques, which can be
broadly categorized based on their level of development.

Prediction techniques based on mathematical models fall under the first group. Examples include
the use of the Time series method [12], Regression analysis [13], Kalman filter [14], Exponential
smoothing [15], Trend extrapolation [16], Singular spectrum analysis [17], and others. The benefit of
these approaches is that the models can be built quickly and predictively, but they have poor
performance when faced with nonlinear, stochastic load sequences and high smoothness requirements.
Vlahovi¢ et al. [ 18] proposed a trend extrapolation approach to anticipate the load on the power system.
This method has the benefit of using fewer load data samples, but it also has the drawback of increasing
inaccuracy when the load volatility is high. Lekshmi et al. [19] proposed the use of an auto regressive
moving average (ARMA) model in the time series method for load forecasting, with ambient
temperature as an influencing factor. Although the forecasting accuracy has improved to some extent,
as indicated by the reduced volume of load data required for modeling and the high forecasting
accuracy for smooth data and forecasting, the majority of load sequences in the real world are not
smooth, leaving room for improvement.

The second group consists of conventional machine learning prediction techniques. The most
important ones include Support vector machines (SVM) [20], K-nearest neighbors [21], Decision
trees [22], Random forests [23], Deep convolutional neural network (DCNN) [24], and others. Actual
load data exhibits nonlinear and non-smooth characteristics [25], and the structure of machine learning
prediction models has limitations, making it challenging to achieve the desired prediction accuracy,
despite the many advantages of machine learning prediction methods over traditional ones. Sun et
al. [26] employed a multi-objective regression model using K-means and KNN. They utilized the
KNN algorithm to weigh the prediction points before applying various linear regression techniques for
modeling. While regression analysis modeling is quick and easy to use on smooth load data, its
predictive impact is less than ideal and cannot be generalized. Dong et al. [27] proposed a short-term
electricity load forecasting method based on K-means and SVM. They employed the K-means
clustering method to categorize seasonal load data according to temperature characteristics as input
data to explore the effect of temperature on seasonal loads. Subsequently, they trained the SVM
forecasting model, which improved accuracy and runtime to some extent. However, as the SVM relies
on quadratic programming to solve support vectors, its predictive performance tends to diminish when
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dealing with a large number of nonlinear prediction samples, which is not conducive to accurate prediction.

The combined prediction approach based on deep learning falls under the third category. Actual
load data is often accompanied by irregular vacancies and noise interference, limiting the prediction
accuracy of a single machine learning method when data volume is insufficient, even though both
mathematical modeling methods and machine learning methods have their advantages [28].
Combination prediction approaches [29,30] have been proposed to enhance forecast accuracy. Zeng et
al. [31] proposed a load forecasting method based on empirical mode decomposition (EMD) and long-
and short-term time-series network (LSTNet). The results indicated that the hybrid method is beneficial
for improving forecasting accuracy. However, EMD-like algorithms often encounter issues such as
boundary effects, modal overlap, and sensitivity to noise, potentially impacting the final prediction
results. As demonstrated in the experiments from [32], VMD outperforms EMD-like algorithms in
decomposition. VMD reduces prediction difficulty and ensures high accuracy by decomposing the
original sequence into linear and nonlinear components. Although Chen et al. [33] and Wan et al. [34]
combined CNNs with GRUs and LSTMs, respectively. Their prediction performance significantly
improved compared to individual GRUs and LSTMs. Later, ordinary attention mechanisms were
incorporated into the networks to enhance the influence of important information by assigning different
weights, leading to improved accuracy in load prediction. However, directly combining multiple
networks can have certain disadvantages, increasing the likelihood of gradient vanishing, gradient
explosion, and overfitting in neural networks. According to the experimental results from [35],
Dropout has a positive effect on reducing the time complexity of neural networks, enhancing prediction
accuracy, and improving the robustness of short-term load forecasting models. Ji et al. [36] proposed
a Variational Mode Decomposition (VMD) improved whale optimization algorithm (IWOA) wavelet
temporal convolutional network (WTCN) bidirectional gated recurrent unit (BIGRU) attention and
Categorical Boosting (CatBoost) model, which achieves good prediction accuracy. However, its
complexity and lack of consideration for the holiday factor diminish its practical applicability. Yao et
al. [37] proposed a CNN-DBILSTM-Attention-based short-term electricity load prediction. The
attention mechanism allows the neural network to focus on specific features through probability
allocation, thereby improving prediction accuracy. Nevertheless, the ordinary attention mechanism
itself has too many parameters. In combination with CNN and DBILSTM, this results in a significant
increase in training parameters, making the entire model overly complex. This complexity is not
conducive to improving prediction efficiency. Therefore, the careful selection of appropriate attention
mechanisms is crucial to enhance the operational efficiency of complex models.

Building on the previous research results, we further analyze the relationship between the
volatility and randomness of power load data and multi-features, and subsequently propose an
improved multi-feature-based short-term forecasting algorithm, BILSTM-SimAM, for power load
forecasting. To improve the stability of load forecasting, the load sequence is chosen to be partitioned
into Intrinsic Mode Functions (IMF) using Variational Mode Decomposition [38] (VMD), thereby
reducing the non-stationarity and complexity of the load signal. Next, we leverage the CNN model,
augmented with Dropout [39] technology, to extract the key factors influencing load fluctuations,
leading to more reliable prediction performance. Further refinement is achieved through load
prediction using the BILSTM [40] neural network in combination with the SimAM [41] attention
mechanism, resulting in improved predictive accuracy. The major contributions of this paper are as
follows: 1) Through the utilization of Variational Mode Decomposition (VMD) in data processing, the
original load data is separated into components with distinct frequencies, hence improving the
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regularity and consistency of the data. This method is beneficial in the context of multi-feature
prediction challenges. 2) The BILSTM-SimAM model framework is presented, demonstrating superior
accuracy in power load forecasting while utilizing a small number of model parameters. This method
can be readily applied to various power system equipment with adaptability and versatility. 3) The
analysis of various factors that influence loads, such as holidays, helps address the discrepancy
between the actual distribution side and the client side. This factor is crucial in guaranteeing the reliable
functioning of urban electricity networks.

2. Short-term electric load forecasting algorithm

2.1. Implementation process
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Figure 1. BILSTM-SimAM implementation process.
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We propose an improved short-term forecasting model for electricity load base on multi-feature,
BILSTM-SimAM, which is mainly divided into four parts:
e VMD for original load data decomposition;
e Dropout-CNN for feature extraction,;
e Integration of BILSTM network and SimAM mechanism;
e Convergence of load forecasting results.

The following subsections describe the network modeling and improvement methods,
respectively, and the implementation process is shown in Figure 1.

2.2. VMD for original load data decomposition

The time series prediction data utilized pertain to residential electricity demands, which
incorporate external elements such as temperature, humidity, wind, and holidays. However, a challenge
arises with many external components, such as climatic features, which exhibit low internal regularity.
The core idea of the algorithm is to construct and solve the optimal solution of the variational problem
in the following steps:

Establish the constrained variational problem. Assuming that the original signal is decomposed
into K modal components with different frequency characteristics, the objective is to minimize the
sum of the estimated bandwidths of each mode while ensuring that the sum of all modes equals that of
the original signal. The constrained variational expression formula is established as follows:

i (e 10 [(8(0) +) = ua ()7 1)
st Tk=ate = £(0)

In Eq (1), where {Ux} represents the k modal component of the signal decomposition; where
{wy} represents the frequency center of the k modal component; where §(t) represents the Dirac
component; where * represents the convolution operator;

Solve the constrained variational problem optimally. The Lagrange transform is first performed
to change the above problem into an unconstrained variational problem to be solved. The calculation
formula is given as follows:

(1)

LC{ud, (0 D) = I (©) = Zhoy e O3
+ a0 [(60 + ) ruo] e @
+ O, F(O) - Ty e (©)

In Eq (2), where represents the quadratic penalty term factor, where A represents the Lagrange
multiplier operator;

In order to find the optimal solution of the problem, the alternating direction multi-plier
method is used to update each modal component and its center frequency. The calculation formula
is given as follows:
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In Eq (3), where n represents the number of iterations; where T represents the up-date parameter;
where /A represents the Fourier transform of the corresponding signal.

It is evident that the variational load data decomposition technique has processed the original load
data, significantly improving its periodicity and smoothness. This enhancement enables better
avoidance of the impact of the original load data’s volatility and randomness characteristics on
load forecasting.

2.3. Designing Dropout-CNN module for multi-feature extraction

Electricity load variation is influenced by multiple factors. Extracting features from these
influencing factors is crucial for load variation prediction. Therefore, a Dropout-CNN module is
designed to perform multi-feature extraction. CNN, also known as a convolutional neural network, is
a powerful tool for extracting data features and Dropout makes CNN networks more stable.
Consequently, Dropout-CNN can effectively extract feature quantities that have a significant impact
on load variations.

The majority of CNN consists of the convolutional layer and the pooling layer. The convolutional
layer employs convolutional kernels to efficiently extract nonlinear local feature from electricity load
data, while the pooling layer compresses the extracted feature to generate more significant feature
information, enhancing generalization capability. These features are transformed into vectors before
being transmitted to the fully connected layer, which primarily maps the features’ space to the sample
labeling space to enhance network robustness. Finally, the output layer is responsible for data export.

We chose to utilize the well-known CNN LeNet model, renowned for its typical structure
comprising 3-layer convolution, 2-layer pooling, and 1-layer complete connection. This model is
specifically tailored to accommodate the volume and size of the collected data, characterized by its
simplicity and broad applicability. However, in the actual local multi-feature extraction process of
LeNet, employing a more complex model for training with relatively limited training data can lead to
issues, such as an excessively large loss function in the test load data, resulting in overfitting. This
phenomenon reduces the model’s generalizability, hampering effective predictions. To address these
challenges, we introduced a Dropout layer, incorporating a random deactivation function, to enhance
the LeNet model. This modification streamlines training, effectively preventing overfitting and
improving generalizability. The construction of the Dropout random deactivation function is illustrated
in Figure 2.
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2329

A
@,

R XA A
RPSERETX
SPEEIEIN
C ’ /‘./ <SS '.\.'§ Dropout
S A A AN E—
St
LRSI
SRS

Figure 2. Dropout structure.

The convolutional layer extracts effective nonlinear local feature from the load data, while the
pooling layer selects the optimal pooling method to compress the extracted feature and generate more
essential feature information. Additionally, a Dropout function layer is introduced after the pooling
layer, serving the dual purpose of preventing overfit-ting and improving generalization while reducing
model complexity. After the LeNet model has extracted and flattened the load data, the inherent
characteristics of the load data are automatically retrieved and then input into the BILSTM model for
load prediction. Figure 3 illustrates the basic structure of the Dropout-CNN.
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Figure 3. Dropout-CNN model structure.
2.4. Integration of BILSTM network and SimAM mechanism for load forecasting

LSTM stands for Long Short-Term Memory Neural Network. It is essentially a type of recurrent
neural network designed to address the limitations of traditional RNN, specifically tailored to handle
long-term dependencies. LSTM has made significant advancements and finds extensive use in various
fields such as speech recognition, visual description, natural language processing, and more. Figure 4
illustrates the LSTM cell structure.

Multi-featured electric load forecasting is characterized by the requirement of training the
network to capture the past and future of the input data and to learn the long-term dependencies in the
data, through the analysis we selected BILSTM neural network for multi-featured electric load
forecasting. BILSTM, an enhancement of the standard unidirectional LSTM, combines both a forward
and a backward LSTM layer, both of which influence the output results. While LSTM fully utilizes
historical load data information to prevent the generation of long-distance dependence situations,
BILSTM incorporates both forward and backward sequence information inputs, considering past and
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future information. This approach is conducive to further improving model prediction accuracy.

C(t—l) ' C (1)
A
tanh
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Figure 4. LSTM cell structure.

The structure of BILSTM is shown in Figure 5. Where, X4, x5, ..., x; denote the corresponding
input data at each moment A4, Ay, ..., A¢, By,B5...,B; denote the corresponding forward and backward
iterative LSTM hidden states, respectively. y;, V,,...,y3; denote the corresponding output data.

Output Layer 1 2 Vi
L[] T
R e B
! —— A
1) ] |
Input Layer X1 X3 Xt

Figure 5. BILSTM neural network structure.

The forgetting gate determines which information should be forgotten from the cell state C*D at
time -1, as depicted in Eq (4). The forgetting gate considers the hidden layer state 2*" at time #-1 and
the input sequence x(¢) at time ¢. It produces an output value between 0 and 1, where 1 signifies the
retention of complete information and 0 implies complete information discard. The calculation formula
is as follows:

FO = O'(Wf . [h(f—l),x(t)] + bf) 4)

Mathematical Biosciences and Engineering Volume 21, Issue 2, 2323-2343.
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In Eq (4), where f{(¥) is the oblivious gate state at moment #; Wyand by are the weight and bias of
the oblivious gate; and sig is the bipolar sigmoid activation function.

The input gate reads the input x® at moment t and determines the information stored in the
neuron. Then the temporary state C(® of the memory cell at moment t is generated by the tanh layer.
Finally, the cell state is then updated to obtain the new cell state €. The calculation formula is given
as follows:

t—1
i© =g (W[4, x®] + ) (5)
~ t—1
C® = tant (W, - [é( ),x(t)] +b,) (6)
CO=fORKCcED +iOQCO (7)

In Egs (5)—~(7), i is the input gate state at moment ¢, which controls the amount of information
passed from x to C%; W; and b; are the weight and bias of the input gate; We and b. are the weight
matrix and bias term of the cell state; tanh is the hyperbolic tangent activation function; and @ is the
Hadamard product.

The output gate selects crucial information from the current state for output. The sigmoid layer
initially determines which part of the neuron state should be output. Then, the neuron state earmarked
for output passes through the tanh layer and is multiplied by the output of the sigmoid layer to yield
the output value 4, which also serves as the input value for the subsequent hidden layer. The
calculation formula is as follows:

00 =g (W, [ﬁ(t_l),x(t)] +bo) ®)

W =00 ® tanh ¢® (9)

In Egs (8) and (9), where 0(®) represents the output gate state at moment #; W, b, represent the
weight matrix and bias term of the output gate.

Temperature, humidity, and wind represent the three types of influencing factors in the original
load data. In order to mitigate the extent to which the less-correlated wind factor impacts the load, we
employ the feature generated by the BILSTM hidden layer as inputs to the simple parameter-free
attention mechanism known as SimAM. SimAM automatically assesses the significance of temporal
information extracted from the BILSTM hidden layer by comparing it to temporal data extracted from
the original load dataset. Deep temporal correlations are discovered by utilizing the inherent time-
series properties of the load data to systematically reduce the weights assigned to factors with low
correlation with actual loads, and focusing attention on the temperature and humidity factors with
higher correlation, thereby reducing the impact of redundant information on the load prediction results.
This is achieved by constructing a BILSTM model that integrates the SimAM attention mechanism.

SimAM is a simple parameter-free attention module, which constructs an energy function based
on neuroscience theory to identify key neurons. SIimAM attention outperforms standard attention
mechanisms by offering higher performance with fewer parameters. The SimAM algorithm initially
evaluates the relevance of each neuron. In neuroscience, information-rich neurons often display
distinct firing patterns compared to surrounding neurons. Moreover, active neurons frequently inhibit
adjacent neurons, resulting in null-space inhibition. Therefore, neurons with null-space inhibitory
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effects should be given priority. The following is the energy function used to identify key neurons by
assessing the linear separability between neurons:

P 1 M-1 A
ef(th bt,Y; xi) = (yf - t)z + m zi=1 (yO - xi)z (10)

In Eq (10), where £ = w,t + b, X, = wx; + b,.

Minimizing the above equation is equivalent to training the linear separability between neurons
within the unified channel and other neurons. By employing binary labeling and incorporating
regularization terms, the final energy function is presented as follows:

1 M-1
et(We, by, v, x;) = M1 Zi=1 (—1—(wex; + bt))z + (1 — (wet + bt))z + AWtZ (11)

Figure 6 illustrates the non-parametric attention mechanism SimAM module. It is evident that the
attention mechanism assigns different weights based on the significance of the original data, while also
considering the feature of various channels. This enables the model to focus more on the feature
attributes that exert the greatest influence on load prediction.

Channel-wise weights

Generation Expansion

g

H
X :
Fusion
W
C
Figure 6. Simple attention mechanism.
3. Results

3.1. Data processing and correlation analysis

The experimental data in this paper comes from the Kaggle public dataset Smart Meters in
London, which includes contains the energy consumption readings for a sample of 5567 London
Households that took part in the UK Power Networks led Low Carbon London project between
November 2011 and February 2014. The weather data is sourced from the official weather station,
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collecting various weather metrics at a sampling period of 1 day, these include maximum temperature,
dew point temperature, wind speed, pressure, visibility, humidity, moon phase, UV, and cloud cover.
Additionally, holiday data is incorporated, accounting for important holidays that significantly impact
residents’ electricity consumption; these include New Years Day, Good Friday, Easter Monday, May
Day Bank Holiday, Spring Bank Holiday, Summer Bank Holiday, Christmas Day, and Boxing Day.
The experiment is a short-term load forecast, and the data range is selected from January 1, 2012 to
December 31, 2013, with a time interval of one day, and the load forecast time scale is divided as
shown in Table 1. Preprocessing operations must be carried out on the dataset before model training
can commence, the main steps include outlier handling, screening for correlations, special value
handling, data expansion, and normalization.

Table 1. Load forecasting time scale division.

Load forecasting  Ultra-short-term Short-term Mid-term Long-term

Time scale Within one hour One day to one week January to one year More than one year

Outlier handling: The load data may contain missing data, unexpected fluctuations, and other
issues throughout the collection or transmission process due to the characteristics of measurement
equipment, energy supply restrictions, and other variables. Using raw data directly would introduce
too many intervening elements that could impact the prediction results. Therefore, we fill in the
missing and aberrant values with the average values of the relevant time points before and after the
point, ensuring the correctness and completeness of the data.

Screening for correlations: Included in the dataset are meteorological variables such as maximum
temperature, dew point temperature, wind speed, pressure, visibility, humidity, moon phase, UV, and
cloud cover. Utilizing the Pearson correlation coefficient, we computed the correlation coefficient
matrix between each weather element and the load value. The analysis revealed that the load value is
of particular interest due to its strong positive correlation with humidity and a significant negative
correlation with temperature. The depth of color in the correlation matrix visually represents the degree
of association. Pressure and moon phases exhibited the least correlation with energy consumption,
leading to their exclusion from further analysis. While wind speed demonstrates a lower correlation
with the load value, it is not significantly correlated with other factors, making it a viable variable for
consideration. Conversely, dew point temperature and UV are highly correlated with temperature,
leading to their exclusion. Similarly, cloud cover and visibility exhibit multicollinearity with humidity,
resulting in their exclusion from further analysis. Figure 7 illustrates the correlation coefficient values
obtained from this analysis.

Special value processing: In general, when a regular family has a holiday, the time spent at home
is always longer than on a workday, and energy consumption increases. Therefore, the holiday
becomes a particular node in the forecast process. Time series prediction algorithms that do not take
into account holiday information will produce poor prediction results at these nodes, lowering the
model’s overall forecast accuracy. Hence, the dates corresponding to holidays in the dataset are
explicitly eliminated. Table 2 displays some of the holiday statistics.

Mathematical Biosciences and Engineering Volume 21, Issue 2, 2323-2343.



2334

Temperatures 1.00 A B I X ¥ A . -0.35
Dew point 0.87 I I b I A I 0.48 -0.04
Wind -0.09 0.21 0.11 - 050
Pressures 0.00 -0.15 0.01
-025
Visibility 0.26 -0.37 -0.26
-0.00
Humidity 0.50 0.42
--0.25
Moon phase 0.01 -0.07 -0.03
Ultraviolet 1.00 -0.27 -0.78 - -0.50
Cloud cover -0.27 1.00 0.31
-0.75
Power load -0.91 -0.78 0.11 0.01 -0.26 0.42 -0.03 -0.78 0.31 1.00
-1.00
] & 2 & ) o > A SO
&Qe & e Ay °0° N Q\o" QC?'\

Figure 7. Weather factor correlation coefficient values.

Table 2. Data on selected holidays.

First year Holidays Second year Holidays

01/02 New Years Day 01/01 New Years Day

04/06 Good Friday 03/29 Good Friday

04/09 Easter Monday 04/01 Easter Monday

05/07 May Day Bank Holiday 05/06 May Day Bank Holiday
06/04 Spring Bank Holiday 05/27 Spring Bank Holiday
08/27 Summer Bank Holiday 08/26 Summer Bank Holiday
12/25 Christmas Day 12/25 Christmas Day

12/26 Boxing Day 12/26 Boxing Day

Data expansion: After the preliminary experimental analysis, it was found that relying only on a
small amount of cyclical data from January 1, 2012, to December 31, 2013, in the dataset does not
yield good prediction results. Therefore, we decided to use generative adversarial networks (GAN) to
expand the original data volume by learning the stochastic statistical laws implicit in the original real
load data. This approach allows us to generate corresponding period data, ensuring that the model can
fully extract the load characteristics and thereby improving the generalization ability of the model.
Taking the original data as the benchmark, the experimental data date is expanded to October 10, 2023,
increasing the dataset from the original 714 data to 4284 data. The distribution of the original and
generated data is shown in Figure 8.
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Figure 8. Before and after data expansion.

Processing for normalization: The normalization procedure serves to accelerate the convergence
rate of the loss function, prevent gradient explosions, and improve computational accuracy.
Normalizing the data is essential because, in real load forecasting, the model’s input typically consists
of data with varying scales. Removing the influence of different scales on the prediction results
enhances both the model’s accuracy and efficiency. Data normalization is achieved using the Min-Max
method, scaling the data to the range [0, 1], and the calculation formula is as follows:

X* = Xi—Xmin

L

Xmax—Xmin (12)
In Eq (12), X; represents the original measured data of the i sampling point; X; represents the

value after normalization of X;; X, and X,,;, represent the maximum and minimum values in the
measured data.

3.2. VMD data preprocessing

When the decomposition layer K value of VMD is too little, data under-decomposition occurs,
decreasing prediction accuracy, and when the K value is too big, modal repetition occurs, introducing
noise. Therefore, the center frequency method of Optimal Variational Mode Decomposition (OVMD)
is used to determine the optimal number of decomposition layers K. The most suitable penalty factor,
alpha, is determined using the Particle Swarm Optimization (PSO) method, while the remaining
parameters are set to their default values. Table 3 lists the optimal values for each parameter of VMD.
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Table 3. VMD parameter settings.

VMD K (Modal number) Alpha (Bandwidth constraint)
Values 5 1864

For regional electricity loads, meteorological parameters such as temperature and humidity
influence both the magnitude and timing of the daily load curve peak, introducing uncertainty into the
load data. When we analyze the five modal components obtained through VMD decomposition, IMF1
and IMF2 exhibit relatively low-frequency volatility but demonstrate noticeable periodicity. This
periodicity can partially reflect the load data in cyclic patterns and is advantageous for forecasting. On
the other hand, IMF3 to IMF5 display high-frequency and relatively abrupt changes, reflecting the
stochastic nature of the load data to some extent, and they can also be valuable for forecasting purposes.
Among them, the raw data components and the results of each modal decomposition have been
demonstrated in Figure 1. However, the residual component, characterized by low-frequency volatility,
lacks visible periodicity and can be safely disregarded. The time series load forecast data selected for
this paper is displayed in Figure 9 after undergoing VMD.
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Figure 9. Comparison of data waveforms before and after VMD processing.

3.3. Parameterization and evaluation metrics

Since deep learning inherently includes some randomness, this experiment employs multiple
cross-validations to ensure the results are more accurate and reliable. The final experimental results
are obtained by averaging the outcomes of 10 load prediction runs, which helps mitigate the impact of
any particular outlier experiment. The model takes an input window of 24 days, predicts a single step
for 1 day, is trained on data from day 0 to 3800, and predicts the range from day 3800 to 4284. The
neural network model for Dropout-CNN is configured with 64 convolutional kernels, 3 convolutional
layers, 2 pooling layers, 1 fully connected layer, a Dropout function layer with a parameter of 0.2, and
the ReLU activation function. For the BILSTM model, both forward and reverse neuron counts are set
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to 12, the optimizer used is RMSprop, the error evaluation employs the mean square error loss function,
there are 300 training cycles, and a total of 256 training batches. To ensure fair comparison experiments
and evaluate the learning performance of the proposed model, this study maintains consistent model
parameters with other comparable models in Table 4.

Table 4. Model parameter settings.

Name Parameters Name Parameters
Filters 64 Loss MSE
Kernel size 3 Epochs 300

Pool size 2 Batcha size 256
Strides 1 BILSTM (forward) 12
Activation RELU BILSTM (backward) 12
Dropout 0.2 BILSTM (12) 0.01
RMSprop 0.01 SimAM (L) 0.0001

The dataset is partitioned into training, testing, and validation sets with a distribution ratio of 7:2:1.
The neural network model undergoes training and validation, followed by predictions using the
validation set. Evaluation of the model relies on the coefficient of determination (R?), Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) as
indices. R2, which falls within the range of 0 to 1, quantifies the percentage of variance in the dependent
variable that can be attributed to the independent variable. A value closer to 1 signifies a stronger
regression fit, indicating a closer relationship between the regression sum of squares and the total sum
of squares, a better alignment of the regression line with the data, and a tighter association between the
variations in y and x. For this reason, R? is often referred to as the “Goodness of Fit” statistic.
Furthermore, smaller values of MAE, RMSE, and MAPE suggest reduced errors and improved model
accuracy. The following formulas are used for calculation:

2 _ 4 _ ZOi-9)?
R =1-300» (13)
1 ~
emar = - iz |9 — vil (14)
eRMSE = \/Z:;l(yi — 9:)? (15)
_100% L T
eware = 2570 ) 1752 (16

In Eqgs (13)—(16), where y; represents the true value, y; represents the predicted value, where y
represents the sample mean; n represents the total number of test samples.

3.4. Ablation experiment

In order to verify the superiority of the BILSTM-SimAM algorithm proposed in load forecasting,
the test set sampling points used included 3800 to 4284 for a total of 484 days, this paper adopts the
ablation experimental method model with variables including:
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e  Original BILSTM: BILSTM,;

e BILSTM-1: CNN+BILSTM+Attention;

e BILSTM-2: Dropout-CNN+BILSTM+Attention;

e BILSTM-3: VMD+Dropout-CNN+BILSTM+Attention;

e BILSTM-SimAM: VMD+Dropout-CNN+BILSTM+SimAM.

Table 5. Comparison of evaluation indexes of ablation experimental.

Method R’ MAE RMSE MAPE
Original BILSTM 0.927 0.393 0.469 0.042
(BILSTM)

BILSTM-1 0.935 0.355 0.441 0.029
(CNN+BILSTM+Attention)

BILSTM-2 0.948 0.332 0.329 0.021
(Dropout-CNN+BILSTM+Attention)

BILSTM-3 0.965 0.243 0.302 0.018
(VMD+Dropout-CNN+BILSTM+Attention)

BILSTM-SimAM 0.978 0.192 0.245 0.016

(VMD+Dropout-CNN+BILSTM+SimAM)
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Figure 10. Decomposition predicted effect of ablation experiment.

The R? coefficient of the original BILSTM model is 92.7%. BILSTM-1 incorporates the traditional
CNN model and the Attention mechanism, resulting in an improved R? of 93.5%. BILSTM-2 introduces
the Dropout function to the CNN model, leading to an R? of 94.8% and highlighting the positive impact
of Dropout on network accuracy. BILSTM-3 achieves an R? of 96.5% by utilizing VMD for modal
decomposition of the original data. BILSTM-SimAM enhances the traditional Attention mechanism
with SImAM, combining VMD, Dropout-CNN, and SimAM, which significantly improves accuracy,
resulting in an R? of 97.8%, a 5.1% increase over the original BILSTM. Table 5 shows the results of
the ablation experiment.
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To provide a clearer demonstration of the improved model is efficiency, we tested it on the test
dataset. The results, depicted in Figure 10, show that the prediction curve generated by the BILSTM-
SimAM algorithm closely aligns with the actual value curve. This verification confirms the
effectiveness and superiority of the algorithm proposed.

3.5. Comparison experiment

Figure 11 illustrates that the prediction curve generated by our proposed short-term load
forecasting algorithm closely resembles the actual value curve. This demonstrates the superior
prediction performance of the BILSTM-SimAM algorithm when compared to single models such as
CNN-LSTM, CNN-DBILSTM-Attention, Prophet, MLP, and Transformer.

Table 6. Comparison of evaluation indexes of contrasting experimental.

Method R? MAE RMSE MAPE
CNN-LSTM 0.923 0.385 0.467 0.046
CNN-DBILSTM-Attention 0.935 0.351 0.435 0.032
Prophet 0.942 0.336 0.412 0.028
MLP 0.951 0.298 0.378 0.024
Transformer 0.958 0.256 0.336 0.023
BILSTM-SimAM 0.978 0.192 0.245 0.016

Actual value
—— BILSTM-SimAM
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Prophet
CNN-DBILSTM-Attention
——— CNN-LSTM

Power load (KW)
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Figure 11. Comparison of experimental model prediction effects.

The fitting impact of the composite neural network model put forward in comparison to the
Transformer, MLP, Prophet, CNN-DBILSTM-Attention, and CNN-LSTM models is then verified by
a set of comparative tests. Table 6 displays the prediction results, comparing the predicted values to the
actual values for each model. Compared with the baseline algorithm, the model presented demonstrates
significant improvements: I average R? increases by 2.0%, 2.7%, 3.6%, 4.3%, and 5.5%, respectively;
the average MAE decreases by 6.4%, 10.6%, 14.4%, 15.9%, and 19.3%; the average RMSE decreases
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by 9.1%, 13.3%, 16.7%, 19.0%, and 22.2%; and the average MAPE decreases by 0.7%, 0.8%, 1.2%, 1.6%,
and 3.0%.

Tle improved algorithm BILSTM-SimAM proposed shows a significant improvement in R? and
a considerable decrease in MAE, RMSE, and MAPE. These results indicate that the model prediction
performance is significantly enhanced, confirming the validity of the BILSTM-SimAM algorithm for
short-term electric electricity load forecasting.

4. Discussion

In conclusion, our proposed algorithm takes into account multiple features influencing load
changes on the customer side and demonstrates promising results in short-term electricity load
forecasting. Notably, no other mainstream algorithms have achieved comparable accuracy based on
the same experimental setup. Due to limitations in the dataset, we were unable to explore holiday load
forecasting or study the influence of economic factors on household electricity load. In our future
research, we plan to incorporate electricity prices as one of the features affecting load forecasting and
investigate holiday load forecasting to achieve more accurate predictions. Additionally, the algorithms
in this paper will exhibit excellent applicability in the context of a smart city energy internet.

5. Conclusions

In this paper, we propose an improved short-term forecasting algorithm for electric load based on
multiple features. To address the volatility and randomness of the time load sequence, the original load
sequence is first divided into IMF modal components with smoother features using VMD. Each IMF
modal component is then input into the improved CNN network, which utilizes the stochastic
deactivation function for multi-feature extraction. Finally, the feature change patterns are learned using
the BILSTM model, incorporating the simple parameter-free attention mechanism. The validation and
analysis of real load datasets demonstrate that the BILSTM-SimAM combined network proposed in
this paper outperforms the BILSTM single model. It results in reductions of 20.1%, 22.2%, and 2.6%
in the MAE, RMSE, and MAPE error evaluation indices, respectively, and an increase of 5.1% in the
R? coefficient of determination. This confirms the validity and practicality of the model presented in
this article, which can serve as a guide for load forecasting on the energy consumption side of the
intelligent integrated energy internet systems, and provides a basis for the construction of smart cities.
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