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Abstract: In order to balance power supply and demand, which is crucial for the safe and effective
functioning of power systems, short-term power load forecasting is a crucial component of power
system planning and operation. This paper aims to address the issue of low prediction accuracy
resulting from power load volatility and nonlinearity. It suggests optimizing the number of hidden
layer nodes, number of iterations, and learning rate of bi-directional long- and short-term memory
networks using the improved sparrow search algorithm, and predicting the actual load data using
the load prediction model. Using actual power load data from Wuxi, Jiangsu Province, China, as
a dataset, the model makes predictions. The results indicate that the model is effective because the
enhanced sparrow algorithm optimizes the bi-directional long- and short-term memory network
model for predicting the power load data with a relative error of only 2%, which is higher than the
prediction accuracy of the other models proposed in the paper.

Keywords: short-term power load forecasting; long- and short-term memory networks; bidirectional
long- and short-term memory networks; improved sparrow search algorithm

1. Introduction

Electricity is a special kind of secondary energy that is produced, transmitted, dis-
tributed and consumed simultaneously. This means that power generation on the supply
side and power consumption on the user side are in a dynamic equilibrium relationship.
When power generation and consumption are not balanced, it can cause safety accidents
and lead to large economic losses for the power system and users. Given the characteristics
of electric energy and the randomness of load changes, the accurate forecasting of power
loads and predicting trends in advance can help the power sector make timely and scientific
decisions, guaranteeing the electrical grid’s continuous, secure, and reliable functioning.

Power load and past climatic data are the foundations of power load forecasting. This
explores the change rule of power load history and predicts future load based on this anal-
ysis. Based on the time horizon, power load forecasting is separated into four categories:
ultra-short-term, short-term, medium-term, and long-term. Long-term power load fore-
casting covers the next three to five years and provides a basis for grid planning depart-
ments in their vision planning [1,2]. Medium-term power load forecasting covers the next
one month to one year and provides a reference for equipment maintenance plans. Short-
term power load forecasting covers the next few hours to a few days and can be used for
grid arrangement and scheduling plans [3,4]. Ultra-short-term power load forecasting cov-
ers a time range of one hour in the future and can be used for preventive emergency control
and handling of emergencies.
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The goal of current research on short-term power load prediction has been to increase
prediction accuracy. Numerous conventional techniques, including regression analysis,
time series, and comparable day approaches, have been employed in earlier research. But
these methods usually have some limitations, such as low accuracy, weak ability to inte-
grate influencing factors and low sensitivity to input data. With the fast growth of computer
science and artificial intelligence, machine learning approaches have been brought into the
field of short-term power demand forecasting. These methods comprise random forests
(RF), support vector machines (SVM), artificial neural networks (ANN), and long- and
short-term memory networks (LSTM). These approaches make up for the drawbacks of
standard load forecasting methods, increase the accuracy of short-term power load predic-
tion, and present fresh concepts for short-term power load forecasting.

Along- and short-term memory network is a form of recurrent neural network (RNN)
architecture utilized in the field of machine learning, which is ideal for the classification,
manufacturing, and prediction of time series data. Research academics at home and abroad
have applied LSTM to the field of load forecasting in recent years by analyzing the in-
fluence of important factors such as meteorology and regional economy and construct-
ing and improving forecasting models [5-7]. Reference [8] proposed a short-term power
load forecasting method based on a convolutional neural network (CNN) and a long- and
short-term memory network (LSTM), which employs CNN to extract the feature vectors
of the input data, and the feature vectors are utilized as inputs to the LSTM forecasting
model. Better forecasting results are achieved by analyzing the example of the power load
in Bangladesh, but both CNN and LSTM require a large amount of computation, which
requires strong hardware support, and the setting of too many parameters is also a ma-
jor problem. In reference [9], to increase the accuracy of short-term power load forecast,
the article adopts the variational modal decomposition (VMD) method to decompose the
original power load data signals, and then the deconstructed sub-signals and the origi-
nal signals are formed into a new dataset fed into the neural network for training so that
the artificial neural network can learn more information, and its ability to predict is more
outstanding, but the sub-signals after the decomposition of VMD usually lack intuitive in-
terpretation, which can make the prediction results difficult to understand. Reference [10]
proposed a discrete particle swarm (DPSO)-optimized short-term power load prediction
model for a long- and short-term memory network (LSTM), which employs the DPSO tech-
nique to improve the parameters of the LSTM model, and in the case study, real data from
four provinces in central China are used to test the efficiency of the suggested model, but
DPSO may encounter the dimension disaster problem.

LSTM can learn historical knowledge and has a memory function for historical infor-
mation. However, it only has the ability to acquire forward knowledge and cannot acquire
backward information well. To make each moment contain contextual information, some
scholars have proposed a bi-directional long- and short-term memory network (BiLSTM)
by combining the bi-directional recurrent neural network (BIRNN) model with the LSTM
unit. The BiLSTM is an upgrade of the LSTM, which not only absorbs forward information
but also employs backward information efficiently [11]. Reference [12] proposed an im-
proved prediction model for BILSTM: the authors used improved particle swarm optimiza-
tion (IPSO) to improve the settings of BILSTM, and the experimental findings demonstrate
that the IPSO-BiLSTM model has superior prediction outcomes to the LSTM model and
BiLSTM model. Reference [13] developed a short-term power load forecasting approach
based on an attention system and simultaneous long- and short-term memory network.
It leverages the attention mechanism to emphasize the input elements that play a crucial
role in load forecasting and then combines with the BILSTM model for forecasting, which
achieved better forecasting results in the example simulation, but its complexity is too high.

In this study, we propose the creation of a novel short-term power load forecasting ap-
proach utilizing the modified simplex approach sparrow search algorithm (SMSSA) mixed
with a bidirectional long- and short-term memory network (BiLSTM). The approach lever-
ages the SMSSA algorithm to maximize the number of hidden layer nodes, the number of
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iterations, and the learning rate of BILSTM, and to decrease the uncertainty of manual trial
settings. Finally, simulation analysis is carried out utilizing data from the Wuxi region in
Jiangsu Province, China, and the analysis findings suggest that the approach described in
this research has a strong prediction performance.

2. Long- and Short-Term Memory Networks

Long- and short-term memory (LSTM) is an upgraded recurring neural network pro-
posed by Hochreiter and Schmid Huber in 1997 [14]. LSTM avoids the problem of gradient
vanishing of ordinary RNNs when confronting long-term dependencies, and it is an effi-
cient RNN design. Figure 1 demonstrates the basic framework of LSTM.
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Figure 1. Structural diagram of long and short-term memory network. x denotes the Hadamard
product and + denotes addition and recognizes the existence of explanations below.

LSTM introduces the concepts of gates and memory cells in each hidden layer. The
forgetting gate deletes old input data and resets the memory unit; the input gate adds
fresh valid information to the memory unit; and the output gate activates the valid infor-
mation for filtering and output to the succeeding network. This approach of managing the
memory units by three gating units overcomes the problem that RNNs cannot acquire
long-distance temporal relationships and successfully mitigates the gradient vanishing
problem [15-17]. This makes LSTM an appropriate neural network topology for tackling
the long-term dependence problem. The state update equations for the basic units of LSTM
are shown in Equations (1)—(6):

ft = o (Wylhi—1, x:]) + by (1)
it = o(W; - [hy_1, xt]) + b; )
Cr = tanh(W, - [hy_1, x¢]) + be (3)
Ct=fioCrq+iroC 4)

or = 0(Wo - [hy—1, x¢]) + bo (5)
hy = o4 o tanhC; (6)

where x; is the input at time f; f;, iy and o; denote the forgetting gate, the input gate, and
the output gate, respectively; a; is the input node state at time f; C;_; and C; are the cell
states at time t — 1 and time ¢, respectively; h;_1 and h; are the outputs at time t — 1 and
time t, respectively; ¢ is the sigmoid activation function; tanh is the hyperbolic tangent
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function; Wy, Wi, We and bf, b;, be, b, are the corresponding weight matrices and bias
vectors; and o denotes the Hadamard product.

3. Bidirectional Long- and Short-Term Memory Networks

LSTM can learn historical knowledge and has a memory function for historical in-
formation. However, it only has the ability to acquire the forward knowledge and cannot
acquire the backward information well. To learn contextual information at each moment,
several academics have merged the bidirectional recurrent neural network (BiRNN) model
with LSTM units for gathering contextual information and have suggested the bidirectional
long- and short-term memory network model.

The bidirectional long- and short-term memory (BiLSTM) network model is an improve-
ment of the LSTM network, which not only learns the forward information but also utilizes
the backward information effectively [18]. The framework of BiLSTM is given in Figure 2.
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Figure 2. BiLSTM structure diagram.

As shown in Figure 2, the BILSTM neural network has two directions of hidden layers,
a pre-hidden layer forward training time series and a post-hidden layer backward training
time series, and both the pre-transmission and post-transmission layers are connected to
the output layer. x is the model input, & is the hidden layer state, and y is the output. The
BiLSTM operation is as follows:

r r r r r
hy = f(w-xt +ovhi1+ b) (7)
hi = f(@-x; +0-hy_1 +b) @)
r S
ye = g(U[he, he] +c) )

r r
where by and h;_q denote the forward LSTM hidden layer states at moments f and ¢ — 1, re-

S S
spectively; hy and h;_1 denote the reverse LSTM hidden layer states at momentstand t — 1,
r s
respectively; w, 0, wand 0 are the corresponding weights; b, b are the corresponding

biases; x; is the input at moment ¢; and y; is the output at moment ¢.

4. Improving Sparrow Search Algorithm to Optimize Bidirectional
Long- and Short-Term Memory Networks

The power load sequence is fundamentally time-series data containing interconnected
earlier and post-input power load data, which is useful for creating a suitable short-term
power load forecasting model employing bidirectional long- and short-term memory net-
works. When employing the BiLSTM model for short-term power load prediction, the
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learning rate and the number of training times have a very big influence on the model
prediction performance. The learning rate influences whether the model can successfully
converge to the ideal value, and choosing too big a learning rate will make the model os-
cillate and not converge at the optimal value, while choosing too small a learning rate will
make the model training very slow and reduce the efficiency of the model operation [19].
The selection of the number of training times has a major impact on the model fitting: set-
ting the number of training times too high eventually produces model overfitting, whereas
if the number of training times is too little, the curve-fitting effect may not be good. Further-
more, the performance of the model is also influenced by the neural network structure. The
BiLSTM model’s structure can be optimized by choosing the right number of hidden layer
layers and nodes. Through this process, the model can reach its optimal performance [20].
Therefore, in this study, an enhanced sparrow search algorithm (SMSSA) is utilized to au-
tomate the parameter selection of the BILSTM model to increase the prediction accuracy
and model generalization of the BILSTM model.

4.1. Principles of Sparrow Search Algorithm

The sparrow search method (SSA) is a unique optimization method introduced by
Jiankai Xue in 2020, which gives a new way to handle complicated global optimization is-
sues [21]. Sparrows are flocking birds and have strong memory compared to other birds.
There is a definite division of work within the sparrow’s population: one portion is termed
the discoverer, and the other part is called the follower. The finders are responsible for locat-
ing food and providing the populace with foraging places and guidance, while the followers
receive food through the finders. The behavior of sparrows can be described as follows:

Step 1: Finders often have large amounts of energy reserves and supply forage loca-
tions and search routes for anyone searchers.

Step 2: When a sparrow discovers a predator, it emits a warning signal. When the warn-
ing signal is bigger than a safety threshold, the finder moves all followers into a safe region.

Step 3: Every sparrow has the potential to be a finder, provided a good food source can be
provided. The ratio of discoverers to followers remains constant throughout the population.

Step 4: Sparrows with greater access to food will act as producers. To obtain more
food, hungry followers will likely fly elsewhere to forage for more food.

Step 5: Followers follow the best finder in search of food. Additionally, there will be
predators that may continually observe the finders and compete for food.

Step 6: Sparrows in the middle of the group move swiftly to a safe region to acquire
a better position when they confront danger, whereas those in the middle of the group
approach other sparrows randomly.

A sparrow search algorithm may be created using a mathematical model thanks to the
behavioral description of sparrows. Assuming that there is a population of N sparrows,
the locations of the sparrows may be represented by the following matrix:

X110 X1d
X=1|:1 " (10)
Xnl 0 Xpd

where n denotes the number of populations and d denotes the dimension of the
optimization variable.
The fitness values in the population may be represented by the following matrix:

f([xin - xa)
Fx = o (11)
([xn.l T xn.d])
where n denotes the number of populations, and the value in each row of Fx denotes the
fitness value of an individual.
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In a colony, the discoverer has a high degree of energy reserves and may supply for-
aging locations and search routes for other followers. During each cycle, the positioning
of the discoverer is revised by the following formula:

X1 = = (12)
i X+ QL if Ry > ST

where t indicates how many iterations are performed in the moment.; Xlt j indicates what
the jth dimension of the ith sparrow is worth when there are ¢ iterations; iter,;;x indicates
the most iterations that can be made; « is an arbitrary number; R, indicates the value of
the alarm; ST is the safety threshold, whereby R, < ST denotes that there are no predators
around, and foraging can be carried out extensively, and R, > ST indicates that some
sparrows in the population have discovered a predator, and they have moved to other
secure locations to feed; and L is a full 1 matrix of 1*d.

Followers forage under the leadership of the finder; if they see the finder finding good
food, they go to the finder to compete for food, thus changing their status to become a
finder, and the ones that do not get food fly elsewhere. The formula for updating followers
is shown below:

ngurstixl?j cros
Xt Q-exp| — 7 ifi>n/2

i (13)
X5+ ‘Xf] - Xf,“‘ - AT - L if otherwise

where X, indicates the ideal position right now; X! ., is the poorest position available
right now; A represents a 1*d matrix where a random value of 1 or —1 is assigned to each
entry and AT = AT(AAT) - ; 1 > n/2 denotes that followers who have not been fed are
most likely to starve and must search elsewhere for food.

Scouts make up 10-20% of the entire population, and their locations are determined at
random when locating that population. The modified mathematical model is displayed below:

t t t
Xpest TP+ ‘Xi.j - X,

est lf fl> fg
X?J,rl = t t
1] Xt + K ‘Xi.jixworst . -
K\ G ) Hit ks

(14)

In the formula, X}, , implies that it is the current global optimum position; B shows
the step control parameter, which follows the distribution of normal values.; Kis a random
value; f; shows the worth of individual adaptability as of right now; f, shows the value
of the global optimum adaption; f;, is the least favorable adaption value; and e shows the
lowest constant, to prevent the circumstance of the denominator being 0. f;> f, implies
that the sparrow is near the edge of the population; Xj ., denotes the current center of the
population, around which is the safest; f; = f; signifies that the sparrow placed in the

center of the population is aware of the danger and needs to move to another spot.

4.2. Improved Sparrow Search Algorithm

The traditional sparrow search algorithm produces disadvantages such as delayed
convergence and easy fall into local optimization; for this reason, some academics have sug-
gested a simple guided sparrow search algorithm (SMSSA) method to enhance the search
mechanism, respectively, for the finder search mechanism and scout’s scouting mechanism
of the sparrow population, and at the same time, introduce the simplex method of poorly
adapted sparrows for each iteration for the position update to improve the algorithm per-
formance [22]. The specific improvements are as follows:
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(1) Improving the search mechanism

As the core of the whole population operation, the discoverer provides a rich food area
and search direction for the population, and it may be claimed that the behavior of the dis-
coverer has a big effect on the convergence of the complete algorithm. From Equation (3), it
is known that when R, < ST, that is, when no predator is found in the population, the dis-
coverer can carry out extensive foraging; however, some scholars have found that there is
a certain degree of randomness in this foraging phenomenon, which will somewhat slow
down the rate of convergence. To solve this problem, some scholars have proposed im-
proving the mechanism of discoverer search. The improved mathematical model is given
in the following equation:

. k
termax—t 1 /
Xt = Xl (exp(lffer,m - 1) : m) if Ry 2 5T (15)
’ Xf]_l’_QL ZfRzZST

where ¢ indicates how many iterations are performed in the moment.; k denotes the
regulation factor.

Equation (15) is mainly improved based on Equation (12), which can adaptively reg-
ulate the descending rate of the discoverer’s position update operator by adjusting the
value of k. The operator’s rate falls off further as k grows in value. From Equation (15), it
can be shown that the position update formula of the discoverer increases the number
of iterations, t, which makes the position update formula display nonlinear variations
and enhances the variety of the method. In addition, the absence of the random factor
in Equation (15) increases the stability of the algorithm.

(2) Improving the detection mechanism

There are limitations in the standard sparrow search algorithm with its scouting mech-
anism. It is mainly manifested in the fact that when the population discovers danger, the
scouts in the middle of the colony approach their neighbors to decrease predation, which
leads the algorithm to fall into a local optimum, and the scouts outside the population
approach the safety domain with a random step, which leads to a slower convergence of
the algorithm.

Therefore, the scouting factor ¢(t) is introduced to improve the scouting mechanism,
using @1 () as an alternative to the population center scout’s step factor, where ¢1(t) rep-
resents K in Equation (14), and ¢,(t) as an alternative to the population edge scout’s step
factor, where ¢, (t) represents g in Equation (14). The specific formulas of ¢1(t) and ¢»(t)
are as follows:

P1(t) = @i+ (95 — 9i) - (1 — 7o-—)"
" \n (16)
P2(t) = @i = (¢ — i) - (1 = 757—)

where ¢; denotes the initial value of ¢; ¢; denotes the final value of ¢; t indicates how
many iterations are done at the moment; iter;;, indicates the most iterations that can be
made; and n denotes the nonlinear adjustment factor.

(3) Introduction of simplex mechanism

For each iteration of the poorly adapted part of the individual using the simplex
method of the relevant operations, the simplex method is mainly divided into reflective,
expansion, and contraction operations. The reflective operation enables the individual to
reverse the direction of the search, increasing the individual search space. The expansion
operation makes the individual far away from the optimal solution and stops the program
from slipping into the local minima. The compression operation brings the individual
closer to the optimal position. Using the simplex operation greatly increases the search
capability of the sparrow search algorithm.
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The particular implementation phases of the simplex mechanism are as follows:

Step 1: Establish the population, compute and rank the fitness of individuals, record
the globally optimal individual X}, and its fitness value f},, and the suboptimal individual
and its fitness value f;. Define X, = (Xp + X¢)/2.

Step 2: Perform reflection operation on the m poorly positioned points w, and define
X, = Xc + a(X, — Xy), where « is the reflection coefficient.

Step 3: Judge whether f, < f;, and then perform the expansion operation, X, =
X + B(Xr — X¢), where B is the expansion coefficient; if f, < f;, then w = X, and vice
versa w = X;.

Step 4: Judge whether f, < fy, and then perform the compression operation, X, =
X — 7(X; — X¢), where 7 is the compression coefficient; if f, < fy,, then w = X, and vice
versa w = X;.

Step 5: Judge whether f > f > f,, and then perform the contraction operation, X5 =
X —0(Xw — Xc), where o is the contraction coefficient, and o = v; if f; < f, thenw = X;.

(4) Improving Sparrow Search Algorithm Flow

Step 1: Establish the population and SMSSA parameters: the highest quantity of iter-
ations Tj,qy, the population size N, the search upper bounds ub and Ib, the dimension d,
and the proportion of discoverers P.

Step 2: Calculate and rank individual fitness, and record the optimal, sub-optimal and
worst fitness individual positions, X;, X; and Xy, and their fitness values, f;, f; and fy.

Step 3: Update the discoverer position according to Equation (15).

Step 4: Update the follower position according to Equation (13).

Step 5: Update the detection of this location according to Equation (16).

Step 6: Define X. = (Xj + X¢)/2, reflective operation for m poorly positioned indi-
viduals w, X, = X, + a(X. — Xy), reflective individuals with adaptation degree f.

Step 7: Judge the size relationship between f;, f, fw and f; according to the simplex
method, and then decide whether to perform the expansion, compression or telescoping
operation on the m individuals with the worst fitness.

Step 8: Loop Step 2-Step 7, ascertain whether the iteration condition is met, and if so,
call the loop out.

Step 9: End of step, return the optimal position and fitness.

4.3. Improved Sparrow Search Algorithm Performance Test Simulation

The sparrow search algorithm and the modified sparrow search algorithm were de-
scribed in the previous part, and in order to evaluate their optimization searching abilities,
three typical benchmark test functions are selected in this section to test the performance
of these two methods.

(1) Test Functions

1. Sphere function

le, x; € [~100,100] (17)

This function is a nonlinear symmetric single-peaked function with only one global ex-
treme point, and the function achieves a global minimum f; (x) = 0 whenx= (0,0,---,0)
This function allows for a test of the algorithm’s optimization-seeking accuracy.

2. Griewank function

40002x$—]‘[cos< >+1 x; € [—600,600] (18)

This function contains a large number of local extremes over the entire range, and
there exists a global minimum extreme value f,(0) = 0. The use of this function enables a
test of the algorithm’s capacity to move beyond the local and continue the search.
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3. Rastrigin function

N
Z[x — 10cos (27x;) + 10] € [-5.12,5,12] (19)
1

This function is a multi-peaked function with a large number of local extreme points,
and at x = (0,0, ...,0), there is a global minimum point, and there is some difficulty in
finding the global minimum point, so this function can be a test of the algorithm’s global
optimization-seeking ability.

(2) Comparison of algorithms

In order to assure the fairness of the algorithms and the control variables in this study,
the size of the population is set at 30, and the highest possible number of iterations is set
at itery.x for 100. Three test function parameter configurations are provided in Table 1:

Table 1. Test function parameter settings.

Test Function Dimension Space Search Target Value
Sphere 20 (—100, 100) 0.0
Griewank 20 (—600, 600) 0.0
Rastrigin 20 (—5.12,5.12) 0.0

The results of testing SSA and SMSSA with the three test functions are shown
in Figures 3-5:
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Figure 5. Iterative change diagram of Rastrigin function.

Figures 3-5 show the performance curves of the two optimization techniques under the
three test functions, from which it can be shown that the convergence speed of SMSSA is sub-
stantially quicker than that of SSA. To better assess the convergence outcomes of the two al-
gorithms, the average and standard deviation of the two methods were calculated after each
function is carried out 30 times, and the experimental findings are provided in Table 2.

Table 2. Comparison of performance between SSA algorithm and SMSSA algorithm.

Test Function Arithmetic Tg;?iﬁz:zl Average Value Standard Deviation
Sphere SSA 0 1.18 x 10~2 3.76 x 10~%
SMSSA 0 6.23 x 10734 3.19 x 10734
Griewank SSA 0 3.76 x 1012 3.72 x 10712
SMSSA 0 722 x 10715 6.38 x 10715
Ristrigin SSA 0 1.58 x 1011 5.00 x 10~
SMSSA 0 329 x 10713 1.28 x 10713

Table 2 shows that the average SSA value in the sphere test function is 1.18 x 10~2°
while the average value of SMSSA is 6.23 x 10~34, and compared to SSA, the accuracy of
SMSSA is nine orders of magnitude greater. In the Griewank function, the average value
of SSA is 3.76 x 10712, while the average value of SMSSA is 7.22 x 10~15, and at this time,
SMSSA is three orders of magnitude more accurate than SSA; in the test of the Ristrigin
function, SMSSA accuracy is two orders of magnitude better than SSA. From the above, it
can be learned that SMSSA is better than SSA in searching ability. It shows that SMSSA
is able to find function values that are closer to the optimal value during the optimization
search, indicating that it has better optimization results

4.4. Construction of SMSSA-BiLSTM Models

According to the deep learning theory and the characteristics of the prediction mo-
del [23,24], the BILSTM network model is optimized using the SMSSA method, which is
largely separated into the following three phases:

(1) Establish the BILSTM network model’s structure, including how many nodes are in
each input layer, how many layers are in the hidden layer, and how many nodes are
in the output layer. The number of nodes in the hidden layer is obtained by utilizing
an optimization algorithm to determine which is the best.

(2) The SMSSA method is used to maximize the learning rate, number of trainings, and
number of nodes in the BILSTM network’s hidden layer.

(38) The optimized model is used to estimate the real load and assess the performance of
the model.

To analyze the advantages and drawbacks of the individual locations of SMSSA pop-
ulations, this study employs the error between the output value of the BILSTM model and
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the real value as the fitness function of the SMSSA algorithm. In this study, the MAE func-
tion is chosen as the fitness function of the algorithm, and the function formulation is given
in the following Equation (20).

1k o
MAE = ;;'Xi - Xi| (20)

where X; denotes the predicted value; X; denotes the true value; and n denotes the size of
the population.

4.5. Prediction Process of SMSSA-BIiLSTM Model

The specific steps and flowchart of the optimized BiLSTM network prediction model

based on SMSSA algorithm are shown in Figure 6:

@

&)

®)

(4)

Determine the initial parameters of the model. Determine the sparrow population
size N, the maximum number of iterations T};;x, the upper bound ub and lower bound
Ib of the population search, the dimension d, and the proportion of discoverers P. Use
a random function to determine the sparrow’s starting location. Count the number
of nodes in the BiLSTM network’s input and output layers as well as the number of
hidden layers.

Determine each sparrow’s specific adaptations and note where the best, worst, and
suboptimal adaptations are found, X;, X; and Xy, as well as their adaptation values,
f br f t and f w*

The sparrow’s position is updated by the finder, follower, and warning formulas,
and the hyperparameters constrained by the boundary function are passed into the
BiLSTM prediction model to return the adaptation values. Replaces are made if the
current sparrow position’s ideal adaptation value is greater than the optimal posi-
tion’s adaptation value; otherwise, nothing changes.

Determine if the algorithm has finished. If the number of iterations reaches the maxi-
mum number of iterations T}, and model accuracy, output the location of the ideal
population, feed the acquired parameters back to the BILSTM prediction model, and
predict the trained optimization model on the original data to obtain the result.
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Figure 6. SMSSA-BiLSTM model prediction flow chart.
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5. Simulation Analysis

In this study, the proposed SMSSA-BiLSTM short-term load forecasting model is ver-
ified using the real load data of the Wuxi region in Jiangsu Province, China in 2018. In this
section, simulation analysis is carried out in three steps: firstly, the data and simulation
environment required in the experiments in this section are determined; then, the exam-
ple simulation of the established model is carried out; and finally, the performance effect
of the model is compared and analyzed through the load curves, relative error plots, and
the indicators such as RMSE, MAE, and MAPE.

5.1. Data Selection and Simulation Environment
(1) Selection of data

In this article, the genuine electric load data of an area in 2018 is picked. The load
data have a sample interval of fifteen minutes; that is, there are 4 sampling points in each
hour, and a day comprises 96 sample points. Since the electric load has different change
characteristics in different seasons, and the change characteristics of spring, fall, and winter
are similar, they are taken as the first type of date; summer is the most special, and summer
is taken as the second type of date. Therefore, in this section, the power load data from
1 March 2018, 0:00 to 31 March 2018, 24:00 in the region will be used as the first type of
research object, which is used to describe the model’s prediction in the spring, fall, and
winter, whereby the data collected before to 31 March serve as the training set, and the data
collected on 31 March serve as the test set; the power load data from 1 July, 0:00 to 31 July
are adopted as the second type of research object to describe the model’s prediction in
summer, where the training set is the data collected before 31 July, and the test set is the
data collected on 31 July.

(2) Simulation environment

In this paper, MATLAB is chosen as the simulation environment, and the program-
ming environment used is MATLAB version 2021a; the computer processor was Intel core
i7 10875H, using a Windows 11 system.

(3) Error evaluation metrics

To assess the superiority of this paper’s suggested SMSSA-BiLSTM model, the follow-
ing three error evaluation metrics will be used to evaluate the model in this paper.

1 )
RMSE = [} (i = i)’ 1)
i=1
1 n
MAE = 2} lyi = 9il (22)
i=1
n PRp— A,
MAPE = 12 Wyi=9il . 1000, (23)
i3 Y

where nis the sample capacity, y; is the value of the predicted output, and ; is the actual value.

5.2. Simulation Process and Analysis

In this part, a multiple-input, multiple-output model is used to forecast the 96-load
data of the following day using the 96-load data of the previous day and the highest and
lowest temperature of the following day. The present study employs a BILSTM model with
two hidden layers. The number of nodes in hidden layer 1 is set to 200, and the number of
nodes in hidden layer 2 is set to 20. The learning rate is set at 0.005. The model has 98 input
nodes and 96 output nodes. The number of nodes of both hidden layers is set to [1, 300]
for the search of optimization, the range of training times is set to [10, 300], the number
of sparrow population is set to 5, the maximum number of iterations is set to 10, and the
search of optimization for the learning rate is set to [0.01, 0.001]. In the SSA and SMSSA
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optimization algorithms, the warning value is set to 0.6, the proportion of discoverers is set
to 0.7, the proportion of aware of dangerous sparrows is set to 0.2, and the worst number
of sparrows for the simplex search in SMSSA is set to 5. The inertia weight in PSO is set
to 0.8, and the learning factors are all set to 1.5. The following are the simulation results of
each combined model.

The overlap between the real and projected values of many models, including SMSSA-
BiLSTM, SSA-BiLSTM, and PSO-BiLSTM, is rated from high to low in Figures 7 and 8. Due
to the sparrow search algorithm’s advantage for the optimization time, the SSA-BiLSTM
and SMSSA-BIiLSTM load profiles fluctuate more than the PSO-BiLSTM load profiles and
are smaller and more stable. In SMSSA-BiLSTM, the best-fitting results are obtained due to
the stronger optimization seeking ability of the improved sparrow optimization algorithm.
Further, their relative error curves are plotted as shown in Figure 9.
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Figure 7. Forecast results for 31 March.
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Figure 8. Forecast results for 31 July.

The relative errors of the three models for the first and second types of dates are dis-
played in Figures 9 and 10, from which it is evident that the SMSSA-BiLSTM model has the
highest forecast stability and the least amount of variation in relative errors, and most of its
relative errors are concentrated near 2%, followed by the SSA-BiLSTM model, which per-
forms a little bit poorer; the largest fluctuation of relative errors is that of the PSO-BiLSTM
model, whose relative errors are more concentrated near 5%, which indicates that the pre-
diction results of the SMSSA-BiLSTM model are more accurate. Table 3 shows the predic-
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tion values of the three models on 31 March in order to further quantify the prediction
errors of each model.
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Figure 9. Prediction errors of different network models on March 31st.
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Figure 10. Prediction errors of different network models on July 31st.

Table 3. Predicted values of different load forecasting models.

Sampling Point Actual Value PSO-BiLSTM SSA-BiLSTM SMSSA-BILSTM
(MW) (MW) (MW) (MW)
1 3048 2747.11 2903.35 3123.14
2 3067 2909.45 3066.95 3131.26
3 3052 2958.33 3046.46 3103.63
4 3029 2961.12 3046.35 3121.46
5 3025 2988.31 2972.88 3099.32
6 3016 2997.53 2895.25 3066.20
7 3019 2947.23 2831.53 3070.89
8 3001 2985.50 2817.96 2947.12
9 2959 2992.92 2832.80 2897.79
10 2927 3012.80 2922.70 2936.87
11 2953 3010.87 2898.15 2939.44
12 2929 2972.52 2945.42 3005.58
13 2927 2922.96 3011.40 3026.32
14 2911 2886.00 3046.37 3001.41
15 2887 2804.23 2924.19 2917.03
16 2906 2678.05 3046.82 2864.42
17 2904 2657.74 3010.11 2817.48
18 2917 2686.11 3012.36 2849.18
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Table 3. Cont.

Sampling Point Actual Value PSO-BiLSTM SSA-BIiLSTM SMSSA-BiLSTM
(MW) (MW) (MW) (MW)
19 2908 2737.43 3018.44 2828.40
20 2918 2821.99 3058.16 2832.48
21 2937 2954.65 3027.39 2852.91
22 2944 3076.14 3102.34 2903.58
23 2981 3164.35 3022.83 2896.01
24 2998 3272.54 2969.08 2988.25
25 3095 3374.65 3029.18 3046.53
26 3198 3411.10 3018.59 3155.55
27 3230 3393.57 2966.55 3207.54
28 3252 3395.72 3109.89 3293.16
29 3296 3430.21 3191.35 3327.88
30 3300 3493.47 3338.41 3458.48
31 3437 3588.89 3435.89 3555.30
32 3669 3704.28 3627.80 3677.18
33 3723 3803.90 3771.55 3800.62
34 3824 3935.53 3948.94 3936.64
35 3956 3982.81 3947.52 4063.60
36 4035 4090.46 4048.83 4103.73
37 4057 4139.46 4077.96 4159.73
38 4105 4241.07 4037.80 4220.50
39 4180 4271.11 4014.56 4246.69
40 4164 4248.36 4015.98 4186.14
41 4201 4198.59 4028.03 4188.56
42 4160 4220.04 4017.73 4096.38
43 4103 4035.01 3918.28 3974.41
44 4067 3901.14 3855.39 3917.36
45 3827 3874.28 3721.49 3776.09
46 3685 3744.66 3581.93 3679.55
47 3509 3686.84 3535.65 3632.12
48 3595 3688.05 3610.30 3684.94
49 3681 3673.98 3564.26 3709.10
50 3847 3639.41 3682.40 3817.39
51 3879 3655.12 3787.28 3823.51
52 3946 3666.19 3774.13 3929.55
53 3980 3699.21 3724.60 3915.93
54 3977 3726.61 3789.13 3910.37
55 3922 3726.48 3804.39 3984.26
56 3896 3857.93 3850.61 3997.45
57 3967 3897.54 3906.38 4019.75
58 3910 3927.59 4012.46 4080.65
59 3993 3909.16 4010.41 4093.94
60 3953 3938.80 3957.31 4060.62
61 3886 3860.73 3859.73 4104.93
62 3941 3917.16 3803.81 4027.03
63 3973 3940.04 3749.71 4032.20
64 3963 4004.98 3794.97 4019.75
65 3986 3937.14 3801.11 4021.05
66 3939 3949.48 3821.72 4057.08
67 3874 3880.77 3839.87 4058.12
68 3892 3825.82 3749.89 3982.33
69 3732 3740.79 3623.82 3896.62
70 3589 3814.75 3573.08 3857.26
71 3575 3826.02 3542.31 3734.95
72 3623 3734.69 3554.83 3645.18
73 3665 3770.85 3650.56 3618.00
74 3626 3769.68 3695.80 3600.15
75 3664 3665.84 3784.51 3613.52
76 3753 3550.13 3781.90 3620.93
77 3717 3568.19 3805.00 3692.27
78 3743 3495.66 3771.43 3729.30
79 3705 3424.45 3715.54 3775.04
80 3673 3432.33 3625.07 3739.84
81 3599 3457.64 3639.64 3709.07
82 3645 3490.29 3515.21 3651.94
83 3605 3521.31 3415.00 3642.90
84 3537 3623.05 3404.88 3587.46

85 3544 3643.25 3371.99 3510.71
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Table 3. Cont.
Sampling Point Actual Value PSO-BiLSTM SSA-BiLSTM SMSSA-BiLSTM
(MW) (MW) (MW) (MW)
86 3581 3692.53 3364.86 3492.24
87 3521 3703.73 3410.67 3504.95
88 3492 3701.34 3469.24 3393.38
89 3425 3610.68 3431.17 3383.56
90 3342 3620.40 3487.35 3323.01
91 3319 3472.42 3410.15 3233.84
92 3233 3354.25 3247.19 3119.12
93 3155 3242.35 3129.31 3051.70
94 3126 3240.47 3105.42 3027.70
95 3064 3198.01 2933.46 3059.66
96 3019 3280.52 3041.63 3259.66

Table 3 demonstrates the true and predicted values for 31 March at 15 min intervals.
Various error evaluation metrics can be calculated from this table. To see the magnitude of
every model inaccuracy, this paper uses the evaluation indexes RMSE, MAE, and MAPE
to calculate the error, and various types of model errors are obtained, as shown in Table 4.

Table 4. Comparison of prediction errors of different models.

Errors PSO-BiLSTM SSA-BiLSTM SMSSA-BiLSTM
RMSE 147.7229 114.5868 90.1895
first type MAE 121.1514 93.2343 74.3971
MAPE 3.54% 2.72% 2.10%
RMSE 156.6372 143.8687 115.0086
second type MAE 119.8673 115.3176 92.1552
MAPE 3.10% 2.85% 2.28%

As can be seen in Table 4, SMSSA-BiLSTM predicts the smallest MAPE values in both
categories of dates. In the first category of dates, the MAPE of SMSSA-BiLSTM decreases
by 1.44% and 0.62% compared to PSO-BiLSTM and SSA-BiLSTM, respectively; in the sec-
ond category of dates, the MAPE of SMSSA-BiLSTM decreases by 0.82% and 0.57% com-
pared to PSO-BiLSTM and SSA-BiLSTM, respectively. Comparing the results with the
other two algorithms it can be demonstrated that SMSSA-BiLSTM can predict the ‘thresh-
old” more accurately.

6. Conclusions

This paper firstly introduces the bidirectional long- and short-term memory network
(BiLSTM), which is an improvement of the long and short-term memory network (LSTM),
which efficiently uses the backward information in addition to learning the ahead infor-
mation, so it can fully learn the load data. Then, an enhanced sparrow search algorithm is
presented, which primarily addresses algorithmic issues with the classical sparrow search
algorithm’s population adaptation, search mechanism, and detection mechanism. It also
addresses issues with the classical sparrow algorithm’s slow convergence speed and ten-
dency to fall into local optimality. This serves as the foundation for the establishment of a
short-term power load forecasting model that uses an improved sparrow search algorithm
to optimize BILSTM. The model compares its parameters, including the number of hidden
layer nodes, learning rate, and training times, to those of SSA-BiLSTM and PSO-BiLSTM.
Real load data from 2018 in Wuxi, Jiangsu Province, China, are chosen for example analysis
in order to verify the prediction performance of the prediction model proposed in this pa-
per. The results demonstrate the effectiveness of the SMSSA-BILSTM model, with a small
error and good fitting effect.
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