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Abstract

Backpropagation Neural Networks (BPNNs) are widely used in fault diagnosis and parame-
ter prediction due to their simple structure and strong universal approximation capabilities.
However, BPNNs suffer from slow convergence and susceptibility to poor local minima un-
der basic gradient descent settings. To address these issues, this paper proposes a Balanced
Grey Wolf Optimizer (BGWO) as an alternative to gradient descent for training BPNNs.
This paper proposes a novel stochastic position update formula and a novel nonlinear
convergence factor to balance the local exploitation and global exploration of the traditional
Grey Wolf Optimizer. After exploration, the optimal convergence coefficient is determined.
The test results on the six benchmark functions demonstrate that BGWO achieves better
objective function values under fixed iteration settings. Based on BGWO, this paper con-
structs a training method for BPNN. Finally, three public datasets are used to test the BPNN
trained with BGWO (BGWO-BPNN), the BPNN trained with Levenberg-Marquardt, and
the traditional BPNN. The relative error and mean absolute percentage error of BPNNs’
prediction results are used for comparison. The Wilcoxon test is also performed. The test
results show that, under the experimental settings of this paper, BGWO-BPNN achieves
superior predictive performance. This demonstrates certain advantages of BGWO-BPNN.

Keywords: balanced grey wolf optimizer; backpropagation neural network; global opti-
mization; regression problem

MSC: 65K10

1. Introduction

Neural networks are among the most significant innovations in the field of intelligent
computing. They emulate the neurons of the human brain and possess capabilities such as
self-organization, self-learning, function approximation, and robust nonlinear mapping.
Consequently, they are extensively researched and applied by scholars across a wide range
of disciplines. With continuous development, various types of neural networks have
been proposed, such as Radial Basis Function Neural Networks [1], Recurrent Neural Net-
works [2], and Convolutional Neural Networks [3], among others. In practical applications,
Backpropagation Neural Networks (BPNNs) are the most well-known. They feature a
simple structure, high operational flexibility, and the ability to model arbitrary nonlinear
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input-output relationships. Due to their unique advantages, BPNNs are widely applied in
key fields such as artificial intelligence, data mining, and image processing.

The traditional BPNN is implemented based on the error backpropagation method [4]
and updates its weights and biases through the gradient descent (GD) algorithm. This
method exhibits limitations such as slow convergence and a susceptibility to becoming
trapped in local optima [5]. It may also exhibit issues such as gradient instability [6],
which significantly hampers the practical performance of neural networks and leads to
reduced accuracy. To address these issues, several improved methods were proposed
during the early development of BPNNSs. For instance, Patrick [7] employed the conjugate
gradient method; Gao et al. [8] introduced the homotopy method, extending the concept of
zero-point path tracking in homotopy theory to the tracking of minimum energy function
paths in multilayer feedforward networks; Peng et al. [9] proposed a novel error the
Cauchy estimator to replace the traditional Least Mean Squares error estimator. With
further research, more advanced optimization algorithms have been developed beyond
traditional gradient descent. These include first-order methods represented by Adam and
second-order methods represented by Levenberg-Marquardt (LM). Adam is an intelligent
optimizer that integrates momentum and adaptive learning rates, offering good robustness
and high efficiency. The LM algorithm combines the Gauss-Newton method and gradient
descent, offering advantages such as fast convergence and high accuracy. Compared to
Adam, it is more suitable for small-scale neural networks. However, the Adam algorithm
requires hyperparameter tuning and exhibits relatively poorer generalization ability; the LM
algorithm suffers from a proneness to local optima and significant memory consumption.

To address the existing issues, an increasing number of meta-heuristic algorithms are
being applied to the training of neural networks [10-12]. By integrating natural principles
with mathematical problems, a variety of meta-heuristic optimization algorithms have
been proposed. Over the past few decades, the proposed meta-heuristic algorithms can
be primarily categorized into four groups: swarm intelligence-based algorithms, human
behavior-based algorithms, evolution-based algorithms, and physics-based algorithms.
Among them, several representative algorithms, such as the Sparrow Search Algorithm [13],
the Atomic Search Algorithm [14], and Ant Colony Optimization [15], are not only ap-
plied in computer science but are also extensively utilized in the field of engineering
optimization. Typical applications include controller parameter optimization [16], image
segmentation [17], and reliability problems [18]. Meta-heuristic algorithms have become so
prevalent because they possess a set of core advantages for tackling real-world complex
problems that traditional optimization methods lack. For instance, meta-heuristic algo-
rithms exhibit strong versatility and “black-box” processing capabilities; secondly, they
have powerful global exploration abilities, significantly reducing the risk of becoming
trapped in local optima; moreover, the concepts behind meta-heuristic algorithms are
intuitive and relatively easy to implement. However, for some complex optimization
algorithms, their computational cost may be relatively high. When comparing population-
based meta-heuristics with gradient-based training methods, it is essential to control the
computational budget.

Among the many meta-heuristic optimization methods, the Grey Wolf Optimizer
(GWO) [19] is a bio-inspired algorithm known for its simple structure and fast convergence.
The algorithm and its improved versions are applied in areas such as image segmentation,
controller parameter optimization, and integrated production decision-making optimiza-
tion [20-22]. At the same time, GWO has been extensively applied in the training of BPNN.
This GWO-based BPNN has been utilized in numerous fields. For example, Cui et al. [23]
combined BPNN with GWO for fault diagnosis in the anti-skid system of a certain aircraft
model, achieving an accuracy rate as high as 95%, which outperformed traditional PNN
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and BP diagnostic models. To address the prediction of fatigue life in corrosive environ-
ments, Zhou et al. [24] proposed a novel model by integrating GWO and BPNN, thereby
achieving accurate predictions for high-strength steel strands. Zhang et al. [25] introduced
GWO to enhance the BPNN, thereby developing a new Grey Wolf Optimizer algorithm-
optimized BPNN algorithm (GNNA), specifically designed for predicting species’ potential
distribution. After testing the model performance on 23 different species, this GNNA
demonstrated outstanding capability in predicting the potential non-native distribution of
invasive plant species. However, GWO still suffers from shortcomings such as dependence
on the initial population [26] and often struggles to balance global exploration with local
exploitation [27]. To make GWO more suitable for optimizing the weights and biases of
BPNN:S, this paper proposes a Balanced Grey Wolf Optimizer (BGWO), which incorporates
a stochastic position update formula and a nonlinear convergence factor.
The main contributions of this paper are as follows:

(1) A novel stochastic position update formula is proposed, which reduces the depen-
dence of the wolf pack on the leading wolves and enhances the global search capability
of the GWO.

(2) A novel nonlinear convergence factor is proposed, enabling the GWO to achieve
rapid exploration in the initial iterations and meticulous exploitation in the later
iterations. The global and local search performance of the BGWO is validated using
six benchmark functions.

(3) Based on the BGWO, a training method for a BPNN is constructed. Three widely used
public datasets are used to train and test BPNNs under different training methods.
The results show that, under the experimental settings of this paper, the BPNN trained
with the BGWO (BGWO-BPNN) demonstrates superior predictive performance.

The remainder of this paper is organized as follows: Section 2 introduces the traditional
Grey Wolf Optimizer. Section 3 proposes the Balanced Grey Wolf Optimizer and tests it
using benchmark functions. Section 4 constructs a BPNN based on the BGWO and conducts
testing and analysis with public datasets. Section 5 presents the conclusions.

2. Traditional Grey Wolf Optimizer

The GWO algorithm is a bio-inspired optimization algorithm proposed by Mirjalili
et al. [19], which simulates the hunting behavior and social hierarchy of grey wolf packs
in nature. This algorithm treats the prey’s position as the ultimate goal and mimics the
hunting process of grey wolves.

As shown in Figure 1, the grey wolf population is divided into a strict four-level
social hierarchy: o wolf, 3 wolf, 6 wolf, and w wolves. In the GWO, each grey wolf
individual in the pack corresponds to a candidate solution. The « wolf acts as the leader
responsible for decision-making, corresponding to the optimal solution; the 3 wolf assists
the & wolf, corresponding to the suboptimal solution; the & wolf serves as scouts and
sentinels, corresponding to the third-best solution; and the w wolves consist of ordinary
members in the pack, representing other candidate solutions. The top three wolves lead
the others in searching for and attacking prey.

Assuming the search space is D-dimensional, and the number of grey wolves is N, the
position vector of the n-th grey wolf at the ¢-th iteration is given by Equation (1):

X = [xl Xy - xD} 1)

The fitness of every candidate solution (grey wolf) is determined by the objective
function in each iteration. According to the fitness values, the top three best-performing
grey wolves are selected as the « wolf, 3 wolf, and & wolf, with their position vectors
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denoted as X, Xg, and X;, respectively. The remaining grey wolves are designated as
w wolves. The hunting (solving) process is guided by the top three wolves, while the
remaining grey wolves move based on the positions of these three. When an individual
grey wolf updates its position during the prey search, it must first calculate its distance to
the currently selected « wolf, 3 wolf, and 6 wolf using Equation (2):

Dy = |Co- Xo — Xb|
Dp = |Cy - Xp — X}| 2)
Ds = |Cc- X5 — X}

where Dy, Dg, and D; represent the distances between the individual grey wolf and the
current & wolf, 3 wolf, and & wolf, respectively. C, = 2r1, Cp, = 21, and C; = 2r3, where
r1, 2, and r3 are random numbers between 0 and 1. These three coefficients are used to
simulate the randomness in the movement of grey wolves around the prey.

a wolf
(Leader)

B wolf
(Assistant)

wwolevs
Regular Member)

Figure 1. Grey wolf population hierarchy.

According to distances to the current o wolf, 3 wolf, and § wolf, the w wolves adjust
their movement (position update) during the hunting process to move closer to the prey.
The position of the w wolves is updated according to the position update formula shown
in Equation (3):

Xy = Xo — Ag- Dy
Xp=Xp—Ap-Dg
Xe=Xs—Ac-D;
X1t1+1 _ Xa+?§b+Xc

®)

where X,, X;,, and X, represent the adjusted positions of the w wolf influenced by the «, 3,

and & wolves, respectively. The new position X,,‘*!

of the grey wolf is obtained by taking
the average of these values. A;, Ay, and A, are a set of dynamic coefficients that determine
the intensity and direction of the grey wolves’ movement toward the prey. The values of
these three coefficients influence how closely the grey wolves encircle the prey, thereby
affecting the exploratory and exploitative nature of the search behavior. The calculation

method for A,, Ay, and A, is as follows:
Ag=a-(2ry—1)

Ap=a-(2rs-1) 4)
Ac=a-(2r¢—1)

a=2<1—%) 5)
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In Equation (4), r4, r5, and 7 are random numbers between 0 and 1, and a is the
convergence factor. In Equation (5), T is the maximum iteration count, and ¢ represents the
current iteration number. The value of 2 decreases from 2 to 0 during the iteration process,
simulating the behavior of grey wolves gradually closing in on their prey during the hunt.
After each position update, when a dimension in the grey wolf’s position vector exceeds
the search boundary, it is reinitialized using Equation (6):

x = (up — low)rand + low (6)

where low is the lower boundary of the dimension, up is the upper boundary of the
dimension, and rand is a random number within the range [0, 1].

When the maximum iteration count is reached, the position vector of the final o« wolf
is taken as the optimization result.

3. Balanced Grey Wolf Optimizer

To address the shortcomings of the traditional GWO, we propose improvements in
two key aspects, resulting in a Balanced Grey Wolf Optimizer (BGWO) that incorporates a
novel stochastic position update formula and a novel nonlinear convergence factor.

3.1. Selection of Benchmark Functions

To evaluate the subsequently proposed BGWO, we first selected six commonly used
benchmark functions. The information on these benchmark functions is presented in
Table 1, and their distribution characteristics in three-dimensional space are illustrated in
Figure 2. References [28,29] provide detailed descriptions of these benchmark functions.
The functions we selected are representative to some extent. F1, F2, and F3 are unimodal
functions, which effectively test the convergence of algorithms. F4, F5, and F6 exhibit
multimodal characteristics, meaning they possess multiple local minima. These multimodal
functions are particularly well-suited for evaluating the optimization algorithm’s local
exploitation and global exploration capabilities.

Table 1. Benchmark functions.

Fun Name Multimodal Mathematical Expression Range fnin
d
F1 Sphere No flx) = 21 xiz [—30, 30] 0
1=
F2 Rosenbrock No flx) = dil [100(xi+1 _ xlg)Z ¥ (x— 1>2] [—30, 30] 0
i=1
, 2
F3 Schwefel 1.2 No Flx) = % - x [—30, 30] 0
i=1\j=1 J
F4  Schwefel 2.22 Yes F(x) = 5|2 + 11| [—30, 30] 0
i=1 i=1
. d d .
F5 Griewank Yes e Lo & ( X ) 41 [-600,600] 0
S0 = goao %~ L eos\ 77
. . d P22 When d = 30,
F6 Michalewicz Yes Flx) = 71.;1 sin(x;) - sin® (”;;) [0, 7] Fin = —29.63
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Figure 2. Images of benchmark functions in three-dimensional space.

3.2. Nowvel Stochastic Position Update Formula

In GWO, if the guiding roles of «, 3, and & wolves are overly dominant, it can easily
lead to a premature convergence of the population. Fundamentally, excessive reliance on
information from the leadership hierarchy during individual position updates causes rapid
decay in population diversity. Under these conditions, premature convergence may trap
the algorithm in local optima or result in the oversight of the global optimal solution.

To address the aforementioned issue, this paper modifies Equation (3) and proposes
a novel stochastic position update formula. Its mathematical expression is shown in
Equation (7):

Xa =Ry - (Xo —As-Dy)
Xp =Ry - (X)g—AbD/g)
Xc =Rz - (X5 — Ac - Dys)
X;'H — Xa+)§b+Xc

@)

where Rj, Ry, and Rj are newly introduced random numbers designed to increase the
randomness of the influence exerted by the leading wolves on other grey wolves. To
prevent the random numbers from simultaneously taking the value of 0, which would
cause the wolf pack to converge toward the origin, the range of these random numbers
must be greater than 0. Therefore, in this paper, Ry, Ry, and Rj in Equation (7) are set as
random numbers within the interval [0.5, 1.5]. When one of these random numbers is less
than 1, the influence of the corresponding leading wolf on the position update of the grey
wolf individual is weakened; when the random number is greater than 1, the influence
is enhanced. Since Rj, Ry, and Rj are randomly and uniformly distributed within the
interval [0.5, 1.5], the probabilities of enhancement and weakening are equal in the overall
perspective. However, during each iteration, the same leading wolf exerts different degrees
of positional influence on different grey wolf individuals. Therefore, the inclusion of
these three random components mitigates the individuals’ overdependence on the leading
wolves, thereby effectively slowing the decay of population diversity.
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We used the multimodal functions F5 and Fé from the previous section to validate
the optimization performance of the GWO using this stochastic position update formula
(SPU-GWO). The number of iterations is set to 30, and the population size is set to 20. We
illustrate trajectories in 1D for visualization; benchmark statistics are computed in D = 30,
as specified below. For ease of observation, we set the search range for F5 to [-100, 100],
while the search range for F6 is [ 2, 2m].

As shown in Figure 3b, the global minimum of F5 is 0, located at x = 0. The variation
in grey wolf positions during the iterative optimization process for SPU-GWO and GWO is
illustrated in Figure 3a. During the early stages of the search, the grey wolf population in
GWO prematurely clustered and eventually converged to a local optimum near the global
optimum of F5. In contrast, SPU-GWO maintained higher population diversity than GWO
in the initial search phase and ultimately converged more accurately to the global optimum.

100

T 5 T T T
*  SPU-GWO
o GWO

@)

o

50

i
ég Babbsaesssaasessascsssscs -

Grey Wolf Position
o

,50 -

*
*
—
T

o
OO ** Ok¥® *¥xOBDB@HKO*O * O
*HoGEDEDRD kK

l@&@k@*@% %O*%%@O@D* HoHE QD

O
~100 . . . . s 0 ) .
0 5 10 15 20 25 30 —-100 -50 0 50 100
Number of Iterations X
(a) Grey wolf position variation with iteration count (b) Two-dimensional plot of benchmark function F5

Figure 3. Variation in grey wolf positions while seeking the global minimum of the multimodal
function F5.

The two-dimensional plot of F6 is shown in Figure 4b. The 1D landscape suggests
several local minima in the chosen range. The local minima are located at x = —5.88,
x = —3.88, and x = 2.22, while the global minimum is at x = —4.98. The reported locations
are verified numerically for the exact function definition and bounds. The variation in grey
wolf positions during the search for the global minimum of F6 by SPU-GWO and GWO
is depicted in Figure 4a. GWO prematurely converged to the local minimum at x = 2.22,
indicating that it fell into a local optimum trap. In contrast, SPU-GWO correctly converged
to the global minimum at x = —4.98. Furthermore, during the early stages of the search, the
population position diversity of SPU-GWO is higher than that of GWO.

The test results of benchmark functions F5 and Fé6 fully demonstrate that the SPU-
GWO, which incorporates the stochastic position update formula, can prevent premature
clustering of the wolf pack, thereby exhibiting stronger global search capabilities.
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Figure 4. Variation in grey wolf positions while seeking the global minimum of the multimodal
function Fé.

3.3. Novel Nonlinear Convergence Factor

The exploitation capability of the traditional GWO depends on the value of A,, A,
and A; in Equation (4), and the values of A;, A, and A, are, in turn, influenced by the
convergence factor a in Equation (5). The convergence factor of the traditional GWO
decreases linearly from 2 to 0. Padhy et al. [30] demonstrated that such a linearly decreasing
convergence factor fails to effectively distinguish between global search and local search.
When using GWO for optimization, the search space is typically larger in the early stages,
requiring rapid exploration. In contrast, as the search progresses and the prey is approached
more closely, overly large step sizes can easily cause the algorithm to overshoot the search
space and prematurely fall into local optima. Therefore, a more careful and precise search is
needed in the later stages. To address the aforementioned issue with the linear convergence
factor, this paper proposes a novel nonlinear convergence factor, whose mathematical
expression is shown in Equation (8):

a = 2en(Th) 8)

where f represents the current iteration number, k is the convergence coefficient of the
convergence factor, and T is the maximum iteration count.

Given the complexity of the mathematical formulas for the nonlinear convergence
factor a and its derivative, we will not conduct a detailed analysis of their mathematical
properties. Instead, we will describe and discuss the characteristics of their variation
through intuitive graphical representations. When the convergence coefficient k takes
different values, the variation in a during the iteration process is shown in Figure 5. During
the initial iterations, a decreases rapidly, enabling swift identification of potential extreme
values during global search. In the later stages, the rate of decrease slows down, resulting
in smaller search step sizes, which helps prevent missing the global optimum. Furthermore,
it can be observed that a larger k value leads to a slighter decrease in 4 in the later stages.
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Figure 5. Novel nonlinear convergence factor.

To balance rapid exploration in the initial phases and precise optimization in the later
phases, k needs to be set to an appropriate value. To determine the most appropriate value
of k, we tested the optimization performance of BGWO under different k values using six
benchmark functions. For ease of comparison, we normalized the global optimal values
of the benchmark functions under different k values according to Equation (9). The final
results are shown in Figure 6. The figure indicates that the global optimum does not exhibit
a definitive mathematical relationship with parameter k. However, overall, the graph
exhibits characteristics of a quadratic function, with all benchmark functions achieving
their minimum values around 2 and 2.2. Based on the above experimental results, this
paper sets k to 2.2:

y = X — Xmin (9)

Xmax — Xmin

2
(o}

0.6

0.4

o
[N}

Normalized Global Optimum

1 1:5 2 25 3
Convergence Coefficient, k

Figure 6. Optimization performance of BGWO on benchmark functions under different convergence
coefficients.

3.4. Algorithm Performance Validation

To validate that the improvements made to the GWO algorithm are effective, this paper
utilizes the six benchmark functions in Table 1 as objective functions to test BGWO, GWO
with only the stochastic position update formula (SPU-GWO), and the traditional GWO.

All convergence curves in Figure 7 are reported as the mean over 30 independent runs
(same setting as Table 2).
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Figure 7. Benchmark function convergence curves under different algorithms.
Table 2. Test results under different algorithms.
Fun Metric BGWO SPU-GWO GWO
MEAN 8.273 x 1074 0.001 61.782
F1 STD 9.247 x 1074 0.001 23.159
Runtime (s) 0.046 0.040 0.043
MEAN 28.932 29.187 7.002 x 10*
F2 STD 0.0624 0.196 5.617 x 10*
Runtime (s) 0.038 0.035 0.035
MEAN 0.006 0.092 680.283
E3 STD 0.005 0.119 241.96
Runtime (s) 0.043 0.040 0.042
MEAN 0.095 0.166 178.879
F4 STD 0.065 0.098 1.021 x 103
Runtime (s) 0.046 0.042 0.044
MEAN 0.143 0.247 7.305
F5 STD 0.351 0.367 2.131
Runtime (s) 0.042 0.039 0.042
MEAN —9.723 —9.344 —9.178
Fé6 STD 1.242 0.870 0.846
Runtime (s) 0.038 0.037 0.036

The maximum number of iterations for each algorithm is set to 30, the population
size is set to 20, and the dimensionality of the search space is set to 30. To mitigate errors
caused by random initialization of the population in each run, the standard deviation (STD)
and the mean value (MEAN) from 30 independent runs of each algorithm are taken as

comparative parameters.
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The convergence curves of the benchmark functions are shown in Figure 7. It can
be observed that BGWO and SPU-GWO demonstrate better convergence performance
compared to GWO. For F3 and F6, the performance improvement of the algorithm is
particularly evident after incorporating the nonlinear convergence factor. Since meta-
heuristic algorithms evaluate multiple candidate solutions per iteration, their required
computational budgets differ. Therefore, we calculated the average actual runtime for each
algorithm over 30 independent runs. The programming tool used is MATLAB, and the
CPU is an 15-8265U. The version of MATLAB we used is R2019b. As shown in Table 2, the
runtime of each algorithm is very similar when tested on the same benchmark function. As
shown in the table, the MEAN values of BGWO are lower than those of the other algorithms,
indicating that BGWO can achieve better objective function values under the fixed iteration
settings. Additionally, except for F6, the STDs of BGWO are also lower than those of the
other algorithms, which further demonstrates that BGWO consistently attains results of
similar precision across independent runs, highlighting its higher stability.

4. BPNN Based on BGWO
4.1. Construction of BGWO-BPNN

For a BPNN, since data sample spaces are often high-dimensional, multimodal, and
contaminated by noise, training the weights and biases of a BPNN is considered a challeng-
ing optimization problem. BGWO is a heuristic algorithm, and a crucial step in training
BPNNSs using heuristic algorithms is selecting an appropriate encoding strategy. The pur-
pose of choosing an encoding strategy is to represent the weights and biases of the BPNN
as optimization variables for the heuristic algorithm. According to reference [31], encoding
strategies can be categorized into three distinct types: vector encoding, matrix encoding,
and binary encoding. Among these, vector encoding is particularly well-suited for training
neural networks [32].

The implementation process of the vector encoding strategy is as follows: all weights
and biases of the BPNN are expanded and concatenated into a one-dimensional vector W.
The vector W is treated as the position vector of the GWO and is updated according to the
methods described in Sections 2 and 3. After the update is completed, the position vector is
decoded back into the bias matrices and weight matrices of the BPNN. The fitness of the
corresponding grey wolf is then calculated according to the current prediction output of
the BPNN.

Based on the encoding strategy and Equation (1), this paper represents the weights
and biases of a BPNN as the position vectors of the wolf pack in the BGWO during each
iteration of training. The position vector is shown in Equation (10):

Wy = wint wipt - w6t 6t - 6 (10)

where w; ;° represents the connection weight from the i-th neuron in the c-th layer to the j-th
neuron in the (c + 1)-th layer. 6, denotes the bias of the h-th neuron in the (c + 1)-th layer.

After defining the position vectors for the BGWO, it is also necessary to define the
fitness function. The goal of training a BPNN is to input training samples into the network,
utilize the BGWO for optimization to obtain appropriate weights and biases, and thereby
enable the BPNN to achieve high approximation and prediction accuracy for the target
problem. Therefore, the sum of squared differences between the actual output values of the
BPNN and the expected output values is used as the fitness for the BGWO, serving as an
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indicator of the BPNN'’s performance. The calculation formula for the fitness function is
shown in Equation (11):
s m 2
Fitness = ) 2(0? — df’) (11)
h=1i=1
where 0, represents the actual output value of the i-th output neuron when the network is
fed with the h-th training sample; ;" denotes the expected output value of the i-th output
neuron when the h-th training sample is applied; s indicates the number of training samples,
and m is the number of output units in the BPNN.
In summary, the training process of the BGWO-based BPNN is illustrated in Figure 8.

Input Parameter

Apply z-score
standardization
to the data

Weight
Initialize the wolf and Bias
population positions
(weight and bias
matrices)

Calculate the fitness of each
—» grey wolf and select the a,
B, d and w wolves

Fitness Calculation
Formula

Update the position of]  Fitness

the w wolf

True Value

Final weight and
bias matrices
(Position of the
a wolf)

No

Reach the maximum
umber of iterations or,
accuracy

End

Figure 8. Training process of BGWO-BPNN.

4.2. Test Results and Discussion

As shown in Table 3, this paper selected three public datasets—Abalone, Boston House
Prices, and Energy Efficiency—to train and test the BPNN trained with BGWO (BGWO-
BPNN), the BPNN trained with LM (LM-BPNN), and the traditional BPNN. These datasets
and their detailed information can be obtained from the University of California, Irvine
(UCI)’s Machine Learning Repository. The core characteristic of these datasets is the use
of easily measurable physical or chemical attributes to predict a continuous variable that
is difficult to obtain directly but holds significant value. These three widely used public
tabular datasets are well-suited for training regression tasks. To adapt to the aforementioned
three datasets, the network structure constructed in this paper is shown in Table 4. All
BPNNSs have no activation function in the Output Layer, while the activation functions
for Hidden Layer 1 and Hidden Layer 2 are both the Tanh function. Its mathematical
expression is shown in Equation (12):

eX —e ¥

Tanh(x) - W

(12)
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Table 3. Public datasets.

Dataset Name

Input/Output Metric

Abalone

Sex, Length, Diameter, Height, Whole weight,
Shucked weight, Viscera weight, Shell weight, and Rings
Output Values Age of the Abalone

Input Values

CRIM, ZN, INDUS, NOX, RM, AGE,

Boston House Prices Input Values DIS, RAD, TAX, PIRATIO, B, and LSTAT
Output Values Median House Price
Relative Compactness, Surface Area, Wall Area,
Enerev Efficienc Input Values Roof Area, Overall Height, Orientation,
gy y Glazing Area, and Glazing Area Distribution
Output Values Heating Load
Table 4. Neural network architecture.
Dataset Number of Inputs Number of Neurons Number of Neurons Number
P in Hidden Layer 1 in Hidden Layer 2 of Outputs
Abalone 9 6 5 1
Boston House Prices 12 8 7 1
Energy Efficiency 8 6 5 1

Random numbers in the range [0, 1] are generated using MATLAB’s rand function,
with a fixed seed of 2 for reproducibility. We then assign these random numbers to each
entry in the dataset and sort the data entries in ascending order according to these random
numbers. The first 80% of each dataset is used for training, and the remaining 20% is
used for testing. The parameter settings for each algorithm in BPNN training are shown
in Table 5. Due to the fact that population-based algorithms evaluate multiple candidate
solutions per iteration and the varying code complexities of different algorithms, to ensure
a fair performance comparison among all algorithms, we have set the actual runtime for
each algorithm to 3 s.

Table 5. Parameter settings for algorithms in BPNN training.

Algorithm Parameter Value
GO Fopulaton
6 e e

The test results for the three datasets are shown in Figure 9, Figure 10, and Figure 11,
respectively. We also conduct the Wilcoxon test, and the results are displayed in the box
plots from Figures 9-11. The prediction error is defined as the relative error (RE), and its
calculation method is given in Equation (13):

(13)

P—-D
w5

D

where P is the predicted value of the BPNN, and D is the true value of the test sample.
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Figure 9. Test results for the Abalone dataset.
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Figure 10. Test results for the Boston House Prices dataset.
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Figure 11. Test results for the Energy Efficiency dataset.
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From the test results, BGWO-BPNN achieves smaller errors compared to LM-BPNN
and the traditional BPNN. A significant difference is observed at the 5% level with respect
to prediction performance, favoring BGWO-BPNN over the traditional BPNN in all experi-
mental cases. There is a significant difference between BGWO-BPNN and LM-BPNN in the
Energy Efficiency dataset.

To provide a more intuitive comparison of the predictive performance of the two
neural networks, we calculated the mean absolute percentage error (MAPE) of the test
samples for comparison. The method for calculating the MAPE is shown in Equation (14):

MAPE Ly
g2

P, — D;
'Ti' x 100% (14)

where D; is the true value of the i-th test sample, P; is the prediction of the BPNN for the
i-th test sample, and 7 is the number of test samples.

The mean prediction errors are shown in Table 6. Compared to LM-BPNN, BGWO-
BPNN achieves a certain reduction in MAPE. Compared to traditional BPNN, BGWO-
BPNN achieves an absolute reduction in the MAPE for test samples of 1.976, 3.120, and
5.662 percentage points, respectively. Under the conditions established in this paper, BGWO
shows certain competitiveness compared to LM and GD.

Table 6. Mean absolute percentage error comparison.

Absolute Reduction in

Neural Network Percentage Points
Dataset Type MAPE Achieved by
BGWO-BPNN
BGWO-BPNN 15.397 0
Abalone LM-BPNN 15.850 0.453
BPNN 17.373 1.976
B u BGWO-BPNN 12.136 0
OStI‘er ouse LM-BPNN 13.922 1.786
rices BPNN 15.256 3.120
BGWO-BPNN 5.689 0
Energy Efficiency LM-BPNN 6.462 0.773
BPNN 11.351 5.662

5. Conclusions

To address issues such as susceptibility to poor local minima and slow convergence
in traditional BPNNSs, we present a Balanced Grey Wolf Optimizer as an alternative to
the gradient descent method for training BPNNSs. The key contributions of this work are
summarized as follows:

(1) This paper proposes a Balanced Grey Wolf Optimizer algorithm. First, we introduce a
novel stochastic position update formula to reduce the dependence of the wolf pack
on the leading wolves, thereby enhancing the global search capability of the GWO.
Then, a novel nonlinear convergence factor is proposed, and the optimal convergence
coefficient is explored, enabling GWO to achieve rapid exploration in the initial
iterations and meticulous exploitation in the later iterations.

(2) Six commonly used benchmark functions are selected as the objective functions to
test the BGWO (which incorporates both the stochastic position update formula and
the nonlinear convergence factor), the GWO with only the stochastic position update
formula (SPU-GWO), and the traditional GWO. The test results validate that the
BGWO demonstrates superior global exploration and local exploitation capabilities.
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(3) A BPNN training method based on the BGWO is constructed. Following the vector
encoding strategy, the weights and biases in a BPNN are mapped to the position
vectors of grey wolves in the BGWO, and the calculation method for the fitness
function is provided. Finally, a complete BPNN training process is designed.

(4) Three public datasets—Abalone, Boston House Prices, and Energy Efficiency—are
selected to train and test BPNNs under different training methods. Furthermore, we
use the Wilcoxon test to examine its significance. Under the experimental settings
of this paper, the test results demonstrate an absolute reduction of 1.976, 3.120, and
5.662 percentage points in the MAPE achieved by BGWO-BPNN over the traditional
BPNN. Compared to LM-BPNN, BGWO-BPNN also achieves a certain reduction in
MAPE. This indicates that, under the conditions established in this paper, BGWO
shows certain competitiveness compared to LM and GD.

In future research, the BGWO-BPNN will be applied in the fields of industry and
control. BGWO will also be further improved and subsequently utilized for other
optimization problems.
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