frontiers

and Statistics

") Check for updates

OPEN ACCESS

EDITED BY
Tapasi Bhattacharjee,
Techno India Group, India

REVIEWED BY

Mohmad Igbal,

Delhi Technological University, India
Dong Lj,

Chinese Academy of Sciences (CAS),
China

*CORRESPONDENCE
Lana A. Abullah
lana.abdulrazag@gmail.com

RECEIVED 09 December 2025
REVISED 23 January 2026
ACCEPTED 23 February 2026
PUBLISHED 17 March 2026

CITATION

Abullah LA and Rahman CM (2026)
Advancing bearing fault detection
through a modified metaheuristic
optimization approach.

Front. Appl. Math. Stat. 12:1763637.
doi: 10.3389/fams.2026.1763637

COPYRIGHT

© 2026 Abullah and Rahman. This is an
open-access article distributed under
the terms of the Creative Commons
Attribution License (CC BY). The use,
distribution or reproduction in other
forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use, distribution
or reproduction is permitted which does
not comply with these terms.

Frontiers in Applied Mathematics and Statistics

in Applied Mathematics

PUBLISHED 17 March 2026

TYPE Original Research
pol 10.3389/fams.2026.1763637

Advancing bearing fault detection
through a modified metaheuristic
optimization approach

Lana A. Abullah®™* and Chnoor M Rahman?3#

Department of Software Engineering, College of Engineering and Computational Science, Charmo
University, Sulaymaniyah, Iraq, 2Department of Computer Science, College of Science, Charmo
University, Sulaymaniyah, Irag, *Department of Computer Science, College of Science, Sulaymaniyah
University, Sulaymaniyah, Irag, “Computing and Informatic Department, American University of Iraq,
Sulaymaniyah, Iraq

Introduction: Detecting bearing faults plays a vital role in industrial maintenance
since discovering problems early can help avoid unexpected breakdowns and
expensive production losses. Yet, spotting these faults in their initial stages is still
difficult because vibration signals are often complex and change over time.
Methods: In this study, optimized Mel Frequency Cepstral Coefficients (MFCC)
feature extraction approach enhanced through a modified FOX optimization
algorithm. The enhancement focuses on fine-tuning MFCC hyperparameters to
maximize the discriminative power of extracted features for fault detection tasks.
The proposed Enhanced FOX (EFOX) algorithm integrates different random dis-
tribution method and improved exploration—exploitation balance, enabling more
effective parameter optimization compared to conventional methods.

Results: Experimental evaluations were conducted using benchmark datasets,
and the optimized MFCC features were compared against those obtained via
standard MFCC settings and other metaheuristic optimization techniques. Results
demonstrate that our approach consistently outperforms competing methods in
terms of classification accuracy and the robustness of the proposed model was
assessed by testing it on two distinct bearing’s datasets with different noise ratios
including —=3 dB and -6 dB.

Discussion: The analysis highlights the impact of each of hyperparameter’s of
MFCC to bearing fault detection.

KEYWORDS
bearing, fault detection, metaheuristic algorithm, MFCC, optimized feature

1 Introduction

Electronic machines are essential in modern industries and transport systems, yet they are
becoming more complex and expensive. They play a key role in applications such as aircraft
engines, wind farms, metallurgy, and petrochemical plants. However, harsh operating condi-
tions like high humidity, overload, and extreme temperatures often cause malfunctions that
can halt entire systems, leading to costly downtime, higher maintenance demands, and safety
risks. This highlights the need for fault-tolerant control systems. Rotating machines and induc-
tion motors are especially critical, with components such as stators, rotors, shafts, and bearings.
Bearings, in particular, are a major focus in condition monitoring since they account for nearly
half of induction motor failures reported in industrial studies (1).

The literature shows that bearing condition monitoring can be performed using vibration,
acoustic, and temperature signals, either individually or in combination (2). For example, some
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studies rely solely on vibration signals (3), Hybrid Signal Decomposition
is applied to extract features that are subsequently input into non-time-
series models for bearing fault prediction. In contrast, other researchers
have adopted multimodal approaches by combining vibration and
acoustic signals (4); in such frameworks, STFT-based time-frequency
representations are processed using convolutional neural networks and
classified with multiclass support vector machines to enhance fault diag-
nosis performance (5).

Early approaches to bearing fault detection relied mainly on
signal processing techniques such as statistical analysis, Fourier
Transform (FT), and Wavelet Transform to extract features from
vibration signals. These methods required identify patterns or irregu-
larities linked to faults, but their effectiveness was limited by the com-
plex dynamics of bearings and their weak ability to capture non-linear
behavior. The introduction of machine learning (ML) marked a
major shift, enabling automated feature extraction and pattern rec-
ognition. Classical machine learning Algorithms like K Nearest
Neighbor (kNN), Support Vector Machines (SVM), Decision Trees,
and random forest, followed later by deep learning models like CNN
and LSTM, greatly improved detection accuracy by capturing com-
plex non-linear relationships (6). In ML-based fault detection, the
feature extraction remains critical, as the model’s performance
depends heavily on the quality of the features used for training the
ML. wide range of feature extraction methods have been proposed
for vibration signal analysis, such as Intrinsic Mode Function (IMF)
energies, Hilbert-Huang spectrum descriptors, Wavelet decomposi-
tion (7), spectrogram-based features, multi-level decomposition
energies, and cepstral coefficients (8). Despite their effectiveness, the
task of fine-tuning their hyperparameters remains an open and con-
tinuous challenge. Many researchers have employed deterministic
optimization algorithms, such as gradient descent, to optimize hyper-
parameters in fault detection models. However, a major limitation of
deterministic approaches is their tendency to become trapped in local
minima, which prevents the model from achieving the optimal fea-
ture representation for accurate fault diagnosis (9). To overcome this
problem, recent studies have explored the use of metaheuristic opti-
mization algorithms for hyperparameter tuning. For instance, Abdul
et al. utilized the Grey Wolf Optimization (GWO) algorithm to opti-
mize GTCC features for gear fault detection, demonstrating improved
classification performance compared to conventional deterministic
methods (10).

This work offers two key contributions. First, an improved version
of the FOX algorithm is introduced by strengthening its exploration and
exploitation capabilities using different randomization strategies, allow-
ing the algorithm to search more effectively and avoid premature con-
vergence. Second, the enhanced FOX (EFOX) algorithm is employed to
optimize the hyperparameters of MFCC features, which significantly
improves the accuracy and robustness of bearing fault detection.

The rest of the paper is structured as follows: Section 2 provides
the background of the study, Section 3 explains the methodology of
the proposed model, Section 4 presents and discusses the evaluation
of the EFOX algorithm and the results of bearing fault based on opti-
mized MFCC feature, and Section 5 concludes the paper.

2 Basics and background

The background section of this study is divided into two main
parts. The first part introduces the original FOX optimization
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algorithm and describes the specific strategies applied in this work to
enhance its performance. The second part focuses on fault detection
models including the Echo State Network (ESN) and provides details
about the bearing datasets utilized in the experiments, namely the
HUST and CWRU datasets, which are employed to evaluate the effec-
tiveness of the proposed model.

2.1 Original fox optimization algorithm

The FOX algorithm was inspired by the hunting behavior of red
foxes diving into the snow to catch a prey. It was first introduced as
an optimization technique by Hardi et al. (21). The FOX algorithm
copies the hunting strategies of a pole fox diving into snow to catch
its prey. When snow obscures visibility, the red fox begins its hunt by
searching randomly to locate prey. It identifies its target by detecting
ultrasound emissions from the prey. Using the time difference of the
sound waves, the fox computes the distance to reach the prey. Based
on this distance, it estimates the optimal jump needed to catch its
target. Finally, the fox optimizes its movements by adjusting them
randomly while prioritizing minimal time and the most advanta-
geous position (11). In the algorithm, the red fox’s random walk rep-
resents exploratory behavior, while its response to sound corresponds
to the exploitation segment. The distance that sound travels is com-
puted using the speed of sound in air (343 m/s), and additional
adjustments were made for accuracy. A magnetic alignment effect
inspires the red fox’s jumping strategy. It shows a preference for jump-
ing northeast. Research indicates this orientation increases the chance
of success to 82%, compared to 18% in other directions (12). The
algorithm balances exploration and exploitation, optimizing search
efficiency and prey capture likelihood (12). Figures 1, 2 illustrate the
red fox’s hunting behavior. between the fox and the prey.
Consequently, the hunting behavior of the red fox encompasses both
the exploration and exploitation phases jumping strategy, as its focus
is on randomly exploring the search zone to locate the prey. To ensure
that the fox’s random movements guide it toward the most favorable
location, the search process is refined using two variables: the mini-
mum time variable. (Tpin) and a. The values of T, and a are calcu-
lated in Equations 1, 2:

Tinin—min (1) (1)

a=2*(it—[lJJ )
max;;

Where, max;;is the maximum number of iterations.

Determining both Tijpand a is essential for steering the search
process toward a near-optimal solution. The random exploration of
prey by the fox is facilitated through the use of a random vector with
a size of (1, dimension). However, to enhance the efficiency of the
algorithm, the variables Tiyi,, A and r are integrated to maintain a
balance between the exploration and exploitation stages. The best
solution found so far, BestX;; plays a crucial role in influencing the
exploration phase. The strategy for exploration, which aims to identify
a new position Newp,s within the search space, is demonstrated in
Equation 3:

Newp,._BestX;; *rand (1,dimension )* T, *¥a
Pos it min 3)
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FIGURE 1

The hunting behavior of the red fox encompasses both the exploration and exploitation phases (21).
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FIGURE 2
Determining distance using an ultrasound sensor.
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2.2 Adopted techniques

In this research, some techniques are proposed to improve the
exploration, exploitation and local optimal of the FOX optimization
algorithm. The techniques are randomization and survivor tech-
niques. Both techniques are discussed below.

2.2.1 Randomization techniques

The role of the randomization techniques is crucial in the perfor-
mance of all metaheuristic algorithms because they affect both the
exploration and exploitation phases (13). To overcome the lack of explo-
ration of the FOX algorithm, the advantage of the usage of randomiza-
tion methods is taken in this paper. The randomization leads the FOX
algorithm to explore more areas of the search space. The section below
explains two random methods that have been used in this enhancement.

2.2.2 Levy distribution

The Levy distribution, named after Paul Levy, is characterized as
a fat-tailed distribution, meaning its tails have a higher probability of

Frontiers in Applied Mathematics and Statistics

03

extreme values compared to distributions like the normal or Cauchy
distributions. It is a stable distribution with parameters a = 1/2 alpha
and f =1 beta (14). The probability density function (PDF) of the
Levy distribution is expressed in Equation 4:

fx=(0'/27r)1/2*1/(x—,u)3/2exp(0'/2(x—,u)) (4)

Where

u: the location parameter (shifts the distribution along the
x-axis).

o: the scale parameter (controls the spread of the distribution).

This PDF is leptokurtic, which means it has heavy tails. Unlike the
Gaussian PDEF, the Levy distribution’s fat tails provide a higher prob-
ability for extreme events, making it advantageous for modeling rare
occurrences. Notably, both the mean and variance of the Levy distri-
bution are infinite. The characteristic function of the Levy distribution
is defined in Equation 5:

(DX(w)=exp{i,uw—|0'w|1/2(l—sgn(w))} (5)

frontiersin.org


https://doi.org/10.3389/fams.2026.1763637
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Abullah and Rahman

Where:

u: the location parameter.

o: the scale parameter.

i: the imaginary unit (i*= — 1).

w: the frequency variable.

Sgn(w): the sign function, which is defined as:

For very large values of x, the exponential term in the character-
istic function approaches consequently, the PDF approximates based
on Equation 6:

11
x3/2 X1/2+1

(x)~ ©)

This demonstrates that the PDF decreases at a rate of 1/ x>/ 2,

Resulting in its fat-tailed behavior (15). Figure 3 shows the Levy dis-
tribution and the Gaussian distribution with fatter tails.

2.2.3 t-distribution

The t-distribution, often referred to as Student’s t-distribution, is
a theoretical probability distribution used when estimating a popula-
tion mean in cases where the population standard deviation is
unknown. It has a symmetric, bell-shaped curve similar to the normal
distribution, but it tends to be flatter and wider. As the degrees of
freedom (df) increase, the t-distribution gradually converges toward
the standard normal distribution, which has a mean of 0 and a stan-
dard deviation of 1.

Essentially, the t-distribution illustrates the full range of possible
t-values that can be obtained from all random samples of a specific size
or degree of freedom, and its shape closely resembles that of the normal
curve. Figure 4 shows the distribution of randomly generated numbers.

If a variable x follows a normal distribution with a mean x, and
we take a sample of size nwith a sample mean x and a sample standard
deviation s, then the t-value derived from this sample follows the

10.3389/fams.2026.1763637

Student’s t-distribution with degrees of freedom =n—1 (16). The for-
mula for t-distribution is given in Equation 7:

x—p
N

N

t= (7)

Where, x is the mean of the first sample.
M is the mean of the second sample.
s . .
—— =the estimate of the standard error of the difference between

IN

the means.
2.2.4 Elitism selection

The concept of elitism is closely tied to the acceptance of newly
generated solutions. Various algorithms ensure elitism through differ-
ent mechanisms. Some maintain a secondary population, or archive,
to store the discovered non-dominated solutions. Additionally, algo-
rithms incorporate strategies to involve elite individuals in offspring
production. According to the authors, elitism ensures that elite indi-
viduals are not excluded from the population’s archive or gene pool in
favor of inferior individuals (17). In (18),the authors proposed always
including the best individual from the current population in the next
generation to prevent its loss due to sampling or operator disruption.
This strategy can be extended to retain the top individuals. De Jong’s
experiments showed that elitism improves genetic algorithm perfor-
mance on unimodal functions, but it may lead to premature conver-
gence for multimodal functions.

2.2.5 Sinc function

The Sinc function, represented as Sinc(x), is a non-periodic wave-
form characterized by its interpolating graph. It is an even function

Amplitude

Gaussian
distribution

/

Lévy
distribution

Fat tail Fat tail
x-value
FIGURE 3
The Levy distribution.
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FIGURE 4
The t-distribution (40).

with a total area of unity and is commonly referred to as the sampling
function. The Sinc function is extensively utilized in signal processing
and plays a significant role in the theory of Fourier Transforms (19).

In mathematics, physics, and engineering, the Sinc function, rep-
resented as Sinc(x). It exists in two forms: normalized and unnormal-
ized. The historical unnormalized Sinc function in mathematics is
defined for x # 0 as follows:

Sincx =sinx/x (8)

In digital signal processing and information theory, the normal-
ized Sinc function is typically defined for x # 0 in Equation 9:

Sincx = sin(ﬁx%x 9)

In both cases, the value at x = 0 is determined as the limit of the
function:

Sinc 0:= lim *17(5% %C =1 (10)

x—0
For any real a # 0.
2.3 Fault detection model

2.3.1 Datasets

Data is the core of ML and DL for developing effective fault detection
algorithms. As natural bearing degradation is a cumulative process with
time, artificially introduced faults or life tests with accelerations are com-
monly used to create datasets that closely mimic actual failure scenarios.
While still a time-consuming activity, a number of organizations have
publicly released bearing fault datasets that have become a rich source for
algorithm development, widely accepted benchmarks, and a basis for
comparing different fault diagnosis methods. The following three datasets
have been chosen to feed and evaluate the proposed model.

Regarding the first dataset, The Case Western Reserve University
(CWRU) bearing dataset is widely used as a benchmark dataset for
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fault diagnosis. The CWRU provides vibration data for both healthy
and damaged bearings using a 2 hp motor (see Figure 5). Defect sizes
range from 0.007 to 0.040 inches when defects are introduced sepa-
rately on the inner raceway, rolling elements (balls), and outer race-
way, which are artificially inducted using Electro-Discharge
Machining (EDM). The dataset contains vibration data collected
across different configurations, including 0-3 hp and 1720-1797 rpm.
The Data was gathered from two accelerometers mounted at the drive
end and the fan end of the motor housing with sampling rates of
12 kHz and 48 kHz [57].

The second dataset, The Huazhong University of Science and
Technology (HUST) bearing dataset is newer compared to CWRU
and Paderborn for the fault diagnosis of ball bearings, which was
designed to address limitations of existing datasets by incorporating
diverse bearing types and defect states. The HUST consists of 99 raw
vibration signals for six fault types (inner crack, outer crack, ball crack,
and their combinations) on five bearing types (6,204, 6,205, 6,206,
6,207, and 6,208) with three operating loads (0 W, 200 W, and 400 W).
Wire-cutting methods artificially induced the faults, creating 0.2 mm
micro-cracks to mimic initial stage defects, with the signals recorded
at a sampling frequency of 51.2 kHz for 10 s on a 750 W induction
motor test bench. High-resolution vibration signals are collected using
torque transducers and accelerometers, which provide accurate mea-
surements. HUST is richer compared to traditional datasets and is,
therefore, applicable for assessing performance of machine learning
models under normal and faulty operating states [45, 59]. HUST data-
set test-bench is shown in Figure 6.

2.3.2 Mel-frequency cepstral coefficients (MFCC)

The MFCC are widely used features for representing the spectral
characteristics of vibration or acoustic signals in fault detection tasks.
The process begins by applying the Short-Time Fourier Transform
(STFT) to a framed signal (x(t)):

X(k):Nilx(n)w(n)e_Zj”k"/N (11)

n=0

The magnitude spectrum (|X(k)|) is then filtered through a Mel
filter bank, where the Mel scale is defined Equation 12:

fmel =259510g10 (1 + 7{);oj (12)

Finally, the Discrete Cosine Transform (DCT) is applied to the
logarithmic Mel-filtered energies to obtain the MFCCs:

K
Cnm :Zlog(Ek)cos[m(k—;JZ} (13)

k=1

These coefficients effectively capture the nonlinear spectral fea-
tures of the signal, making them robust descriptors for fault detection
and condition monitoring.

The Mel-Frequency Cepstral Coefficients (MFCC) have dem-
onstrated strong representational capabilities not only in speech
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CWRU dataset test-bench (2).
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analysis but also in fault detection of rotating machinery (20). To
enhance their performance in mechanical fault diagnosis, several
hyperparameters of the MFCC can be fine-tuned to better capture
the relevant signal characteristics. In this study, four key hyperpa-
rameters are considered and optimized to improve feature quality
and classification accuracy. These hyperparameters are summa-
rized in Table 1.

Hyperparameter Effect

Number of MFCC coefficients (n_mfcc) Controls level of spectral

detail captured

FFT window size (n_fft) Controls frequency resolution

tradeoff

Step size between FFT frames (hop_length) | Controls temporal resolution

and feature size

Number of time frames kept (n_time_step) Controls temporal coverage

and feature length

2.3.3 Echo State Network (ESN)

The Echo State Network (ESN) is an efficient recurrent neural
network model within the reservoir computing framework. Its
architecture consists of an input layer, a randomly initialized
dynamic reservoir, and a trainable output layer. Unlike conven-
tional RNNs or LSTMs, the recurrent reservoir connections remain
fixed after initialization, and only the output weights are trained.
This design greatly reduces computational cost, mitigates gradient-
related problems, and enables fast learning. The reservoir acts as a
nonlinear dynamical system, projecting inputs into a high-dimen-
sional space where temporal dependencies are effectively captured.
Owing to its simplicity and efficiency, ESNs are widely applied in
time-series prediction, control, and signal processing. Figure 7
illustrates the ESN architecture.
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3 Methodology

3.1 Phase one: the proposed EFOX
algorithm

This section provides a comprehensive explanation of the pro-
posed EFOX method developed to address continuous optimization
challenges.

3.1.1 Motivations

The FOX optimization algorithm was selected for enhancement
because of its simple and straightforward structure. Despite its effec-
tiveness, there remains room to further improve the balance between
exploration and exploitation, which motivates enhancing the algo-
rithm’s overall search performance (21). Previous work (22) has shown
that better balancing exploration and exploitation in FOX can speed
up convergence and reduce the likelihood of getting stuck in local
optima. Building on these findings, this study introduces an enhanced
FOX algorithm (EFOX) that integrates randomization and selection
strategies to better handle continuous optimization problems. This
enhancement is especially suitable for MFCC hyperparameter tuning
in bearing fault detection, which is inherently nonlinear and multi-
modal. In such problems, strong exploration helps avoid premature
convergence, while improved exploitation supports stable conver-
gence and more discriminative fault-sensitive feature representations.
The complete flow chart of the proposed EFOX is given in Figure 8.

3.1.2 The EFOX algorithm

Like most metaheuristic algorithms, the proposed approach
begins by randomly generating an initial population. This population,
represented by matrix X, corresponds to the positions of all foxes in
the search space. During each iteration, the fitness of every search
agent is assessed using standard benchmark functions. To identify the
BestFitness, as well as the first and second best positions, each agent’s
fitness value (each row in X) is compared with those of the others. This
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FIGURE 6
HUST dataset test-bench (2).

TABLE 1 Comparing EFOX against FOX, GWO, CHOA, and GOOES using classical benchmark functions.

TF1 0 0 0 0 1.96E-27 3.2915E-27 6.08E—06 1.689E—-05 5.47E—-04 0.00026896
TF2 0 0 0 0 8.15E-17 5.6905E—17 5.72E—05 0.00015554 5.77E—-02 0.01805323
TF3 0 0 0 0 7.49E—-06 1.3169E—05 1.20E+02 245.547689 4.80E—-03 0.00356042
TF4 0 0 0 0 8.98E—-07 9.6014E—-07 3.15E-01 0.32473928 1.55E-02 0.00570136
TF5 27.6565552 0.34259044 0.34259044 0.0587183 2.73E+01 0.84251058 2.89E+01 0.20917015 1.87E+02 446.509789

TF6 0.00247268 0.000788316 0.000788316 0.00418182 7.97E—01 0.40198055 3.61E+00 0.47871959 5.04E—-04 0.00027793

TF7 7.6244E—05 8.96888E—05 | 8.96888E—05 0.00014082 2.11E-03 0.00117152 2.48E-03 0.0025304 1.64E-02 0.00777164

TF8 —5547.10391 130.224082 130.224082 545.497008 —5.78E+03 949.535053 —5.74E+03 68.3310988 —2.64E+03 325.229344
TF9 0 0 0 0 1.43E+00 2.37464532 1.31E+01 11.0833708 2.07E+01 11.6011569
TF10 8.88E—16 1.00E-31 1.00293E-31 1.0029E-31 1.10E-13 1.878E—14 2.00E+01 0.00109651 8.48E+00 9.10052745
TF11 0 0 0 0 1.80E—-03 0.00493553 2.43E—-02 0.03185958 3.21E+01 10.6928125

TF12 0.00015957 6.82022E—05 6.82022E—-05 | 7.8436E—05 4.22E-02 0.02310749 5.35E-01 0.19924978 5.60E+00 3.46322555

TF13 0.01004866 0.009041319 0.009041319 1.42789638 5.77E-01 0.19723146 2.77E+00 0.10815446 6.57E—04 0.00210973

TF14 9.309628 4.813753882 4.813753882 3.88725079 4.40E+00 3.99047805 1.13E+00 0.50022271 1.38E+01 6.7570208

TF15 0.00032938 5.38329E-05 | 5.38329E—05 0.00017436 5.08E-03 0.00857727 1.32E-03 7.4925E-05 6.09E—-03 0.00875736

TF16 —1.03162845 | 2.44483E—09 | 2.44483E-09 0.24903515 —1.03E+00 | 3.3019E—-08 —1.03E+00 1.5628E—-05 | —1.03E+00 3.222E-06

TF17 0.39788736 3.00374E—09 | 3.00374E-09 | 9.3772E-10 3.98E-01 0.0001185 3.99E-01 0.0016997 3.98E-01 2.0261E-06

TF18 3.00000008 1.34164E—-07 | 1.34164E—07 25.0521527 3.00E+00 4.4453E-05 3.00E+00 0.00021215 3.00E+00 0.00030501

TF19 —3.8627758 1.18608E—05 1.18608E—05 1.7125E-06 | —3.86E+00 0.00221601 —3.86E+00 0.00258606 —3.86E+00 | 4.7814E—05

comparison is carried out through a condition that evaluates whether ~ current generation into the next generation. This guarantees that high-
the fitness of the current agent (fitness_{i + 1}) is better than that of ~ quality solutions are not lost during the evolutionary process due to
the previous one (fitness_i) across iterations. random operations (23-26).

After st iteration, we have the Elitism position, which refers to a To maintain a proper balance between the exploration and exploi-
mechanism that ensures the preservation of the best agents from the  tation stages, the algorithm introduces a random factor that helps
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Ridge Regression

distribute both processes evenly throughout the iterations. This
random variable, denoted as r, gives each phase an equal 50% chance
of being selected during optimization. When r is greater than or equal
to 0.5, the algorithm switches to the exploitation phase.

In the exploitation phase, a new condition is established based on
the probability of successfully hunting the prey. If p exceeds 0.5, the
fox must determine a new position and it will jump towards the north-
east direction. The random variable p ranges between [0, 1].

To determine a new position, the sound distance travels SDTy, the
Fox-Prey Relative Distance FPD;; and jumping value JV;;has to com-
puted Equation 14.

SDT;; =SOS*STT;; (14)

Where, STTjis the sound travel time and a random number rang-
ing from O to 1.

SOS is the speed of sound in the medium SOS is equal to 343 in
the air.

It is the number of iterations, ranging from 1 to 500.

However, another equation is introduced to determine the SOS,
which relies on the best and second-best positions identified so far.
This calculation involves dividing the sound travel time (STT;)
between the fox and its prey to guide the search process more effec-
tively. The SOS is calculated as follows:

SOS = (1“ best position + 2" best position) /STT; (15)

The Equation 13 is used to calculate the Fox-Prey Relative
Distance FPD;; using the Sinc function, which is applied to a scaled
value of the sound distance traveled, SDT;; divided by %. The output
of the multiplication between (SDT,-t * 0.5) is substituted in the Sinc
function. The sinc function produces an output based on the value of
( SDT;; * 0.5). The Sinc function’s role is to adjust the distance between
the fox and the prey, ensuring that the shortest sound travel distance
is normalized to one, while the longest sound travel distance is
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reduced to a value significantly less than one, as shown in the
Equations 8, 10.

FPD;, =Sinc(SDTj, *0.5) (16)

The jumping value JVj; need to determine the height of jump the
fox to catch the prey in Equation 17.

JVir =0.5% g * AvgT?> (17)

Where g is a gravitation acceleration (g = 9.81 m/s?).

AvgT? is the average time it takes for sound to travel, squared to
account for the upward and downward motion during the jump. The
time transition TranT value is calculated in Equation 18 by dividing
the sum of the STT;; to the number of problems dimensions.

TranT = X STT; / dim (18)
Then, the average time AvgT is found in Equation 19 by Levy dis-
tribution of the time transition TranT divvied by 2. Lévy distributions
are adopted in Equation 4. It is often used for improving exploratory
behavior because it allows large jumps that help escape local optima.

AVgT=(levy*TranT)/2 (19)

Now, the new position P, of the fox is calculated in Equation 20
by multiplying the Fox-Prey Relative Distance FPD;;, the jumping
value JV;; and the random number ¢, that range of ¢ is [0, 0.18].

Prew =FPDjy ¥V % (20)

If P exceeds 0.5, it is false, and another condition is detected. If
P>=0.4 and P = 0.5, the fox must determine another new position.
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To find SOS by Equation 21, which is based on the 2nd best position SOS = ( 21 Pt position + ELI) /STT, 1)

and Elitism position that was selected the previous iteration. Keeping the
best position of the previous iteration is also important as it ensures that
high-quality solutions are preserved throughout the evolutionary pro- The sound distance travels SDT;; also calculate by Equation 14,
cess, preventing them from being lost due to random operations. and the time transition TranT calculated by Equation 18. The Fox-Prey
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Relative Distance FPDj;, in this stage is found in Equation 22 by the
sound distance travels SDT;; multiplied by 0.5 or Y.

To adjust the values of AvgT and JVj; to exploit most of the
areas that are 2 far from the fox, the t distribution is utilized.
Hence, the average time AvgT and the jumping value JVj; are mul-
tiplied by the t distribution. Both of the processes are formulated
in Equations 23, 24.

AvgT = (TranT+2)*tdis (23)

Vi :O,S*g*Ang2 *tdis (24)

So, the new position Py, of the fox is calculated in Equation 25
by multiplying the Fox-Prey Relative Distance FPD;;, the jumping
value JV;; and the random number ¢, that range of ¢ is [0.19, 1].

Pnew = FPDit *]Vzt %) (25)

When the condition of (P>=0.4 && P<=0.5) is false

the equation of the new position changes and Using
rand(1, dimension) to ensure that the fox moves stochastically to

explore the prey.
Py =1 best position + randn(l, dim). * (a * ELI) (26)
Where a is a variable to control the search, the minimum time
variable and the variable a are utilized to control and regulate the

search process.
Equation 24 shows the calculation of the variable a.

a:O.S*[l—[ ! ]] (27)
max;;

Where, max;;is the maximum iterations.

In the exploration phase, the fox randomly walks to the search
area, guided by the best position discovered. Unlike other phases,
the fox does not use a jumping technique here, as the focus is on
random movement to locate prey. To ensure the fox moves ran-
domly yet progressively toward the best position. If (r > =0.5) is
false, the exploration phase is to be activated in this stage a condi-
tion is established, and the new random variable r ranges between
[0, 1]. Also, the rr is the random number in the exploration phase.
If rr is smaller and equal to 0.7, the equation to find the new posi-
tion as follows Equation 28 defines the new position:

Pyew =1 best position+ randn(l,dim). * (a * MinT) (28)
Where MinT is the minimum time variable, the Equation 29 is

used to find MinT. The MinT is scaled using the golden ratio (1.618)
which helps maintain proportions that converge efficiently.

MinT =TranT *#1.618 (29)
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Otherwise, if the rr is greater than 0.7, the equation of the new
position is modified as formulated in Equation 30.

Ppew =1 best position +randn(1,dim).

*(a 2" best position) (30)

The EFOX algorithm is an enhanced version of the FOX algo-
rithm, incorporating features such as elitism, second-best position
updates, and dynamic adjustments. Each of these features plays a cru-
cial role in improving the performance of the FOX algorithm. For
instance, the elitism feature ensures that the best solutions are retained
and not lost in subsequent iterations. The second-best position is
incorporated to refine and enhance the exploitation phase. Random
variables 1, p, and a are used to balance the exploration and exploita-
tion phases effectively. Additionally, randomization like Levy distribu-
tion and ¢-distribution, which are used in proposed model, help the
metaheuristic strike a better balance between exploring new areas and
refining good solutions. It allows the algorithm to make small, careful
adjustments as well as occasional larger jumps, which helps avoid get-
ting stuck too early and leads to better overall optimization perfor-
mance. Figure 9 demonstrates the hunting.

3.1.3 Procedure of EFOX

Following are the detailed steps of how the proposed algo-
rithm works:

Step 1 Initialization: the EFOX algorithm begins by initializing the
search agents’ positions (X) randomly within the specified lower and
upper bounds. It sets initial values for critical variables such as the 1st
best position, best score, 2nd best position and the Elitsm solution.
Additional parameters like c1, c2, and a are also defined to guide the
movement and balance exploration and exploitation phases during the
optimization process.

Step 2 Fitness Evaluation: the algorithm evaluates the fitness of
each search agent using the objective function. The fitness of each
agent is compared to identify and update the best score and its cor-
responding position. The fitness values of all agents are stored and
sorted to determine the secondary best solution ensuring that the two
top-performing agents guide the search process.

Step 3 Exploration and Exploitation Control: the two phases are
controlled dynamically using the variable a, which decreases over
iterations to shift focus from exploration to exploitation as the algo-
rithm progresses. Random variables r and p are used to determine the
movement type. Based on these variables, the algorithm selects differ-
ent update strategies, positions may be updated using the 1st best posi-
tion, 2nd best position and the Elitsm solution with distance and
movement calculations guided by the sinc function and Lévy flights.

Step 4 Jumping Mechanism: The jumping mechanism enhances
the algorithm’s exploration capabilities by calculating jump distances
using the Lévy distribution and t distribution. This allows the search
agents to make both small and large steps, enabling efficient explora-
tion of the search space while avoiding local optima. The movement
is carefully designed to balance exploration of new areas and refine-
ment near promising solutions.

Step 5 Elitism and 2nd Updates: The algorithm incorporates elit-
ism by retaining the best solution and updates it at the end of each
iteration to ensure no high-quality solutions are lost. Additionally, 2nd
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The hunting strategy in the EFOX algorithm.

best position plays a significant role in guiding the search, especially
during exploitation phases. The minimum time variable (MinT) is
dynamically adjusted to refine movement, further improving the algo-
rithm’s precision.

Step 6 Boundary Handling: Boundary handling ensures that the
search agents remain within the specified bounds of the search space.
If any agent’s position exceeds lower and upper bounds, it is reset to
lie within the allowed range. This prevents the search process from
deviating into invalid regions of the solution space.

Step 7 Termination criterion: The process repeats until the maximum
number of iterations is reached. Once the termination condition is met,
the algorithm returns the best score, the corresponding best position, and
the updated elitism position as the final output. The mentioned approach
ensures a balance between exploration and exploitation, making the
EFOX algorithm highly effective for complex optimization problems.

3.2 Phase two: adopting a metaheuristic
algorithm

Within the proposed framework, MFCC features are extracted
from the raw vibration signals of two benchmark datasets, namely the
CWRU dataset with a sampling frequency of 12 kHz and the HUST
dataset with a sampling frequency of 51.2 kHz., where the hyperpa-
rameters of MFCC (n_mfcc, n_fft, hop_length, and n_time_steps) are
initially randomized during the first iteration of the FOX algorithm.
The extracted MFCC features are then fed into the Echo State Network
(ESN), which performs fault classification based on the given feature
representation. After each iteration, the error rate from the ESN is
evaluated. If the performance does not meet the desired criterion, the
EFOX optimizer updates the hyperparameters, and a new iteration
begins. This process continues until the error rate reaches zero or the
maximum number of iterations is achieved. Through this iterative
optimization, the optimal MFCC hyperparameters are obtained,
ensuring improved feature quality and classification accuracy. In the
initial iteration, the EFOX algorithm initializes the hyperparameters.
The corresponding error rate is then obtained from the machine
learning model. Based on this feedback, EFOX applies its optimization
strategy to minimize the error rate. This iterative process continues
until either the maximum number of 500 iterations is reached, or a
zero-error rate is achieved. Regarding the hyperparameters of the
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optimization algorithm, such as the population size (30 agents) and
the number of iterations (500), they were selected based on commonly
used values in well-established previous studies. This choice helps
ensure fair comparison with existing methods while keeping the com-
putational cost reasonable the overall workflow of the proposed
framework is illustrated in Figure 10.

4 Results and discussion

4.1 MFOX evaluation

To ensure the proposed algorithm performs effectively, it must
undergo thorough testing through various methods. First, the algo-
rithm should be evaluated against a diverse set of standard benchmark
functions to assess its performance under varied conditions. Next, it
should be applied to practical optimization problems relevant to its
intended application, validating its effectiveness in real-world sce-
narios. Additionally, the results of the proposed EFOX algorithm
should be compared with those of other algorithms. Statistical com-
parisons are essential to determine the significance of these results,
ensuring that observed differences are meaningful and not due to
random chance. This approach increases the reliability and validity of
the conclusions. This section presents the performance evaluation of
the proposed EFOX algorithm using these methods.

4.1.1 Classical benchmark functions

A collection of well-known benchmark functions is used to assess
the performance of the EFOX algorithm. These functions are divided
into three categories unimodal, multimodal, and composite each pos-
sessing unique characteristics that test different aspects of the algo-
rithm’s capability (27).

To begin with, unimodal test functions are employed to evaluate
how effectively the algorithm converges and exploits the search space.
Since these functions contain only one optimal point, they serve as a
reliable measure of the algorithm’s efficiency in reaching the best pos-
sible solution (28). Secondly, multimodal test functions, as the name
implies, contain several optima one global optimum and multiple
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TABLE 2 Performance of ESN based on optimized MFCC.

Methods CWRU HUST

Original -3 dB noise  —6 dB noise Original —3dB noise -6 dB noise
Optimized MFCC by 100 96.5 95.1 100 95.3 94.2
FOX
Optimized MFCC by 100 100 99.9 100 99.8 99.59
EFOX

local optima. To successfully reach the global optimum, the algorithm
must skillfully explore the search space and avoid getting stuck in local
solutions. This category is especially valuable for evaluating the algo-
rithm’s exploration strength and its effectiveness in escaping local
optima (29).

Finally, composite test functions represent intricate combina-
tions of the previous categories, often incorporating biased,
rotated, or shifted variations. These functions closely resemble the
complexities of real-world optimization problems by introducing
many local optima and diverse landscape patterns across different
regions. They are designed to assess how well an algorithm main-
tains a balance between exploration and exploitation in challeng-
ing environments. Using such a diverse collection of benchmark
functions provides a thorough assessment of the algorithm’s per-
formance under various conditions (30). The test functions are
executed 30 times using 30 search agents over 500 iterations. The
average (Avg.) and standard deviation (Std) of the results are then
computed. The best results for each test function are highlighted
in bold and listed in Table 2. The results of the Classical bench-
mark functions for FOX algorithm, Chimp Optimization
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Algorithm (ChOA) and the GOOSE algorithm are taken from (21,
31-33) for the first four unimodal test functions (TF1-TF4), the
EFOX algorithm outperforms all the participated algorithms.
However, the FOX algorithm performs better in the (TF5). The
GOOSE algorithm achieved a superior result in only function
(TF6). Moreover, for (TF7) the EFOX is the top. This proves that
the algorithm’s exploitation and convergence speed are better than
those in the comparison. GWO, however, provided a better result
in (TF8). Nevertheless, the EFOX algorithm outperformed the
other algorithms in (TF9 and TF11). The FOX algorithm, however,
provided a better result in (TF10) and the EFOX algorithm
achieved the second position for TF10, which means it outper-
formed the GWO, CHOA, and GOOSE algorithms. Furthermore,
the produced result by the EFOX was better in (TF12) compared
to the participated algorithms. This indicates that the EFOX pos-
sesses enhanced exploration capabilities by allocating almost half
of the iterations to the exploration phase and the remaining half
to the exploitation phase. EFOX also outperformed the other algo-
rithms in (TF16 and TF19). However, regarding the remainder
composite test functions, the EFOX algorithm achieved the second
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rank among the presented algorithms. Overall, the results show
that the EFOX and FOX produced similar results in six test func-
tions (TF1, TF2, TF3, TF4, TF9, TF11), whereas the EFOX outper-
formed the FOX in three test functions (TF7, TF16, TF19).
Additionally, the proposed algorithm ranks the second best in ten
test functions compared to the selected comparator algorithms.
These results demonstrate the proposed algorithm’s capability to
evade local optima, thoroughly explore the search space, and
maintain a balance between exploration and exploitation.

4.1.2 CEC2019 benchmark test functions

In many real-world applications, achieving high accuracy is
often more important than computational speed. Practitioners
typically adjust algorithm parameters and run the optimization
several times to obtain the most reliable solution for their particu-
lar problem, even if it takes longer. This aspect of numerical opti-
mization is assessed using the CEC-C06 benchmark functions,
commonly referred to as “The 100-Digit Challenge” These test
functions measure an algorithm’s performance by examining its
function values at specific points, or “horizontal slices,” along the
convergence curve. They are widely used in an annual optimiza-
tion competition to assess algorithms’ capabilities in solving large-
scale optimization problems (34). The first three benchmark
functions (CEC01-CECO03) differ in their dimensional settings, as
shown in Table 3. Meanwhile, functions CEC04 to CEC10 are for-
mulated as 10-dimensional minimization problems within the
range of [—100, 100], incorporating both shifting and rotation to
increase the complexity of the optimization task. All CEC func-
tions are scalable, and their global optima have been unified at
point 1 (35). The outcomes of the CEC-C06 2019 benchmark tests
for the EFOX algorithm are presented in Table 3. In Table 4, the
best-performing results for each test function are highlighted in
bold. Each function was executed 30 times using a population of
30 search agents across 500 iterations, after which the average per-
formance and standard deviation were calculated. The results of
the CEC2019 benchmark functions for the FOX, GWO, ChOA,
and the GOOSE algorithms are taken from (21, 31-33). Table 4
shows the proposed EFOX has the first rank in seven test functions
(CECO01, CEC02, CEC03, CEC06, CEC07, CEC09 and CEC010)
compared to the other algorithms. However, GWO showed its
superiority in CEC05 and CECO08. The results of the CEC2019
benchmark functions demonstrated that EFOX outperforms other
algorithms in exploration efficiency and effectively avoids local
optima. The results of the CEC2019 benchmarks are evidence that
the proposed algorithm has a great ability to optimize large-scale
optimization problems.

4.1.3 Statistical analysis

Statistical analysis is necessary to evaluate the algorithm’s perfor-
mance and determine its significance. To achieve this, the Wilcoxon
rank-sum test is employed to calculate the p-value of the results (36).
The p values reported in Table 2 for CEC2019 benchmark test func-
tions prove that for most of the test functions the EFOX showed sig-
nificantly better results compared to the FOX. As shown in Table 4, all
results, except for CEC01 in FOX and CEC04 in GWO, were less than
0.05, highlighting the significance of the proposed algorithm’s out-
comes statistically.
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TABLE 3 Comparing EFOX with FOX, GWO, CHOA, and GOOSE using CEC2019 benchmark functions.
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TABLE 4 Statistical analysis using the Wilcoxon rank-sum test on CEC2019 benchmark functions.

10.3389/fams.2026.1763637

F EFOX vs. FOX EFOX vs. GWO EFOX vs. CHOA EFOX vs. GOOSE
CEC01 0.929426683 0.000128 0.00344 2.05E-06
CECO02 0.000790107 0.062865 3E-09 2.2E-22
CECO03 0.448004205 0.10172 2.4E-20 0.167275
CEC04 9.61848E—08 0.941826 4.98E-15 0.288731
CECO05 3.78772E—-15 7.65E—06 0.000188 5.26E—05
CECO06 0.485550454 1.11E-37 1.93E-38 4.76E—-08
CECo07 0.469142258 0.008879 8.78E—18 0.294425
CECO08 0.009090404 0.019888 1.14E-18 0.114601
CECO09 0.034893209 8.22E-21 9.63E-20 3.47E-11
CEC10 9.45707E—05 6.54E—31 1.17E-38 0.002021
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4.2 Bearing fault detection model

Both the enhanced FOX (EFOX) and the original FOX algorithms
were utilized to fine-tune the MFCC hyperparameters, aiming to
improve fault detection accuracy. Table 2 compares their performance
on two benchmark bearing datasets CWRU and HUST under both
clean and noisy (-3 dB and —6 dB) conditions. While both methods
achieved perfect accuracy (100%) on the noise-free data, this does not
fully demonstrate the impact of hyperparameter tuning, as bearing
fault features are often clearly distinguishable in such ideal settings. To
better assess robustness, controlled noise was added to make the clas-
sification task more challenging. Under these conditions, the EFOX-
optimized MFCC outperformed the standard FOX approach, reaching
99.9 and 99.59% accuracy on the CWRU and HUST datasets, respec-
tively, compared to 95.1 and 94.2% achieved by FOX. These results
highlight the effectiveness of the EFOX algorithm in enhancing noise
resistance and improving the stability of fault detection (see Table 2).

Comparing the two datasets (see Table 2), the proposed methods
perform slightly better on the CWRU dataset than on the HUST
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dataset, particularly under noisy conditions, showing that they are
more robust and consistent when evaluated on CWRU data. In terms
of hyperparameter importance, the Figure 11 illustrates how each
MEFCC parameter contributes to bearing fault detection performance.
Among them, the number of MFCC coeficients (n_mfcc) has the
greatest impact accounting for more than half of the total significance
which suggests that the dimensionality of the cepstral representation
plays a key role in capturing meaningful spectral details related to fault
conditions. The FFT window size (n_ff) has a moderate effect, as it
helps balance frequency resolution and temporal accuracy. Meanwhile,
both the hop length (hop_length) and N_time_step have relatively
minor influence, with N_time_step contributing less than 0.1% to
overall performance. These observations highlight the importance of
precisely tuning n_myfcc to strengthen the accuracy and reliability of
bearing fault detection systems.

Regarding dataset CWRU, Table 5 presents a comparison of the
proposed model with existing techniques in terms of classification
accuracy and the number of fault labels considered. The PGCNN
method (37) achieved an accuracy of 99.93% on 10 fault classes, while
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TABLE 5 Accuracy comparison of fault-diagnosis techniques on CWRU.

Technique Accuracy (%) No. labels
PGCNN (37) 99.93 10
GCT-GNN (38) 98.83 10
Proposed model 99.90 16

TABLE 6 Classification results on HUST dataset.

Technique Accuracy (%)

Multitask CNN-LSTM (39) 97.63

Proposed model 98.2

GCT-GNN (38) obtained 98.83% under the same conditions. The pro-
posed model, although evaluated on a larger and more complex data-
set containing 16 labels, achieved a comparable accuracy of 99.90%,
demonstrating its strong generalization capability and robustness in
bearing fault detection.

Regarding the HUST dataset, Table 6 compares the performance
of the proposed model with the Multitask CNN-LSTM approach (39).
While the Multitask CNN-LSTM achieved an accuracy of 97.63%, the
proposed model attained a slightly higher accuracy of 98.2%, indicat-
ing improved feature representation and classification capability. This
improvement highlights the effectiveness of the enhanced FOX-based
MFCC optimization in enhancing fault detection performance.

5 Conclusion

This study introduced an optimized Mel-Frequency Cepstral
Coefficients (MFCC) feature extraction framework enhanced with the
Improved FOX (EFOX) optimization algorithm to boost bearing fault
detection performance. Through EFOX-based tuning of MFCC hyper-
parameters, the extracted features became more discriminative, resulting
in higher classification accuracy and greater robustness than traditional
methods. Among the optimized parameters, the number of MFCC coef-
ficients (n_mfcc) had the strongest impact accounting for over 50% of
overall importance—emphasizing the crucial role of cepstral dimension-
ality in representing fault-related spectral characteristics. The FFT
window size (n_fft) had a moderate effect, while hop_length and N_
time_step contributed less, with N_time_step influencing performance
by less than 0.1%. Overall, these results demonstrate that fine-tuning
MECC parameters, particularly n_mfcc, using the EFOX algorithm can
significantly improve the accuracy and reliability of Echo State Network-
based bearing fault diagnosis systems.
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