Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

IBKA-Transformer: An Improved Black Kite
Algorithm Optimized Transformer for Industrial
Robot Bearing Fault Diagnosis

Jiangnan Su
Hunan Railway Professional Technology College

Jun Huang
2279697030 . com

Hunan Railway Professional Technology College

Article

Keywords: Industrial robot, Bearing, Black kite optimization algorithm, Transformer model, Feature
extraction, Intelligent diagnosis

Posted Date: July 27th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10306908/v1

License: €© @ This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10306908/v1
https://doi.org/10.21203/rs.3.rs-10306908/v1
https://doi.org/10.21203/rs.3.rs-10306908/v1
https://creativecommons.org/licenses/by/4.0/

IBKA-Transformer: An Improved Black Kite Algorithm
Optimized Transformer for Industrial Robot Bearing Fault
Diagnosis

Jiangnan Su, Jun Huang

Hunan Railway Professional Technology College, Zhuzhou 412001, China;
Email: 155308147 @qq.com

Corresponding author: " Jun Huang "

Email: 757969703 @qq.com

Abstract: To address the insufficient accuracy of traditional methods in industrial robot bearing
fault diagnosis, this study proposes a novel artificial intelligence—based diagnostic method that
optimizes a Transformer model using an improved Black Kite Algorithm (IBKA). First, to
overcome the drawbacks of the original Black Kite Algorithm—namely unstable convergence,
susceptibility to local optima, and low efficiency in handling mixed parameter spaces—the
algorithm is improved from three aspects: an adaptive nonlinear convergence factor is introduced
to balance exploration and exploitation; a dynamic step-size adjustment mechanism is designed to
enhance convergence stability; and a hybrid encoding strategy is proposed to efficiently handle
mixed continuous—discrete hyperparameter spaces. Next, the IBKA is integrated with the
Transformer model to construct an end-to-end fault diagnosis framework. Multi-dimensional
feature engineering is employed to extract vibration signal features, while IBKA is used to
simultaneously optimize Transformer hyperparameters and perform feature selection. The
optimized Transformer then completes the fault classification task. Finally, experimental
validation is conducted on a self-constructed industrial robot bearing fault dataset covering
multiple fault types and operating conditions. The experimental results demonstrate that the
proposed method achieves a diagnostic accuracy of 99.86%, significantly outperforming
comparative methods such as ACGAN, SVM, and CNN. Ablation experiments further confirm the
effectiveness of the proposed improvement strategies.
Keywords: Industrial robot; Bearing; Black kite optimization algorithm; Transformer model;
Feature extraction; Intelligent diagnosis
1. Introduction

With the widespread adoption of industrial robots in high-end manufacturing, operational
reliability and intelligent maintenance have become key factors affecting equipment safety and
production efficiency. Rolling bearings are critical yet vulnerable components in the joint
transmission system. They are subjected to frequent starts and stops, variable-speed operation, and
complex coupled loads. Once local damage occurs, the fault response is rapidly amplified through
vibration and propagates across the entire machine "2, Compared with constant-speed rotating
machinery, the vibration signals of industrial robot bearings exhibit stronger non-stationarity and
nonlinearity. Fault impulses and modulation patterns undergo stretching, compression, and drift
with changing operating conditions. Environmental noise and multi-source interference further
complicate the problem. These factors significantly increase the difficulty of extracting stable and
informative diagnostic features [>#l. Therefore, reliable extraction and intelligent identification of
bearing fault information under complex and noisy conditions has become a core challenge in
industrial robot condition monitoring.

Early studies on rolling-bearing fault diagnosis mainly relied on signal processing and



handcrafted feature engineering. Time-domain statistics, spectral features, and envelope analysis
indicators were extracted and then combined with models such as support vector machines for
fault recognition [>°1. However, these methods depend heavily on expert experience and parameter
settings. When operating conditions or noise levels change, feature distributions drift easily and
diagnostic performance degrades markedly 7). To reduce such dependence, Zhang et al. introduced
convolutional neural networks (CNN) for bearing diagnosis. Their results showed that CNNs can
automatically learn local impact and modulation patterns and improve multi-class recognition
performance. Multi-scale convolutional structures further enhance feature extraction capability [®,
Nevertheless, convolution mainly models local receptive fields. Under variable-speed and
variable-load conditions in industrial robots, cross-scale and non-periodic behaviors become
prominent. CNNs therefore struggle to characterize these patterns, which limits model stability.

To improve robustness under complex operating conditions, recent research has explored two
directions: data augmentation and sequence modeling °). On one hand, Zhao et al. employed an
auxiliary-classifier generative adversarial network to expand small training sets. This approach
improves training sufficiency and recognition accuracy to some extent. However, convergence
instability and limited controllability of generated samples remain, so such methods are better
suited as auxiliary tools ['%, On the other hand, Transformer architectures have been introduced for
non-stationary vibration analysis because self-attention is well suited for modeling global
dependencies. These models have shown strong potential for capturing long-range correlations
11-121 Even so, Transformer performance is highly sensitive to hyperparameter settings and input
organization. If tuning still relies on manual experience, it is difficult to obtain stable and
repeatable optimal configurations in high-dimensional search spaces. Meta-heuristic optimization
algorithms have therefore been applied for automated hyperparameter tuning. Among them, the
Black-Winged Kite Algorithm (BKA) has shown advantages in complex non-convex optimization.
Yet, in high-dimensional and mixed search spaces, it may still suffer from unstable convergence
and premature stagnation ['>4], Moreover, most existing studies focus on optimizing a single
category of parameters. Few jointly consider feature selection and model hyperparameters. This
limitation may lead to redundant features and weak generalization, highlighting the need for a
collaborative optimization framework [!3-16],

Motivated by these challenges, this study develops a Transformer-based bearing fault
diagnosis framework driven by an improved BKA, targeting complex industrial-robot operating
conditions. First, an adaptive nonlinear regulation mechanism and a dynamic update strategy are
introduced to strengthen global search capability. Second, a multidimensional feature-sequence
input structure is constructed according to the characteristics of robot bearing vibration signals,
enabling joint representation of fault information. Third, a hybrid encoding strategy is employed
to achieve coordinated optimization of key Transformer hyperparameters and feature subsets.
Finally, comparative experiments and ablation studies are conducted on industrial-robot bearing
vibration datasets to systematically evaluate the proposed framework.

2. Methods
2.1 Black kite optimization algorithm

The Black Kite Optimization Algorithm (BKA) is a metaheuristic optimization method
inspired by the predatory behavior of black kites in nature. It simulates intelligent behaviors such
as hovering observation, diving attacks, and adaptive strategy adjustment, and searches for the
optimal solution through an alternating mechanism between global exploration and local



exploitation ['7), First, the population is initialized by uniformly distributing the positions of black
kites, where the position of each black kite is expressed in Eq. (1).

X, = BK,, +rand (BK,, — BK,, ) (1)
where X, denotes the new position of the i-th individual; Bk, represents the current position

of the current individual (i.e., the i-th black kite); BK , and BK, denote the positions of two

other randomly selected black kites; and rand denotes a random number uniformly distributed
in [0,1].
During the initialization process, BKA selects the individual with the best fitness value as the

initial leader X, , which is regarded as the optimal position of the black kite. The initial leader
position is expressed in Eq. (2).
fl;ext = mln(f(XI))

@
X, =X (find (£, =1 (X.)))

where f, . denotes the optimal individual.

Black kites are predators of small mammals and insects in grassland ecosystems. During
flight, they adjust the angles of their wings and tail according to wind speed, hover steadily to
observe prey, and then rapidly dive to attack. This strategy involves different attack behaviors that
facilitate global exploration and search. The mathematical model of the black kite attack behavior
is expressed in Eq. (3).
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where yti’j denotes the position of individual i in the j-th dimension at iteration f; yt";’i

represents the updated position; » is a random number uniformly distributed in [0,1]; ¢ denotes
the current iteration number (time step); p is another random number uniformly distributed in
[0,1] used for strategy selection; and 7 denotes the total number of iterations.

Bird migration is a complex behavior influenced by environmental factors such as climate
conditions and food availability. To adapt to seasonal changes, many bird species migrate
southward during winter to obtain more favorable living conditions and resources. Migration is
typically guided by leaders, whose navigation ability is crucial to the success of the group. If the
fitness value of the current population is lower than that of a randomly generated population, the
leader relinquishes its leadership role and joins the migrating population, indicating that it is no
longer suitable to guide the group forward. Conversely, if the fitness value of the current
population is higher than that of the random population, the leader continues to guide the
population toward the destination '8, This strategy enables dynamic selection of superior
leaders, thereby ensuring successful migration.



The mathematical model of the black kite migration behavior is expressed in Eq. (5).
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where L{ denotes the position of the leader or attractor in the j-th dimension; y: "/ represents
the position of the i-th individual in the j-th dimension at the #th iteration; F, denotes the fitness
value of the current i-th individual; F/, represents the reference fitness value used for

comparison; m denotes a dynamic adjustment factor; and C (O,l) represents the Cauchy

mutation.

The one-dimensional Cauchy distribution is a continuous probability distribution with two
parameters. The probability density function of the one-dimensional Cauchy distribution is given
in Eq. (7).
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When 0 =1 and g =0, the probability density function reduces to the standard form. The

probability density function is expressed in Eq. (8).

1 o
f(xasaﬂ):;x2+la_w<x<oo (8)

where x denotes the random variable; O represents the scale parameter; 4 represents the

location parameter.
The computational workflow of the Black Kite Algorithm is illustrated in Figure 1.
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Figure 1. Flowchart of the Black Kite Algorithm



2.2 Problems of the Black Kite Optimization Algorithm

Applying the Black Kite Optimization Algorithm (BKA) to Transformer models can
significantly improve model training and structural design. The algorithm can automatically
search for and determine the optimal combination of Transformer hyperparameters, such as
learning rate, hidden-layer dimension, and the number of attention heads. It therefore replaces
time-consuming manual tuning. However, BKA still suffers from inherent drawbacks in
convergence efficiency and stability, as well as a mechanism mismatch when dealing with
complex optimization tasks 20211,

Problem 1: Inherent deficiencies in convergence efficiency and stability.

The updating mechanism of BKA relies heavily on random selection and random switching.
As a result, the convergence path becomes unstable and poorly repeatable in complex, non-convex
search spaces. In addition, its linear exploration—exploitation balancing strategy cannot adaptively

respond to different stages of the optimization process. This often leads to premature convergence
or ineffective exploration. Both phenomena degrade the reliability and efficiency of the final
optimization results 2%,
Problem 2: Mechanism mismatch in high-dimensional complex optimization tasks.
BKA was originally designed for continuous optimization problems. Its position-updating
rules, mutation operators, and leader-updating strategies are not well suited to the characteristics
of Transformer hyperparameter search. These include high dimensionality, mixed discrete—

continuous variables, and extremely high evaluation costs [231. Consequently, the algorithm incurs
heavy computational overhead and exhibits poor scalability. Its core operators also lack
adaptability to complex structural search tasks, which becomes a key bottleneck in practical
applications.

2.3 Improved Black Kite Optimization Algorithm

The standard BKA shows several inherent limitations when solving complex optimization
problems. Its convergence path is unstable. It is prone to local optima. Its efficiency also degrades
in high-dimensional mixed parameter spaces. To enhance its overall performance in complex
scenarios such as hyperparameter optimization, this study introduces a systematic improvement to
BKA from three perspectives: convergence strategy, step-size regulation, and encoding
mechanism. On this basis, an enhanced BKA is proposed. The overall improvement procedure is
illustrated in Figure 2.
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Figure 2. Computational flowchart of the improved BKA

(1) Improvement 1 of BKA: Adaptive nonlinear convergence factor

To mitigate the unstable convergence paths and premature convergence caused by random
switching in BKA, an adaptive convergence factor is introduced. It is constructed based on
iteration count and fitness diversity. In addition, a dynamic step-size adjustment mechanism is
designed. These two components enable the algorithm to perform sufficient global exploration in



the early stage and fine local exploitation in the later stage, thereby improving both convergence
efficiency and stability.
To address the limitations of the original linear convergence strategy in BKA, this study

designs an adaptive nonlinear convergence factor a(l, f ) based on the hyperbolic tangent

function. This factor is related not only to the iteration count but also to population diversity. As a
result, the algorithm exhibits stronger global exploration ability in the early phase of optimization,
while placing greater emphasis on local exploitation in the later phase.

The adaptive nonlinear convergence factor is defined in Eq. (9):

a(t,f):amm+(amax—amm)-{l—tanh(%ﬂ-a(f) (12T ©)

where ¢, and ¢, denote the lower and upper bounds of the convergence factor,
respectively, and are typically set to ¢, =0.1 and ¢, =1.5; ¢ denotes the current
iteration number; 7 denotes the maximum number of iterations; k is the shape-adjustment
parameter that controls the convergence rate and is commonly setto k € [2,5] ; O'( f ) denotes

the fitness-diversity adjustment coefficient of the population.
The fitness-diversity adjustment coefficient of the population is defined in Eq. (10):

5, 52
a(f)=5 i]—,-exp[—z—ézJ (10)
A

where 5 ;= Siwx —foin denotes the range of the current population fitness values;

- 1
f= N Z i]\il f; denotes the mean fitness of the population; @ is the adjustment parameter that

controls the sensitivity to population diversity.
When the population diversity is high ( 5/,. is large), o, — 1 takes a relatively large

value so that the algorithm can maintain strong global exploration ability. When the population
tends to converge ( O ; 1s small), G( f ) — 0 becomes smaller, which strengthens the local

exploitation ability.

(2) Improvement 2 of the BKA: Dynamic step-size adjustment mechanism

To overcome the instability caused by random step sizes in the original algorithm, a dynamic
step-size adjustment mechanism based on the evaluation of the individual evolutionary state is
proposed. This mechanism consists of three core components.

First, the evolutionary state evaluation function of each individual is defined, as shown in Eq.

(11):

A O-fa ) |70 (b

where E, (t ) is the evolutionary-state evaluation value of the i-th individual; f (t ) refers to

(=Sl 20

the fitness of the i-th individual at iteration #; f, (l‘) and f, (t) represent the current best

and worst fitness values, respectively; Af; (t) = ‘ f; (t ) - f (t - 1) indicates the fitness variation

of the individual; ]7 (t) is the current mean fitness of the population.

Then, a dynamic step-size adjustment factor is introduced. This factor is constructed based on
the evolutionary-state evaluation value of each individual and is defined in Eq. (12).
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where f3, acts as the baseline step-size factor; 0, serves as the scale parameter of the

Gaussian distribution and regulates the exploitation intensity of elite individuals; 77 functions as

a threshold parameter that separates elite individuals from non-elite ones.

Finally, an improved attack-behavior updating rule is developed in this study. The adaptive
nonlinear convergence factor and the dynamic step-size adjustment mechanism are incorporated
into the original attack-behavior model. In this way, an enhanced position-updating formulation is
obtained. The improved updating rules are expressed in Egs. (13)-(14).

When 7, <0.5, the algorithm operates in the global-exploration mode:

xl.’fjw(t+l):x[,d (t)+a(t,f)-,8l.(t)-r1 ~[x,,1,d (t)—xrz,d (t)]-(1+;/-C) (13)

When 7, 2 0.5, the algorithm operates in the local-exploitation mode:
X+ =x,(t)+a(t. f)-B(t)n-[L,(t)=x,()]-(1-0.5-7-C) (14

where C ~ Cauchy(O,l) denotes a random variable that follows the standard Cauchy

distribution; y represents the disturbance-intensity coefficient.

(3) Improvement 3 of the BKA: Hybrid encoding strategy

To address the challenges of hyperparameter optimization, such as high dimensionality,
mixed discrete—continuous variables, and high evaluation cost, a hybrid encoding strategy is
designed in this study. Continuous and discrete parameters are encoded separately. In addition, a
dimension-aware Cauchy—Gaussian hybrid mutation mechanism is introduced. These designs
enhance the search capability and adaptability of the algorithm in high-dimensional complex
spaces.

Let the total number of parameters to be optimized be D . The dimensionality of continuous

parameters is D _, and that of discrete parameters is D, , satisfying D =D, + D, . A piecewise

hybrid encoding strategy is adopted. The solution vector is represented in Eq. (15).

X:[‘xl’x2'“’ch"xD(H"xDCJrZ"”’xDi| (15)
| S ——
continuous parameter continuous parameter

For the continuous-parameter part, standard floating-point encoding is applied.The boundary
of each dimension is expressed in Eq. (16).

xje[lbj,ubj],j=1,2,---,Dc (16)

For the discrete-parameter part, integer encoding is adopted. The value of each dimension is
selected from a predefined discrete set. This discrete set is expressed in Eq. (17).

x, €8, = {Sk,lﬂsk,27”"sk,m,( }

k=D +1,D,+2,---,D

(17)

where X denotes the complete solution vector; x; refers to the value of the j-th continuous
parameter; [b . and ub . are the lower and upper bounds of the j-th continuous parameter,

respectively; X, indicates the value of the -th discrete parameter; S, represents the candidate



set of the k-th discrete parameter; s, ; corresponds to the i-th candidate value in the candidate set

of the k-th discrete parameter; m, denotes the number of candidate values for the k-th discrete

parameter.
To improve the search efficiency of the algorithm in high-dimensional spaces, a
dimension-aware Cauchy—Gaussian hybrid mutation mechanism is proposed. The mechanism

automatically adjusts the mutation intensity according to the parameter dimensionality. In addition,
probabilistic perturbations are introduced when updating discrete parameters to enhance global
exploration ability. For the continuous-parameter part, the mutation rule is given in Eq. (18).

x‘].' =X, +t o, '(Cauchy(O,l)Jrﬂ, . N(O, 0']2)) (18)

where the dimension-aware weight o, is defined as shown in Eq. (19).

1
o,

- 19
T Tra (o) 1

The standard deviation varies with the dimensionality o, and is expressed in Eq. (20).

—1
o =ﬂ-exp[—%} (20)

c

For the discrete-parameter part, a probabilistic perturbation strategy is introduced, which is
formulated in Eq. (21).

exp(—}/- | i Icurrent |)
;nil exp(_y' ’ q - Icurrent ‘)

(e2y)

Pmulation (‘xk = Sk,i) = Z

where x j, is the value of the j-th continuous parameter after mutation; @; denotes the mutation
weight of the j-th dimension; « is the weight-decay coefficient; o refers to the

Gaussian-mutation standard deviation of the j-th dimension; S acts as the initial

standard-deviation coefficient; A represents the mixing ratio between the Cauchy and Gaussian
mutations; ¥ is the probability-decay coefficient that controls how fast the probability decreases

with the distance between a candidate value and the current value; and [/ indicates the index

current
of the current discrete-parameter value in the candidate set.
2.4 Transformer model

The Transformer model is a powerful sequence feature extractor. It completely removes
recurrence and convolution. Instead, it relies solely on the self-attention mechanism and
feed-forward neural networks. The model processes the entire input sequence in parallel and
efficiently captures long-range dependencies. In essence, it adopts an encoder-only architecture.
The decoder is omitted, because the task concerns sequence classification rather than sequence
generation. Through multi-head self-attention, the model directly mines fault-related local
impulses, periodic modulation patterns, and long-term dependencies in vibration signals. Global
pooling and a classifier are then applied to produce the final diagnostic results. This makes the
Transformer particularly suitable for fault identification in rolling bearings and other rotating
machinery. The operating principle of the Transformer model is illustrated as follows.

Step 1: The raw signal is segmented, and feature extraction is performed on each segment.
The procedure is expressed in Eq. (22).

X = [FFT (B (Sveament )3 Frar (Sicamens )} @2)

where S is the original vibration-acceleration signal sequence; S refers to the signal

segment

segments obtained through sliding-window partitioning; F, () denotes the time-domain

time



feature-extraction function; F () represents the statistical feature-extraction function;

stat
FFT () stands for the fast Fourier transform; q)() serves as an automated feature extractor

within feature engineering; X indicates the input feature-sequence matrix; 7' is the number of

time steps; and d is the feature dimensionality.

feature
Step 2: Positional encoding is applied. The learnable positional encoding of the sequence is

expressed in Eq. (23).

X, =X+PF,

learnable

(23)

. .o, . . Txd ture
where X, refers to the initial input of the encoder; £, € R " corresponds to the

learnable
learnable positional-encoding matrix.
The multi-head attention mechanism of the Transformer model is illustrated in Figure 3.

Figure 3. Multi-head attention mechanism of the Transformer model

The specific computational formulation of the multi-head attention mechanism in the
Transformer model, as shown in Figure 3, is expressed in Eq. (24).

MultiHead (X,,) = Concat (head, ,---, head, ) W°

(24)
head, = Attention( X, W2, X, W, X, W)

where /1 represents the number of attention heads; W° and W' e R % serve as the
projection matrices of the i-th head for the “query” and “key” of the fault features, respectively;
WiV € R acts as the projection matrix of the i-th head for the “value” of the fault features;
d, and d, specify the projection dimensionality of each attention head.
Step 3: Residual connection and layer normalization are applied, as expressed in Eq. (25).
Z' = LayerNorm (X ., + Dropout (MultiHead (X, )))

F = LayerNorm (Z’ + Dropout (FFN(Z' ))) (25)

where Z' denotes the intermediate feature obtained after aggregating contextual information
through the attention mechanism; F corresponds to the output feature of a single encoder layer;

FFN () represents the feed-forward neural network;
Step 4: A diagnostic vector is generated, completing the global feature aggregation process.
The formulation is expressed in Eq. (26).

h

‘global

= Pooling(F(N)) (26)

where F") refers to the output sequence of the N-th encoder layer with dimensionality



Txd ; Pooling(-) denotes the global max-pooling operation; E)(N) indicates that the

feature ®

+ . d eature
feature vector is used as the global representation; and R represents the global

globale
diagnostic feature vector that aggregates information from the entire sequence.

Step 5: Fault classification is performed, as expressed in Eq. (27).

v = soft max(W h +de) (27)

cls" “global

Cxd . . . .
where W, € R~ """ denotes the weight matrix of the classification layer; b, € RC refers to

the bias vector of the classification layer; C specifies the total number of fault categories; and
ye R represents the probability distribution of the model predictions over all categories.
The supervised training loss is expressed in Eq. (28).

M C 2
> > v log(3,.)+ 2|0 (28)

L=—L
M i=1 c=1

where M denotes the batch size; Vie € {0,1} is the true fault-class label of sample i; )A/i’c

gives the predicted probability that sample i belongs to class ¢; A serves as the L2
regularization coefficient; and ® represents the set of all model weight parameters.
2.5 Computational workflow of the industrial robot bearing fault diagnosis method based on an

improved BKA-optimized Transformer

An end-to-end fault diagnosis framework for industrial robot bearings is developed in this
study. The framework integrates intelligent hyperparameter optimization with deep sequence
modeling by combining the improved BKA with the Transformer model. First, multidimensional
feature engineering is applied to the raw vibration signals to construct the initial feature sequences.
Then, the improved IBKA is employed to perform automated global optimization of the key
Transformer hyperparameters. At the same time, feature-importance screening is conducted in the
high-dimensional feature space to improve model efficiency and generalization. Finally, the
optimized features are fed into the Transformer network, whose structure and parameters have
both been optimized, to model contextual dependencies and accurately identify fault states. The
computational workflow of the proposed algorithm is illustrated as follows.

Step 1: Vibration signal acquisition and preprocessing

Raw one-dimensional vibration acceleration signals are collected from the rolling bearings in
the joint drive unit of an industrial robot under different health conditions. These conditions
include normal operation, inner-race faults, outer-race faults, rolling-element faults, and multiple
fault-severity levels. The continuous signals are sampled at a sufficiently high frequency to satisfy
the Nyquist sampling theorem, yielding discrete-time sequences. Based on the characteristic fault
frequencies and rotational speed of the bearing, each sequence is divided into samples of fixed
length to ensure that every sample contains a complete fault-impact period. Each sample is then
standardized to zero mean and unit variance. This removes scale differences and accelerates the
convergence of the subsequent deep model training process.

Step 2: Construction of multidimensional feature sequences and collaborative
optimization with IBKA

For each preprocessed sample, multidimensional feature extraction is performed to construct
the initial input sequence. This process integrates time-domain statistical features (such as peak
value, kurtosis, and root-mean-square value), frequency-domain features (including spectral
amplitude and spectral centroid obtained via fast Fourier transform), and deep primitive features
automatically learned by a one-dimensional convolutional network. These components jointly
form a high-dimensional hybrid feature vector, which is then reconstructed into a sequential
format. Subsequently, the IBKA is employed to iteratively optimize the Transformer
hyperparameters. At the same time, the constructed high-dimensional hybrid features are
evaluated and filtered according to their importance. Through iterative search with IBKA, two
optimal outputs are finally obtained: one is the best hyperparameter combination for the
Transformer model; the other is a selected feature subset that is most sensitive to faults. In this
way, automated and coordinated optimization of feature dimensionality reduction and model



parameter configuration is achieved.

Step 3: Model training and fault classification

The optimized feature vectors, obtained after feature selection and sequence reconstruction,
are used as the inputs to construct a Transformer encoder network. The model employs learnable
positional encoding to adapt to non-uniformly sampled signals. Through the multi-head
self-attention mechanism, it parallelly captures long-range dependency relationships among fault
features within the sequence. Nonlinear transformation and feature fusion are then performed
using a feed-forward neural network together with residual connections. The network structure is
initialized with the hyperparameter configuration optimized by IBKA. The loss function is
minimized via backpropagation and adaptive optimization algorithms, enabling the model to learn
an accurate mapping from complex vibration sequences to fault categories.

After training, the model processes the input feature sequence in an end-to-end manner. A
global pooling layer is used to aggregate the sequential information, and a Softmax classifier
outputs the probability distribution over the bearing fault states. In this way, high-accuracy
intelligent fault diagnosis is achieved. The computational workflow of the proposed industrial
robot bearing fault diagnosis method, in which the Transformer is optimized by the improved
BKA, is shown in Figure 4.
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Figure 4. Improved BKA-Transformer—based bearing fault diagnosis workflow

3. Results and discussion
3.1 Effectiveness analysis of the improvements in the BKA optimization

To systematically evaluate the performance of the improved BKA proposed in this study and
to verify the effectiveness of the improvement strategies, eight representative benchmark test
functions with different characteristics (F1-F8) are selected for performance validation 2425,

All comparative experiments are conducted on the same computing platform. The operating
system is Windows 11. The hardware configuration consists of an AMD Ryzen 7-5800H processor
and 32 GB of memory.

To ensure fairness and reproducibility, the population size of all algorithms is uniformly set to
60, and the maximum number of iterations is fixed at 100. Each algorithm is independently
executed 20 times. For every run, the best solution, the worst solution, and the average running
time are recorded. These indicators are then used to comprehensively evaluate the convergence
accuracy, robustness, and computational efficiency of the algorithms.

The specific benchmark test functions are listed in Table 1.



Table 1. Benchmark test functions

Function ID Function name Domain
F1 Schwefel Function [-500,500]
F2 Rastrigin Function [-5.12,5.12]
F3 Ackley Function [-32.768,32.768]
F4 Griewank Function [-600,600]
F5 Levy Function [-10,10]
F6 Levy Function 13 [-10,10]
F7 Shekel's Foxholes Function [-65.536,65.536]
F8 Kowalik Function [-5,5]

To verify the effectiveness of the optimization improvements made to the BKA in this study,
comparative experiments are conducted using the BKA, the IBKA, and the AOA algorithm. The
eight benchmark functions described above are used as the test set. Each algorithm is executed 20
independent runs. The convergence curves of functions F1-F8 are visualized for comparison. The
simulation results are shown in Figure 5.
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Figure 5. Simulation comparison results for benchmark functions F1-F8

In Figure 5, the left column shows the benchmark test functions, while the right column



presents the convergence curves of the three algorithms: AOA, the improved BKA, and the
standard BKA. From the convergence curves, it can be observed that the improved BKA exhibits
superior optimization performance. For all benchmark functions, its fitness value decreases more
rapidly, and the final optimization result is also better. The optimization results of the proposed
method are summarized in Table 2.

Table 2. Optimization results of the proposed method

Test function Best solution Worst solution Average time / s
Fl1 -7314.3124 -3500.2417 0.72
F2 —10.4029 320 0.31
F3 0 1.0921 0.23
F4 0 532.1286 0.14
F5 0 77.2373 0.17
F6 12.3124 11x109 0.78
F7 0.3979 5.8214 0.13
F8 0 81.7426 0.19

By analyzing the optimization results of the proposed method presented in Table 2, it can be
observed that the improved BKA exhibits noticeable performance variation across different types
of benchmark functions. The evaluation is conducted from three perspectives: convergence
accuracy, robustness, and computational efficiency. .

First, in terms of convergence accuracy, the improved BKA is able to obtain the theoretical
optimal solution or a near-optimal solution for several benchmark functions. For example, the
algorithm achieves the theoretical optimum of 0 on functions F3, F4, F5, and F8. This indicates
strong local convergence capability for relatively regular or low-dimensional problems. In
addition, on F7 (Branin), the best solution of 0.3979 is also very close to the known global
optimum, suggesting that the algorithm is effective for such classical test functions. However, for
F1 and F2, the best solutions are —7314.3124 and —10.4029, respectively. Although these results
demonstrate a certain level of optimization capability, the absence of known theoretical optima
makes it difficult to directly assess their convergence accuracy. It is also worth noting that for F6,
the best solution is 12.3124, while the worst solution reaches 1.1x10°. This suggests that the
function may have a highly complex search landscape, and that the algorithm may experience
severe degradation in convergence performance in some runs.

Second, in terms of robustness, the gap between the best and worst solutions reflects the
stability of the algorithm across multiple runs. For F3, F5, and F7, the differences between the best
and worst results are relatively small. This indicates that the algorithm maintains good
repeatability and stable convergence on these functions. However, for F2, F4, F6, and F8, the gaps
are extremely large. For example, the worst solution for F2 is 320, which differs greatly in both
sign and magnitude from the best solution of —10.4029. For F6, the worst solution reaches 11 x

10°. These results reveal that the algorithm behaves very inconsistently on these functions and is
easily influenced by initial conditions or random factors, leading to poor local solutions or
divergence. Such large fluctuations imply that the balance between exploration and exploitation
may still be insufficient, particularly for multimodal, high-dimensional, or non-convex functions.

Finally, regarding computational efficiency, the improved BKA shows consistently low
average running time across all benchmark functions, ranging from 0.13 s to 0.78 s. This indicates
good time performance. Even for F6, where the results fluctuate significantly, the average running
time is only 0.78 s. This demonstrates that the algorithm executes rapidly and has relatively low
computational complexity, making it suitable for applications with certain real-time requirements.
For more complex functions such as F1, the average time of 0.72 s is still acceptable.

In summary, the proposed method performs well in terms of computational efficiency and
achieves the theoretical global optimum for several benchmark functions, demonstrating strong
local optimization capability. However, the lack of robustness and the large variations in
optimization results observed for multiple functions indicate that its global convergence stability
remains insufficient when dealing with complex, multimodal, or high-dimensional optimization
problems. Future work may therefore focus on further enhancing the global exploration
mechanism to avoid premature convergence and large performance fluctuations.



3.2 Data source

The experimental data used in this study are obtained from a self-constructed vibration
dataset of industrial robot joint-bearing faults. The dataset is collected on a high-precision bearing
fault test rig, which can accurately reproduce the dynamic characteristics of robot bearings under
various operating modes and load conditions. The integrated experimental platform employed for
data acquisition is shown in Figure 6.

Figure 6. Bearing fault test rig for industrial robots

The constructed dataset is designed to support precise fault-classification research. Therefore,
both the fault categories and the dataset scale are deliberately configured. A total of 50,000
high-quality vibration time-series samples are included. Each sample has a fixed length of 2,048
data points. This length is chosen to effectively capture characteristic fault frequencies and impact
responses, while maintaining computational efficiency during model training.

The dataset covers four core operating states: normal condition, rolling-element fault,
inner-race fault, and outer-race fault ?®]. Multiple damage-severity levels are assigned to each fault
type in order to simulate the progression of faults from initiation to development. To better
approximate real industrial environments, data collection is performed under combined
variable-speed and variable-load conditions. This significantly increases the complexity and
engineering relevance of the dataset. The dataset therefore provides a reliable basis for evaluating
the accuracy, generalization ability, and noise robustness of the proposed diagnosis model in
identifying key bearing fault types in industrial robots. The detailed configuration parameters of
the dataset are summarized in Table 3.

Table 3. Detailed parameters of the industrial robot joint-bearing vibration dataset

Fault Rotational speed Load Number of Data
Category .
diameter (rpm) (N-m) samples length
Normal 600, 900, 1200,
. N/A 0,5, 10 12,500 2048
condition 1500
600, 900, 1200,
0.2 mm 0,5,10 4,167 2048
1500
Rolling-element 600, 900, 1200,
0.4 mm 0,5,10 4,167 2048
fault 1500
600, 900, 1200,
0.6 mm 0,5,10 4,166 2048
1500
600, 900, 1200,
0.2 mm 0,5,10 4,167 2048
1500
600, 900, 1200,
Inner-race fault 0.4 mm 0,5,10 4,167 2048
1500
600, 900, 1200,
0.6 mm 0,5,10 4,166 2048

1500




600, 900, 1200,

0.2 mm 0,5,10 4,167 2048
1500
600, 900, 1200,
Outer-race fault 0.4 mm 0,5,10 4,167 2048
1500
600, 900, 1200,
0.6 mm 1500 0,5,10 4,166 2048

3.3 Time—frequency analysis

Time—frequency analysis is a key approach for revealing the time-varying characteristics of
nonstationary vibration signals in mechanical fault diagnosis. To visually verify that the
constructed dataset contains distinguishable fault-related features, and to investigate how different
fault states manifest in the joint time—frequency domain, representative samples from the dataset
are analyzed in this section. The objective is to confirm, from a physical-mechanism perspective,
the presence and differences of fault characteristics such as periodic impacts and
resonance-frequency modulation. This provides a theoretical basis for subsequent feature learning
using the Transformer model.

In this study, the short-time Fourier transform (STFT) is employed as the time—frequency
analysis tool. To comprehensively illustrate the fault characteristics, four representative samples
are selected from the dataset described in Table 3 under the same operating condition of 1200 rpm
and 5 N-m. These samples correspond to normal condition, rolling-element fault (0.4 mm),
inner-race fault (0.4 mm), and outer-race fault (0.4 mm), respectively. Each sample contains 2,048

data points, and the sampling frequency is 12.8 kHz. The experimental results are shown in Figure
7.
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Figure 7. Time—frequency analysis results of industrial robot bearing fault vibration signals

From Figure 7, it can be observed that for the bearing vibration signal under normal operating
conditions (Figure 7(a)), the time-domain waveform exhibits small-amplitude and stationary



random fluctuations, without any obvious impulsive disturbances. In the corresponding short-time
Fourier transform (STFT) time-frequency map, the frequency components are distributed

relatively uniformly. The energy does not show clear time-varying aggregation or periodic
high-energy patches across different frequency bands. This indicates that the time-varying
characteristics of the vibration signal are weak in the normal state, and no modulation or impact
effects associated with faults are present. These observations are consistent with the characteristics
of a healthy bearing.

For the rolling-element fault with a defect size of 0.4 mm (Figure 7(b)), the time-domain
waveform shows pronounced impulsive fluctuations. The impulse intervals are consistent with the
characteristic fault frequency of the rolling element. In the STFT time-frequency map,

periodically distributed high-energy patches appear in the mid-to-high-frequency region. The
frequency range of these energy clusters corresponds to the resonance band of the bearing system.
This phenomenon originates from the periodic impact excitation generated when the defective
rolling element contacts the inner and outer races. Each time the defect passes through the load
zone, structural resonance is excited, resulting in periodic energy aggregation in the time-—

frequency domain. This reflects the typical “impact-resonance” vibration mechanism associated

with rolling-element faults.

For the inner-race fault with a defect size of 0.4 mm (Figure 7(c)), the impulses in the
time-domain waveform occur more frequently, and the impulse amplitude shows a modulation
pattern related to the shaft-rotation frequency. In the corresponding STFT map, the magnitude of
the high-energy regions varies periodically with the rotational period. The underlying physical
mechanism is that the inner race rotates synchronously with the shaft, so the defect-pass frequency
is determined by the shaft-rotation frequency. As a result, the fault-induced impact signal is
modulated by the rotational motion, leading to periodic fluctuations in the amplitude of the
high-energy patches in the time—frequency domain. This is a typical time-varying characteristic

that distinguishes inner-race faults from other fault types.

For the outer-race fault with a defect size of 0.4 mm (Figure 7(d)), the impulses in the
time-domain waveform exhibit a stable periodic pattern, and the variation in impulse amplitude is
relatively small. This is because the outer race is generally stationary, and the spatial position of
the defect remains unchanged. Each time a rolling element passes over the defect, an impact is
generated. The impact period is therefore determined by the orbital frequency of the rolling
elements. As a consequence, the high-energy regions in the time—frequency map form continuous
and stable band-like distributions, reflecting the fixed impact location and stable periodicity
characteristic of outer-race faults.

3.4 Ablation study comparison

To systematically evaluate the specific contributions of the three improvement strategies
proposed in this study—namely, the adaptive nonlinear convergence factor, the dynamic step-size

adjustment mechanism, and the hybrid encoding strategy—to the performance enhancement of the

Black Kite Algorithm (BKA), an ablation study is conducted in this section. By gradually
removing or replacing each improvement module, the performance differences among several
algorithm variants are compared on both benchmark-function optimization tasks and Transformer
hyperparameter optimization tasks. In this way, the effectiveness and necessity of each
improvement component are verified.

Five algorithm variants are designed for comparison:

Original BKA: the standard Black Kite Algorithm, used as the performance baseline.

BKA-V1: the original BKA with only the adaptive nonlinear convergence factor introduced
(corresponding to the improvement in Section 2.3.1).

BKA-V2: the original BKA with only the dynamic step-size adjustment mechanism
introduced (corresponding to the improvement in Section 2.3.2, including evolutionary-state
evaluation and the improved attack-behavior update).

BKA-V3: the original BKA with only the hybrid encoding strategy introduced
(corresponding to the improvement in Section 2.3.3, targeting mixed continuous—discrete
parameter spaces).

IBKA (Proposed): the fully improved BKA integrating all three enhancement strategies.

The results of the ablation study are shown in Figure 8.
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Figure 8. Ablation study comparison results

From Figure 8, it can be seen that the figure presents a bar chart illustrating the progressive
improvement in accuracy achieved through the iterative enhancement of the BKA algorithm. The
horizontal axis corresponds to the ablation-study variants, while the vertical axis represents the
classification accuracy. The numerical labels above the bars indicate the specific accuracy
achieved by each variant. The error bars at the top reflect the statistical fluctuation of the accuracy
results. The dashed trend line intuitively shows the change in accuracy throughout the iterative
improvement process. Using the Original BKA (accuracy: 83.42%) as the baseline, the accuracy
demonstrates a consistent upward trend across the successive variants. The accuracy of BKA-V1
increases to 88.15% (an improvement of +4.73 percentage points over the baseline). BKA-V2
further improves the accuracy to 92.37% (an increase of +4.22 percentage points over BKA-V1).
BKA-V3 reaches 95.76% (an additional +3.39 percentage points relative to BKA-V2). Finally, the
fully improved version, IBKA, achieves an accuracy as high as 99.83%, representing an increase
of +4.07 percentage points over BKA-V3.

From the overall trend, the dashed line exhibits a strictly monotonic increase, which verifies
the progressive effectiveness of the iterative improvement strategy applied to the BKA. Moreover,
the error bars do not enlarge as the accuracy improves (and are even more compact for IBKA),
indicating that algorithmic robustness and result stability are enhanced simultaneously during the
improvement process. At the same time, although the accuracy gains between successive variants
fluctuate slightly, the overall optimization rate remains high. In particular, the renewed increase
observed for IBKA suggests that the later improvements successfully overcame the performance
bottleneck that limited earlier variants. In summary, the figure provides systematic validation of
the multi-generation iterative improvement framework applied to the BKA. The accuracy
increases from 83.42% to 99.83%, corresponding to a cumulative improvement of approximately
16.41 percentage points.

3.5 Experimental comparison results of different fault diagnosis methods for industrial robot
bearings

To comprehensively evaluate the overall performance of the proposed method, several
mainstream fault diagnosis approaches, including ACGAN, SVM, and CNN, are selected for
comparison. All methods are tested on the self-constructed industrial robot joint-bearing fault
vibration dataset. The experimental results are presented in Figure 9.
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Figure 9. Comparison of confusion matrices for industrial robot bearing fault diagnosis using different algorithms

From Figure 9, it can be seen that the confusion matrices of ACGAN, SVM, CNN, and the
proposed method for the target classification task are presented. The rows and columns of each
matrix correspond to the true and predicted class labels, respectively. The value of each element
represents the number of samples in the corresponding class pair. The color intensity is positively
correlated with the sample count. The classification accuracy displayed in the upper-right corner
serves as the main evaluation indicator. Based on these matrices, the performance of the different
methods can be analyzed as follows. In terms of accuracy, SVM performs the worst, with an
accuracy of 82.67%. ACGAN achieves 88.19%, outperforming SVM but still remaining at a
relatively low level. CNN shows strong classification capability, with an accuracy of 96.69%. The
proposed method achieves the highest accuracy of 99.86%. From the distribution of the elements
in the confusion matrices, the non-diagonal elements of SVM and ACGAN are relatively large.
This indicates obvious misclassification phenomena and weak discrimination ability among
classes. For CNN, the proportion of diagonal elements increases significantly, while most
non-diagonal elements are in the single- or double-digit range. Only a small number of samples
are misclassified, indicating much stronger class separability. For the proposed method, the
diagonal elements dominate almost completely. Most non-diagonal elements are either zero or
extremely small, with only a very small number of misclassified samples. This means that the
method almost achieves “confusion-free” classification, and the class-discrimination capability is
close to perfect. In summary, for this classification task, the performance of the proposed method
is significantly superior to that of ACGAN, SVM, and CNN. It not only achieves a classification
accuracy of 99.86%, but also greatly reduces inter-class confusion, making it highly suitable for
high-precision fault diagnosis applications.

4. Conclusion
In this study, a novel artificial intelligence-based diagnostic method for industrial robot

bearing faults is proposed and validated. The method is built upon a Transformer model optimized
using an IBKA. Based on experimental analysis and comparative evaluation using a
self-constructed bearing vibration dataset, two clear and quantitative conclusions are obtained:



(1) The proposed IBKA-Transformer diagnostic model achieves almost perfect classification
performance. On the industrial robot bearing vibration dataset covering multiple fault types and
operating conditions, the method attains a fault-diagnosis accuracy of 99.86%, which significantly
exceeds that of mainstream approaches such as ACGAN (88.19%), SVM (82.67%), and CNN
(96.69%). Analysis of the confusion matrices further shows that the number of misclassified
samples is reduced to an extremely low level. Most non-diagonal elements are nearly zero,
indicating that the method almost achieves *“ confusion-free " classification. This fully
demonstrates its excellent performance and reliability in high-precision fault diagnosis scenarios.

(2) The systematic improvements introduced to the BKA are the key to enhancing diagnostic
performance. The adaptive nonlinear convergence factor, dynamic step-size adjustment
mechanism, and hybrid encoding strategy—designed to address the limitations of the original
algorithm—are validated through standard benchmark testing and ablation studies. These
improvements effectively balance exploration and exploitation, enhance convergence stability, and
improve optimization efficiency in high-dimensional mixed-parameter spaces. As a result, they
ensure the optimal joint optimization of Transformer hyperparameters and feature selection,
thereby providing a solid algorithmic foundation for achieving the final diagnostic accuracy of
99.86%.

5. List of abbreviations

Full name Abbreviations
Improved Black Kite Algorithm IBKA
Black Kite Algorithm BKA
Convolutional Neural Networks CNN
Short-Time Fourier Transform STFT
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