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Abstract: The demanding operational conditions of combine harvesters induce substan-
tial vibrations and component degradation, significantly impacting harvesting efficiency,
safety, and overall machine reliability. Bolt loosening, a critical failure mode at the joints
of various working parts of combine harvesters, is a prevalent concern. The complexity
and heterogeneity of vibration signals in these machines present a considerable challenge
for the timely and accurate detection of bolt loosening. This paper proposes a novel
methodology for identifying and diagnosing vibrating screen bolt failure states under
multiple excitation conditions, specifically tailored for the 4LZY-1.8(PRO688Q) combine
harvester. The study initially analyzes the critical torque associated with bolt connection
failure. Subsequently, vibration signals are acquired from the bolt connection of the vi-
brating screen, and time-frequency analysis is performed to characterize the degree of bolt
loosening, the predominant vibration direction, and the causative frequency components.
A high-dimensional feature matrix is then constructed utilizing a Gaussian kernel function.
The efficacy of the proposed methodology is evaluated through training and testing a
classification decision model. This study provides a robust theoretical foundation for the
vibration-based fault diagnosis of bolt structures in combine harvesters.

Keywords: combine harvester; bolt failure state recognition; time-frequency characteristics;
support vector machine; multi-fusion matrix

1. Introduction

Combine harvesters, characterized by complex working mechanisms including cutting
platforms, conveying troughs, and vibrating screens, are subjected to intricate and severe
loads during the harvesting process, impacting the machine’s operational efficiency [1,2].
This leads to issues such as significant whole-machine vibration and premature component
damage, severely affecting harvesting efficiency and the overall safety and reliability of
the machine [3-5]. As combine harvesters evolve towards larger, faster, more efficient,
and intelligent designs, it is increasingly crucial to investigate the vibration characteristics
and identification methods of their various mechanisms for structural optimization [3-5].
Bolted structures, due to their simplicity, standardization, and ease of replacement, serve as
the primary connection method between the working components of combine harvesters.
However, intense and continuous multi-source vibrations can lead to fatigue failure in
bolted connections [6]. Statistics indicate that approximately 80% of structural failures are
attributed to fatigue, making bolt loosening a major failure mode at the connection points of
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various working parts [7-9]. In recent years, scholars have conducted extensive research on
bolt loosening analysis, including mechanical modeling and vibration signal identification.

Currently, most domestic researchers analyze the vibration characteristics of indi-
vidual mechanisms by disassembling the devices and structures on the entire machine.
Simultaneously, scholars have analyzed the mechanical properties and established dynamic
models of bolted structures based on the operating conditions of bolted joints [10-12]. Me-
chanical analysis primarily includes calculations of deformation within the allowable range
of material performance indicators under static loads, pre-tightening force parameters, and
static response distributions [13-15]. The establishment and solution of dynamic models
can be categorized into contact surface micro-tangential response models, lumped mass
models for axial macroscopic vibrations, and torsional vibration dynamic models [16-18].
Moreover, by utilizing intuitive finite element models to simulate realistic load environ-
ments, the vibration response characteristics of bolted joints in working components can be
obtained [19,20].

Influenced by field operating environments, multiple vibration sources, and complex
transmissions, the vibration response signals of bolted structures in combine harvesters
change significantly after failure. The extracted feature signals require processing to re-
move interference and noise [21-23]. To prevent noise interference with normal signals,
it is necessary to decompose the vibration signals [24,25]. Time-frequency analysis meth-
ods are widely used in the analysis of spectral characteristics of impulse and vibration
signals [26,27]. Variational mode decomposition (VMD), with its complete mathematical
theory and optimal reconstruction characteristics, ensures superior signal decomposition
performance [28,29] and has been applied in signal extraction for combine harvesters [30].
Support vector machine (SVM) is a primary method for identifying bolt failure states
through the analysis of vibration signals [31-33]. However, before training and testing
bolt failure state data, it is necessary to optimize model parameters and data structures
to enhance model identification accuracy [34-36]. By using optimization algorithms to
find the optimal parameters, the accuracy of bolt structure failure state identification is
significantly improved [37-39].

In conclusion, the complex operational environment and dynamic loading conditions
inherent in combine harvesters render them susceptible to connection bolt failures. Existing
methodologies for bolt loosening identification often demonstrate limitations, particularly
concerning the effective integration of optimization algorithms to enhance parameter se-
lection. To address these shortcomings, this paper introduces a novel approach for the
identification of failure states and fault diagnosis within the vibrating screen bolt connec-
tions under multiple excitation scenarios. Initially, a finite element model of the bolted
joint, representative of the combine harvester’s structure, is constructed to facilitate the
analysis of critical torque thresholds associated with bolt failure. Subsequently, vibration
signals acquired at the bolted joint of the vibrating screen undergo comprehensive anal-
ysis, enabling the quantification of loosening severity, the identification of the dominant
vibration direction, and the characterization of the underlying frequency components.
Furthermore, leveraging a Gaussian kernel function, a classification decision model based
on the support vector machine (SVM) is developed for the classification and identification
of bolt loosening states.

2. Material and Methods
2.1. Combine Harvester Vibrating Screen Bolt Model with Loose Torque

Bolted connections are broadly categorized into two primary types: conventional
bolted connections and pin-hole bolted connections. In conventional bolted configura-
tions, the applied tensile force within the bolt, resulting from nut tightening, generates
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frictional resistance at the joint interfaces, effectively counteracting transverse external
forces. Conversely, in pin-hole connections, external forces are directly imposed upon the
bolt, and the inherent shear strength of the bolt itself bears the lateral load. The vibrating
screen assembly of the combine harvester predominantly employs conventional bolted
connections, typically utilizing coarse-threaded bolts, as illustrated in Figures 1 and 2.
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Figure 1. Normal bolt connection.
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Figure 2. Comparison of coarse and fine tooth bolts.
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In bolted connections, the preload causes frictional constraints between the joint
structures to keep the structure stable. When the frictional restraint is broken, the bolted
connection fails, resulting in loosening. The force analysis of the threaded pair was carried
out to simplify the model to an inclined slide model, as shown in Figure 3. The bevel and
slider represent the thread of the bolt and nut, and the slope angle of the bevel is equivalent
to the thread angle A of the thread.
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Figure 3. Ramp model of the bolt.
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From the Figure 3, it can be seen that the bolt is subjected to the preload force Fg
exerted by the nut on the clamped member, the friction force f down along the inclined
plane, the support force Fyy provided by the inclined plane, and the horizontal combined
force of tightening F. Where the friction force f down along the inclined plane and the
support force Fy provided by the inclined plane can be synthesized into the support force
Fr provided by the inclined plane, and the angle between Fr and Fy is known as the
equivalent friction angle, which satisfies the relationship of Equation (1).

!
t = 1
M= os B @
where p is the equivalent friction angle between threaded parts; § is the tooth side angle, the
ordinary metric thread is usually 30°; y; is the friction coefficient between threaded parts.
According to the equilibrium of force:

F = Fptan(A + p) )
p
A= sz ©)

where A is the thread rise angle; P is the pitch; d; is the thread center diameter.
The individual diameters of the threaded pair are shown in Figure 4, and the contact
surface face force is as follows:

F
—_— (4)
(4 + (%)’

fsl =

where d is the nominal diameter of the thread; d; is the small diameter of the bolt.
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Figure 4. Individual diameters of threaded parts.

Integrating along the inner ring radial to the outer diameter of the ring, the friction
moment between the threaded pair is obtained as follows:

g 1 4 —d;®)
T:/ x 2mrdr) X r = =Fotan(A + o) ——~ 5
where 7 is the radius of the distance from the microcircle to the center of the circle.
The support force between the bolt and the connected member is as follows:
F,
fSZ - i 2 2 a4, 2 (6)
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L({ve}, {wi}, A) =a)

where d,,; is the diameter of the contact surface bolt; d, is the diameter of the contact
surface hole.
The friction moment between the bolt and the connected part is as follows:
dm ( dy 3 dng)
TZ = /in ,uZ(fSZ X 27TTdI’) Xr = *‘Z/leQ tan()\ + p)(id (7)

2 m_nz)

where 7 is the radius of the distance from the microcircle to the center of the circle; y» is the
friction coefficient of the contact surface.
In summary, the bolt-loosening torque is as follows:

()
@)’

2.2. Bolt Failure State Identification Method

1 dp® —d,>
3y2FQtan()\+p)( z )

1
fFQtan(/\ﬁLp) m
m — Un

T5:T1+T2:3

(8)

When the bolt is loosened, the vibration signal will also change due to the change
of force and load. Therefore, in this paper, the collected vibration signal is used as the
input, and a signal recognition method for the failure state of bolts is established through
mechanical analysis of the critical failure state.

2.2.1. Feature Extraction Based on Optimized VMD Energy Entropy

The variational mode decomposition (VMD) paradigm decomposes a complex signal
into a summation of spectrally localized modal constituents, denoted v (t), each possessing
a characteristic center frequency, wy. Employing the Hilbert transform on each modal
element yields its unilateral frequency profile. By means of a mixing process coupled
with an estimation of the central frequency, the single-sided spectrum of each component
undergoes modulation to the baseband. Subsequently, Gaussian smoothing is applied to
the L2 regularized gradient of the demodulated signal, thereby enabling the extraction of
the power component’s bandwidth. The corresponding variational formulation, subject to
specific constraints, is articulated as follows:

{{v,ffi{ﬂk}{z"”at (600 + & o) e_jwktHZ} )

st Y vk =f

where {v;} is the decomposed IMF component and {wy} is the center frequency of the IMF
component.

The Lagrangian penalty operator A and the penalty parameter a are introduced to
transform the constrained variational problem into an unconstrained variational problem,
as shown in Equation (10).

af[<5<t>+7§t>vk<t>}ef“’kf A = T ®IB+ A0, £ - Tud) (10

The alternating direction method of multipliers (ADMM) is used to find the saddle point of
Equation (10). The steps are as follows:

(1) Initialize the parameters 11, wy, A1, and n. The initial value of 7 is set to 0;

(2) Set up the cyclic process so that n = n + 1 and v/, w!*!, and A(t) are updated

according to Equations (11)—(13).

An+1( ) _ f((U) _Zi#k Ui + f<w)/2

D (11)
k 1+ 20(w — wy)?
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(3) When the components satisfty Equation (14), the solution is complete.
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2.2.2. VMD Parameter Optimization Based on WOA Envelope Entropy

The efficacy of the VMD decomposition is primarily contingent upon the user-defined
number of modes. Insufficient mode selection can lead to the omission of critical infor-
mation present in the original signal, thereby compromising the fidelity of subsequent
predictive analyses. Conversely, an excessively large mode number can engender fre-
quency proximity between adjacent modal components, resulting in modal redundancy
or the introduction of extraneous noise [40-43]. Recognizing the inherent spectral diver-
sity among the modes, we employ an optimization strategy, synergizing an algorithmic
framework with entropy-based criteria, to refine the VMD parameters. This approach seeks
to identify the optimal parameter configuration, thereby facilitating accurate information
feature extraction.

The whale optimization algorithm (WOA), a relatively recent development in the
realm of swarm intelligence optimization, was formulated to emulate the foraging tactics
of humpback whales within their marine habitat [44,45]. The core operational principles of
this algorithm are elucidated as follows:

(1) Rounding up prey

D = |C-X(t) = X(t)| (15)
X(t4+1) = X'(t) — AD (16)
A=2ar —a (17)
C=2n (18)
a=2- ti; (19)

where f is the number of iterations; A and C are the denotation coefficients; X*(t)
denotes the best whale position so far; X(t) denotes the current whale position; r{ and
rp are random numbers in (0, 1), and the value of a decreases linearly from 2-0, and
tmax 1s the maximum number of iterations.
(2) Bubble netting
X(t+1) = Dye’cos(2nl) + X' (t) (20)

Dy = [X'() = X(1)] 1)
where D), is the distance between the whale and the prey; b is a constant that defines
the shape of the spiral; and / is a random number in (-1, 1).

(3) Searching for prey
D = |CXyana(t) — X(1)] (22)

X(t+1)=X,,,(t) —AD (23)

where X,,,4(t) is the randomly selected whale position vector. The algorithm is set to
randomly select a search agent when A > 1, and update the position of other whales
based on the randomly selected whale position, forcing the whale to deviate from the
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prey, by which to find more suitable prey, which can strengthen the exploration ability
of the algorithm to enable the WOA algorithm to perform a global search, The specific
process is shown in Figure 5.

Initialize whale vector position Output optimal objective value
!

Initialize the optimal parameter array and
infinitize the optimal judgment criterion
]

Determine the fitness function and calculate the
IMF component envelope entropy
¥
Updating the location of individual whales

N
e
QO. @ Searching for prey

Rounding up prey

atisfaction o
termination
conditions

Record the optimal
target value

Figure 5. Flowchart of WOA algorithm.

2.2.3. Bolt Loosening State Recognition Based on Support Vector Machine

Support vector machine (SVM) is a binary classification model, which can be defined as
a linear classifier with the largest interval in the feature space, and transforms the problem
into a convex quadratic programming problem [46,47]. SVM was originally used to solve
linear classification problems, but since the kernel method was added in the 1990s, it can
also effectively solve nonlinear problems and can adapt to data sets with small sample sizes
and high feature dimensions.

SVM finds the optimal hyperplane w”x + b = 0 and the corresponding classification
decision function f(x) = sign(wTx + b) through dataset training. The SVM classification
principle of linear separable and linear non-separable data can be represented by Figure 6.
The large probability of the characteristic matrix of the bolt failure state of the vibrating
screen belongs to the linear inseparable category. Therefore, it is necessary to introduce
a kernel function to perform high-dimensional mapping of the data so that the data can
obtain a discriminative optimal hyperplane in the high-dimensional space so as to complete
the identification of the bolt failure state.

Yoo
< 7 w™x+b=0
Ftal AN
® S $+ X Higher (90
0® OOO oy 3? dimensional
Vi 4 ,/” i ul m app lng "
0o 8/ , ;
o /4 — QI
C S ety 4 - 4 4 <
TSRS 1 « ¥4
/S aa g4 ~_ ¥
’ o
Linearly indivisible Nuclear space can be divided

(a) Data linearly separable case

(b) Data linearly indivisible case

Figure 6. Illustration of SVM model classification principle.
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Kernel functions can be broadly divided into three categories: polynomial kernel
functions, Gaussian kernel functions, and sigmoid kernel functions. The following Table 1
shows the applicability of kernel function selection in the case of nonlinear separability:

Table 1. Description of the applicability of nuclear functions.

Number  Name of Kernel Function Advantages Disadvantages
1 Linear kernel Few parameters, fast speed Only linearly separable problems can be solved
2 Polynomial kernel Solve nonlinear problems Many parameters, low speed
3 Gaussian kernel Maps to infinite-dimensional decision boundaries Prone to overfitting
4 Sigmoid kernel Reduce overfitting Non-local optimal

The probability distribution of the multivariate fusion feature matrix and the vertical
distribution of the box are obtained by MATLAB processing as shown in Figures 7 and 8.
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Normalized Multivariate Fusion

0 0.2 0.4 0.6 0.8 1
Frequency of Feature Values

Figure 7. The overall data distribution of multivariate fusion feature matrix.
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Figure 8. Vertical distribution map of single feature data box.

Analysis of Figure 7 reveals that by attenuating the impact of the number of nor-
malized feature data aggregations, thereby facilitating observation of the global feature
data attributes, a probability distribution mirroring a positively skewed Gaussian dis-
tribution emerges. This observation underscores the elevated stochasticity inherent in
the response signal post-bolt loosening. Furthermore, in conjunction with Figure 8, it is
discerned that the interquartile range and extreme values of individual feature groups
also encompass the absolute probability interval of the comprehensive dataset, with a
negligible incidence of outliers surpassing the established bounds. A holistic assessment,
encompassing both the global data distribution and the localized single-group data profiles,
corroborates their congruence with the Gaussian distribution paradigm. Consequently, this
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study selects the Gaussian kernel function for the transformation of the feature matrix into
a high-dimensional kernel space.

Given the insufficiency of the conventional SVM approach to discern bolt failure states,
the one-vs-one (OVO) classification strategy is implemented. The OVO-SVM methodol-
ogy necessitates the construction of n(n — 1)/2 binary SVM classifiers, each dedicated to
discriminating between every pair of loose-state feature classes, with classification out-
comes adjudicated via a “voting” paradigm. A pre-established classification accumulator
is utilized to preserve the “voting results”. Subsequently, test set samples are concurrently
inputted into the suite of n(n — 1)/2 trained binary SVM classifiers. Each SVM classifier
transmits its decision to the classification accumulator, which increments its count over
n(n — 1)/2 iterations, culminating in a comparison of the accumulated scores. The classi-
fication output emanating from the accumulator, exhibiting the maximum accumulated
value, signifies the state recognition outcome. The OVO-SVM technique, employing a
“voting-based” scheme for pattern differentiation, significantly mitigates classification
errors and concomitantly enhances classification accuracy.

2.3. Bolt Vibration Response Test

Taking the bolt joint of the vibrating screen as the object of study, measurement points
were arranged for the acquisition and analysis of the vibration response signals of the bolt
structure. The sensors were placed on the combine according to the specific location shown
in Figure 9, and the 1A312E three-way acceleration sensor, DH5902 acquisition instrument,
and DHDAS dynamic acquisition system are connected by custom wire to start the combine
harvester working smoothly.

Vibrating screen bolt joints &

Figure 9. Distribution of vibrating screen bolt measurement points.

The analytical orientation of the experiments was defined as follows: the direction
of the combine harvester’s travel served as the X-axis; the direction perpendicular to
the lateral side of the harvester was designated as the Y-axis; and the upward vertical
direction, perpendicular to the ground, was established as the Z-axis. To ensure the integrity
and validity of the experimental signal acquisition, triaxial piezoelectric accelerometers
(Model 1A312E), developed by Jiangsu Donghua Vibration Testing Co. (Jingjiang, China),
were employed. The primary objective of the experiment was to investigate the vibrational
response signals of bolted structures at various locations along different axes. Consequently,
the sensors were configured to simultaneously measure and output acceleration signals
in the X, Y, and Z directions, mutually orthogonal to one another, thereby providing a
comprehensive dataset for subsequent effective analysis of the vibrational response. The
key specifications of the triaxial accelerometer are detailed in Table 2.
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Table 2. The main specifications and parameters of acceleration sensor.
Order Technical Indicator Unit Main Specifications
1 Model 1A312E
2 Range m/s? 5000
3 Frequency Hz 0.5~10,000
4 Dimensions mm 16.5 x 16.5 x 16.5
5 Weight g 15
6 Operating temperature °C —40~+120
7 Resolution m/s? 0.01

After the bolt structure failure response signal is stable, the recording and acquisition
will be started. The sampling frequency of the system is set to 2 kHz and continuous
sampling for five minutes. After each round of response signal acquisition, the system
stops working. The torque wrench is used to adjust the pre-tightening state of the bolt, and
the state is set according to the three states of complete preloading, loosening and complete
loosening respectively.

The scope of this study is primarily focused on the 4LZY-1.8(PRO688Q) combine
harvester. However, the findings and methodology presented herein may serve as a basis
for the fault diagnosis of bolt loosening in other machinery. The specifications of the
machine and relevant component parameters are listed in Table 3:

Table 3. The specifications of combine harvester 4LZY-1.8(PRO688Q).

Main Working Parts Main Indicators Unit Main Specifications
Engine model 2403-M-DI-TE2-CKMS3
Engine Output power KW (PS) 50 (68)
Maximum speed r/min 2700
Threshing method Axial Flow Type (Rod and Tooth)
Threshing device Rotor speed r/min 560
Screening method Vibrating Screen, Airflow (3-Level Airflow Separation)

3. Results and Discussion
3.1. Critical Failure State Analysis

The critical loosening torque of the bolt is as follows:

(-a) (o a)

1
Ts = —FQtan(/\ + p)(dZ_dlz) + gyzFQtan(A + P) (dmz - dn2>

3

K is the torque coefficient, dimensionless, responding to the relationship between the
critical torque and the bolt, calculated as follows:

v e [w) | (-)
K= fd (7; - iig;ﬁ) : (4] + 12 (4~ 47 (25)

Assuming that the coefficient of friction between the threaded pairs, the coefficient
of friction between the bolts and the connected parts, and the preload are the same, the
critical torque of bolts with different diameters is calculated, as shown in Figure 10.

Under conditions of constant friction coefficient and preload, an inverse relationship
exists between bolt diameter and critical torque. Consequently, the selection of larger
diameter bolts necessitates an increase in preload application. Based on the defined critical
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failure state, analysis of the bolt vibration signal enables the identification of the bolt’s
failure condition.

0.128 - o Torc!uc'
cocfficient
0.126 1 n
0.124 1 . LA

0.122 1 \

0.120 1 \

0.118 1 a————H1 »

Torque coefficient

0.116 4

0.114 +— T T T T T T T T T T
4 6 8 10 12 14 16 18 20 22 24

Nominal diameter of thread (mm)

Figure 10. Torque coefficient vs. nominal bolt diameter.

3.2. Vibration Signal Analysis of Vibrating Screen Bolt
3.2.1. Time Domain Characteristics

The time domain signals of the vibrating screen bolt in the three directions of XYZ
are shown in Figure 11. The motion form of the vibrating screen can be simplified as
an eccentric crank slider mechanism. The whole working part shows a sharp return
characteristic during operation, which makes the bolt connection part have a strong load
impact and is prone to thread pair damage.

Nominal diameter of thread

Z
g
)
=]
E
B
E« =50 Horizontal direction
g Vertical direction
=100 Direction of travel
0 5 10 15 20 250 5 10 15 20 250 5 10 15 20 25

Time (s)

Figure 11. Time domain signals of vibrating screen bolts in X, Y, and Z directions.

As can be seen from Figure 11, the X-direction acceleration response vibration energy
is mainly concentrated in 2.84 m/s?, the Y-direction signal energy intensity is mainly
concentrated in 9.73 m/s?, the Z-direction vibration energy intensity is mainly concentrated
in 12.42 m/s?, and the vibrating sieve bolted joints main vibration direction is for the
Z-direction. The impact peak signal not only has strong periodicity but also shows strong
asymmetry. The severe impact and collision load in the working process are the main load
forms that cause the damage of the thread pair.

3.2.2. Frequency Domain Characteristics

The Z-axis analysis proceeds by examining the vibration energy profile and signal
frequency composition. Interference signal constituents are subsequently excised to derive
the low-frequency spectral representation depicted in Figure 12. The dominant frequency
observed along the Z-axis is 2.32 Hz, corresponding to the reciprocating motion frequency
of the vibrating screen. A secondary amplitude peak appears at 37.0794 Hz, equivalent
to sixteen times the fundamental reciprocating frequency. Further spectral components
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may represent the intrinsic natural frequencies of the vibrating screen assembly, as well as
component-specific resonant frequencies.

Frequency domain signal

4 A
(A
) 23200 4.7319
3l Operating 354395 32064
o 1 frequency
3 W 37.0794  3.2072
E 5 1 578791 19614
g- : 78.7588  0.9263
< 1
1
I
I
0 i ‘
C\, 20 40 60 80 100

Frequency (Hz)

Figure 12. Spectrogram of low-frequency components.

To further elucidate the spatiotemporal distribution of vibration energy within the
Z-axis, a short-time Fourier transform (STFT) is applied to the data. The resultant time-
frequency characteristics of the vibration energy are then graphically represented as a
function of both temporal and spectral domains, as illustrated in Figure 13.

0.9
N
exf .
g 0.6
Q
=
D
=
2] 0.3
=

0 - -
0.5 1.0 15 20 oD
Time (min)

Figure 13. Time-frequency plot.

Time-frequency analysis reveals that the Z-direction response signal exhibits a broad
frequency bandwidth, with the strongest signal intensity concentrated in the lower fre-
quency spectrum. A clear staircase pattern, however, is not observed. Comparing the
energy distribution across corresponding frequency bands at each measurement location
demonstrates the most significant energy gradient in the Z-direction. This suggests that the
Z-directional vibration energy is relatively concentrated.

3.3. Bolt Failure State Identification Result Analysis
3.3.1. Time-Frequency Characteristics

To enable a comprehensive analysis, the acquired datasets, representing three discrete
operational states—specifically, the tightened, moderately loosened, and fully loosened
configurations—were segregated into datal, data2, and data3, respectively. Subsequent to
the acquisition of vibration signal data from the vibrating screen’s bolted assembly under
typical operational circumstances, a time-frequency response assessment was performed,
focusing on the Z-axis, which constitutes the primary vibration vector, across the three
levels of bolt looseness, as depicted in Figure 14. Spectral scrutiny reveals a progressive
enrichment in the frequency content as the looseness escalates, accompanied by a corre-
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sponding increase in amplitude. In contrast to the temporal domain representation, the
frequency domain depiction provides superior discrimination of the looseness gradation.

2 X 10° Signal waveform

Amplitude

0 100 200 300 400 500 600

Time (s)

Figure 14. Time-domain signals for different loosening states of the bolt.

Under fully preloaded conditions, the bolted joint presents no normal clearance be-
tween its contact surfaces and exhibits minimal tangential displacement, effectively con-
strained by the small displacement assumption. Consequently, the vibration signature
displays minimal amplitude and distinct impulsive characteristics, indicative of a tightly se-
cured assembly. Upon bolt loosening, the pre-tension force diminishes, triggering a cascade
of effects: unbalanced collisions, accelerated abrasion, and amplified impact forces across
the joint’s contact surfaces. This degraded mechanical integrity manifests as a stochastic sig-
nal whose amplitude overwhelms that of the vibrating screen’s intended operational signal.
This obscures the functional signal within the “noise” of the loosening process, resulting
in a marked irregularity in the overall vibration signature. While time-domain analysis
provides a fundamental distinction between the entirely tightened and generally loosened
states, its capacity to discriminate between varying degrees of looseness proves limited. A
significant negative bias in the response signal emerges only when the bolt connection has
reached a fully loosened configuration. Application of a fast Fourier transform (FFT) to the
acquired vibration signal reveals the spectral composition, as detailed in Figure 15. When
fully preloaded, the bolted joint exhibits a dominant spectral profile characterized by low-
frequency operational and engine rotational frequencies. However, as loosening initiates
and progresses, the amplitude and distribution of these frequency components undergo
substantial alterations. Specifically, the frequency-domain representation demonstrates that
both spectral complexity and overall signal amplitude increase proportionally to the extent
of bolt looseness. In direct comparison with time-domain analysis, the frequency-domain
approach provides superior granularity and resolution in characterizing and quantifying
the degree of bolt loosening.

«10° Signal spectrum
2 T T T T T T T T T

data1
data2

Amplitude

0 50 100 150 200 250 300 350 400 450 500
Frequence (Hz)

Figure 15. Spectrogram of different loosening states of the bolt.
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3.3.2. Secondary Feature Extraction and Matrix Construction

Utilizing MATLAB R2021b software, the VMD algorithm was iteratively applied to
the vibration signals acquired under complete loosening, loosening, and fully preloaded
conditions, thereby yielding the iterative center frequency values characterizing the three
datasets representing the bolted assembly’s response. The corresponding spectral curves,
illustrating the IMF component decomposition, are presented in Figure 16. The abscissa
represents frequency, delineating the distribution of distinct frequency constituents within
the IMF components, while the ordinate represents amplitude, signifying the intensity or
energy associated with each spectral component. Examination of the FFT-derived outcomes,
obtained across varying k values, enables a comprehensive understanding of the signal’s
frequency-dependent distribution.
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Figure 16. IMF components at different k values. It was observed that the intrinsic mode function
(IMF) component frequency bands exhibited significant overlap, and multiple spectral peaks were
evident in the spectrum of each IMF component, indicating incomplete signal decomposition. Ad-
dressing these limitations, the whale optimization algorithm (WOA) envelope entropy theory was
employed to determine the optimal parameter combination for the variational mode decomposition
(VMD) algorithm, thus facilitating robust signal feature extraction.

Initially, the number of whale individuals and their multi-dimensional positional
representations were initialized. Within the context of this VMD decomposition, the
number of whale population members, the dimensionality of the optimization parameters,
along with the specified upper and lower bounds of these parameters, were also initialized.
Random initialization was applied to the optimal individual position vector and the infinite
optimal parameter convergence criterion. Subsequently, iterative optimization was initiated
within a loop, enabling the computation of the current fitness function value. In this
paper, the envelope entropy (E;) is selected as the fitness function of the optimization.
The envelope entropy represents the sparse characteristics of the signal. When the IMF
component has less noise and less feature information, the value of E, is smaller. In order
to minimize the frequency information contained in the obtained IMF component, the
envelope entropy minimum (Ep, . ) is used as the fitness value. The mathematical principle
of E, is the sequence {x;} obtained by Hilbert demodulation of the initial IMF component
is normalized to obtain {p;}, and the E, of the IMF component is calculated. The E;, . is
found by comparison to complete the calculation of the optimal fitness value.

HE = —Z].K:l Pjlog(P;) (26)

Through the VMD decomposition based on WOA optimization, the optimized param-
eters and the IMF component center frequency values are shown in Table 4.
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Table 4. VMD parameters optimized by WOA under different loosening states.
Minimum Envelope Optimal Penalty IMF Component Center Frequency/2 kHz
Loose State Ent
niropy Factor K=1 K=2 K=3 K=4 K=5 K=6 K=7 K=8
Completely loose 16.6095 1079.1 00535 00841 01565 02221 02856 03669  0.4225 -
Loosening occurs 16.6422 1430.2 0.0763 0.1244 0.1538 0.2642 0.3307 0.405 - -
Tighten completely 16.6425 1500.0 0.0551 0.098 0.14 0.1839 0.2875 0.3153 0.3764 0.4398
By performing the above optimized VMD decomposition program [48], three sets of
IMF component spectrum curves are obtained as shown in Figure 17.
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Figure 17. IMF components at different k values. It can be seen from Figure 17 that the IMF component
obtained by WOA optimized VMD decomposition can extract the high-frequency components
and place the low-frequency components as residuals. This method can filter out the secondary
components of the vibration signal, reduce the influence of the interference signal on the vibration
signal of the vibrating screen, and clarify the main frequency of the vibration response signal of the
vibrating screen bolt loosening state.

3.3.3. Decision Model of Bolt Failure State

To address the inherent irregularities in the raw data and the heterogeneity in the
dimensionality of the multi-dimensional dataset, the disparate data aggregations are in-
tegrated and reconfigured, culminating in the generation of a high-dimensional matrix
encompassing multivariate fusion features, suitable for model training [49,50]. Firstly,
time-frequency feature datasets, derived from time-frequency characteristics, are employed
to construct high-dimensional feature matrices, designated as A and B, respectively. Subse-
quently, the energy entropy values associated with IMF1~IMF6 under the fully preloaded
state are extracted, yielding feature set C;. Similarly, energy entropy values derived from
IMF1 through IMF6 under the loosened state constitute feature set C,, while energy entropy
values associated with IMF2 through IMF7 under the fully loosened state engender feature
set C3. Subsequently, C, C, and C3 are augmented and merged into a quadratic feature
extraction matrix, denoted as C. Finally, matrices A, B, and C undergo concatenation and
normalization C, thereby culminating in the establishment of a multivariate fusion feature
matrix, denoted as G, which is subsequently employed to validate the precision of the
recognition model. The underlying operational tenets and procedural steps are delineated
as follows:

aix - dn
A= 1 . (27)
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by -+ b

B=|: . 28)

[ I U mxk
C = vertcat(repmat(Cy,m, 1), repmat(Cy, m, 1), repmat(Cz, m, 1)) (29)
Quix (ntk+j) = horzcat(A, B,C) (30)
L= (Ly---Ln) = (norm(Q(:,1)),- - - ,norm(Q(:,1))) (31)

_ Q

5= repmat(M,m, 1) (32)
G = mapminmax(Q) (33)

Original
signal

Secondary feature
extraction

where m is the number of classification groups of the high-vitae enlistment; # is the num-
ber of high-vitae enlistment features; [A] is the time-domain feature dataset; [B] is the
frequency-domain feature dataset; [C] is the VMD energy-entropy feature dataset; [L]
is the high-dimensional feature dataset column vector of the L, paradigm vectors; [S]
is the Ly paradigm-normalized high-dimensional feature data matrix; [Q] is the high-
dimensional feature dataset; [G] is the normalized high-dimensional feature data matrix;
Vertcat(Xy, - - -, Xy ) is to join n same-dimensional matrices vertically; Horzcat(Xq, -+, Xn)
is to join n same-dimensional matrices horizontally; Repmat(X, n, dim) is to copy the
matrix X n times in rows (dim = 1) or in columns (dim = 2) to form a matrix; Norm(X) is to
obtain the paradigm number of the vector X; minimax (X) is to normalize the vector X.

The LIBSVM classification decision model with the embedded OVO-SVM method
was selected for training and testing the high-dimensional feature matrix of bolt failure
state [51]. The model kernel function was selected as a Gaussian kernel function, and the
extracted feature matrices A, B, C and normalized multivariate fusion feature matrix G
were trained and tested to verify the sensitivity of different features to the bolt failure state.
The identification process of bolt failure status throughout the entire process is shown
in Figure 18.

Time-frequency Test
feature matrix A data

Time-frequency
feature matrix B

LIBSVM LIBSVM model

] rea.lture Data model test test results
extraction -
segmentation
multivariate * LIBSVM
fusion feature model training

Training
data

WOA optimizes VMD
energy entropy matrix C

Figure 18. Failure identification method flow of vibrating screen bolts.

Firstly, the high-dimensional feature matrix data undergo labeling: indices 1 through
300 are assigned label 1, indices 301 through 600 are assigned label 2, and indices 601
through 900 are designated as label 3. To maximize the quantity of training samples,
thereby satisfying the prerequisites for a globally optimal model, a partitioning strategy
is implemented, allocating 90% of the samples to the training subset and extracting the
remaining 10% as the test subset. Subsequent to the classification procedure, the recognition
success rates and the resultant confusion matrices for the four feature matrix aggregations
are obtained, as graphically presented in Figure 19.
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Table 5. Confusion matrix for identifying the loose state of the bolt.
Description Output Class Target Class 1 Target Class 2 Target Class 3 Precision  Recall/Fallout
Output Class1 24 (26.7%) 4 (4.4%) 1 (1.1%) 82.8% 80.0%/20.0%
Confusion Matrix 1 Output Class2 6 (6.7%) 23 (25.6%) 18 (20.0%) 48.9% 76.7%/23.3%
Output Class3 0 (0.0%) 3(3.3%) 11 (12.2%) 78.6% 36.7%/63.3%
Output Class1 23 (25.6%) 0 (0.0%) 8 (8.9%) 74.2% 76.7%/23.3%
Confusion Matrix 2 Output Class2 2 (2.2%) 28 (31.1%) 6 (6.7%) 77.8% 93.3%/6.7%
Output Class3 5 (5.6%) 2 (2.2%) 16 (17.8%) 69.6% 53.3%/46.7%
Output Class1 23 (25.6%) 10 (11.1%) 0 (0.0%) 69.7% 76.7%/23.3%
Confusion Matrix 3 Output Class2 7 (7.8%) 20 (22.2%) 0 (0.0%) 74.1% 66.7%/33.3%
Output Class3 0 (0.0%) 0 (0.0%) 30 (33.3%) 100% 100%/0.0%
Output Class1 30 (33.3%) 0 (0.0%) 0 (0.0%) 100% 100%/0.0%
Confusion Matrix 4 Output Class2 0 (0.0%) 24 (26.7%) 3 (3.3%) 88.9% 80.0%/20.0%
Output Class3 0 (0.0%) 6 (6.7%) 27 (30.0%) 81.8% 90.0%/10.0%
Output Class1 59 (32.8%) 0 (0.0%) 0 (0.0%) 100% 98.3%/1.7%
Confusion Matrix 5 Output Class2 0 (0.0%) 59 (32.8%) 0 (0.0%) 100% 98.3%/1.7%
Output Class3 1 (0.6%) 1 (0.6%) 60 (33.3%) 96.8% 100%/0.0%
Output Class1 59 (32.8%) 0 (0.0%) 0 (0.0%) 100% 98.3%/1.7%
Confusion Matrix 6 Output Class2 0 (0.0%) 59 (32.8%) 0 (0.0%) 100% 98.3%/1.7%
Output Class3 1 (0.6%) 1 (0.6%) 60 (33.3%) 96.8% 100%/0.0%
Accuracy = 64.4444% Accuracy = 74.4444%
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(c) VMD energy entropy characterization matrix C

(d) Multiple fusion characterization matrix G

Figure 19. Recognition success rate of LIBSVM model for four feature datasets. As demonstrated in
figure, matrix A exhibits a suboptimal performance with a minimum training and testing accuracy of
only 64.444%. While matrix B similarly reflects modest results, the notable improvement observed
with matrix A lends credence to the assertion that frequency domain features possess a superior
discriminatory capacity compared to time domain characteristics. Furthermore, the inadequacy of
relying solely on a single feature for accurate bolt loosening state identification is substantiated. The
WOA-VMD energy entropy matrix C achieves an 81.111% state recognition success rate, yet the
enhanced 90% success rate obtained through the normalized multivariate fusion feature matrix G
underscores the practical applicability of a multivariate approach for bolt loosening state recognition.

The detailed results are documented in Table 5.
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4. Conclusions

In this paper, a bolt failure state identification and fault diagnosis method is proposed
for the phenomenon that the vibrating screen bolt is prone to failure under multiple
excitations, as follows:

(1) The mechanical model of the bolt connection of the combined vibrating screen is
established. The relationship between the bolt tightening loose torque and the nominal
diameter of the bolt is derived through mathematical analysis so as to determine the initial
torque state of the bolt in the vibration signal acquisition experiment. By carrying out
the vibration signal acquisition test of the vibrating screen bolt under normal working
conditions, it is determined that the main vibration direction of the vibrating screen bolt is
the Z-direction, and the working frequency is 2.32 Hz. The Z-direction shows significant
impact and asymmetry, which is the most important load form that causes the damage of
the thread pair.

(2) The characteristic signal acquisition of the three loose states of the main vibration
direction of the vibrating screen bolt is carried out, and the VMD decomposition algorithm
based on WOA envelope entropy is used to analyze the optimal parameter combination of
the frequency domain curve, filter out the interference signal, extract the characteristics of
the vibration signal, and clarify the main frequency of the vibration response signal of the
bolt loosening state.

(3) The Gaussian function is selected as the kernel function, and the LIBSVM classifica-
tion decision model embedded with the OVO-SVM method is proposed to identify and
classify the bolt loosening state, and the high-dimensional feature matrix is constructed for
model training. The normalized multivariate fusion feature matrix is used to identify the
bolt loosening state, and the success rate can reach 90%.
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