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Abstract

In rotating machinery condition monitoring, traditional health indicators
(HI), including quantitative and dimensionless forms, are widely used
for health assessment. However, such indicators often respond slowly to
early faults or display decreasing and oscillatory trends after fault onset,
causing delayed monitoring and economic losses. To address these
issues, this study proposes a novel HI termed the time-weighted fusion
waveform factor (T2WF). Derived from the conventional waveform
factor (WF), T2WF introduces the concept of periods, computes
dimensionless values in proximal and distal periods, and combines them
through a weighting parameter. The Northern Goshawk Optimization
Algorithm (NGOA) is employed to optimize the key parameters.
Validation is conducted on the public XJTU-SY dataset and on rotating
machinery datasets from two petrochemical enterprises. Experimental
results show that T2WF achieves earlier fault detection and superior
diagnostic performance compared with traditional HI, international
standards, and deep learning methods.

Highlights

= A new health indicator is proposed for
monitoring rotating machinery.

=  An optimization algorithm is used to tune key
parameters and analyze sensitivity.

= Tested on a public bearing dataset to detect
faults earlier than other methods.

= Further tested on industrial equipment data to

demonstrate the method’s effectiveness.
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1. Introduction

Rotating Machinery is an indispensable core equipment in
modern industrial systems, which is widely used in electric
power, petrochemical, aecrospace, metallurgy, transportation and
other fields. Rotating machinery is mainly composed of rotor
and stator [1], and the rotor realizes the conversion or transfer
of energy through rotation. The operational performance of
rotating machinery directly affects the production efficiency
and safety, so the monitoring of its health status and fault
diagnosis is of great significance [2]. Health indicator (HI) is an

important and effective tool to realize the condition monitoring
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of machinery and equipment, which is still the mainstream of
industrial field monitoring [3,4].

HI can be divided into two categories: quantitative
indicators and dimensionless indicators. The quantitative
indicators retain the physical units of the signal, such as the root
mean square (RMS), peak, and so on. This type of indicators is
more sensitive to the fluctuation of working conditions, and has
better stability and intuition under constant working conditions
[5]. RMS is one of the most commonly used quantitative HI in

the field of mechanical signal processing and fault monitoring.
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It is also used as a key indicator in international standards [6],
which reacts to the physical significance of the energy contained
in the machinery to monitor the degree of damage to rotating
machinery, however, the real-time nature of its alarms is delayed
because of its strong dependence on the experience of experts
[7]. Dimensionless HI are obtained by normalizing the original
vibration signals, which do not carry physical units, and can
maintain strong fault identification ability under different loads,
speeds and other complex working conditions. Including
kurtosis, waveform factor(WF), pulse factor and margin factor,
etc., these indicators emphasize the changing characteristics of
the signal pattern, especially in the characterization of shock-
type faults and non-Gaussian characteristics, and have been
widely used in early fault monitoring and health assessment of
rolling bearings, gearboxes and other rotating machinery [8-10].
Indicators such as margin factor and impulse factor are highly
sensitive to shock signals [11,12], but they are also sensitive to
noise or episodic shocks and are easily disturbed. In response to
the dilemmas arising from the above, some new methods are
emerging. Ni et al [13] constructed a new HI by combining
spectral correlation and Wasserstein distance and linear
rectification, which is able to reveal the weak degradation
information of rotating machinery buried by noise. Song et al
[14] constructed the HI by combining the principal component
cumulative empirical distribution model) to solve the problem
of the problems of high cost of data collection and limitation of
usage conditions in the construction of traditional HI. Wang et
al [15] constructed sparse metrics from kurtosis and noise
energy for machine health monitoring. Song et al [16] proposed
a constructed synthetic shock index, which utilizes the product
of autocorrelation coefficients to differentiate between the
effective shock component and the noise.Hu et al [17] proposed
a multiscale dimensionless metric. After multi-resolution
decomposition of vibration signals, the dimensionless index is
calculated at each scale to obtain multi-scale features to improve
the accuracy of rotating machinery condition monitoring
identification. Gao et al [18] proposed a sliding window linear
regression method for every 50 RMS values as a group, fit
a straight line to the RMS values within the group to obtain the
RMS growth rate, and use the rate threshold to determine the
starting point of bearing aging.

In summary, HI are widely used in the field of rotating

machinery, but there are still some limitations in terms of
sensitivity and timeliness of fault identification [19,20]. On the
one hand, dimensionless indicators are usually difficult to
accurately and effectively monitor potential early weak fault
information [21,22], and most of the traditional HI ignore the
possible dynamic degradation characteristics of the signal in
different time periods, and there are problems such as response
lag in dealing with the early stage of fault development and
untimely warning of faults, which leads to limited monitoring
effect [23]. Therefore, there is an urgent need to design HI that
have time sensitivity and can significantly advance the response
time of fault alarms in order to improve the identification of
early faults and meet the higher requirements of real-time and
accuracy of monitoring in industrial sites. The main
contributions of this paper include:
1. A novel HI, the time-weighted fusion waveform factor
(T2WF), is proposed. It is sensitive to early faults and is
constructed by the weighted fusion of dimensionless indicators
of vibration signals collected during the proximal and distal
periods.
2. The Northern Goshawk Optimization Algorithm (NGOA) is
introduced to optimize the key parameters of T2WEF, and
a detailed parameter sensitivity analysis is conducted.
3. The proposed method was evaluated on the publicly
available dataset, demonstrating earlier detection of fault
fluctuations and more precise fault localization than
international standards, traditional metrics, and current deep
learning approaches, with spectral validation confirming its
effectiveness.
4. Further validation of the proposed method was conducted
using two equipment datasets from a Chinese petrochemical
enterprise. The first dataset was collected from a gearbox with
misalignment between the high-speed shaft and the
compressor, and the second dataset was collected from
a compressor rotor affected by impeller fouling, leading to
dynamic imbalance fault characteristics. The experimental
results from both datasets fully confirm the effectiveness of the

proposed method.
2. The proposed method

In order to improve the accuracy and response speed of early

failure identification of rotating machinery, it is especially
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critical to construct HI with timeliness. In this section, we first
summarize and analyze the existing commonly used HI,
covering two types of methods, namely, quantitative and non-
quantitative, and discuss their applicability and limitations
under actual working conditions. Based on the problems that
traditional indicators respond slowly to sudden failures and are
susceptible to noise interference, this paper proposes a T2WF
that integrates time-scale information. The indicator realizes
sensitive monitoring of weak degradation signals by integrating
short-term and long-term vibration characteristics. Meanwhile,
in order to subsequently improve its parameter adaptability, this
paper introduces the NGOA as a potential optimization tool to

optimize and adjust the key parameters.
2.1. Commonly used HI

RMS is a basic measure of the energy distribution of a signal
that reflects the overall amplitude level of the signal. With
strong noise immunity, RMS is commonly used in rotating
equipment such as bearings and gearboxes to assess the overall

health of the system or the load level [24].

RMS = /ﬁmznxm)v €y

Where x(n) is the time series data of N (n=1,2,...,N ) data
points.

The mean is the arithmetic average of the data points in the
signal data, which reflects the central tendency of the signal. It
is usually used to describe the average level of the signal and to

analyze the overall trend of the data [25].

Waveform Factor (WF), used to highlight short-lived spikes
in a signal. It is sensitive to minor, short-lived shocks and can
detect transient pulsed vibrations in the early stages of a fault
[25].

s _ilx )2

WF = W (3)

Peak Factor (PF) describes the ratio between the extreme
value and the RMS value of a signal and is often used to monitor
the presence of spike-like outliers in the signal, with larger
values indicating a higher likelihood of a sudden shock [25].
C))

max|x(n)|

FEN_xm)I2

PF =

Spectral Kurtosis (SK) is a measure of the kurtosis of
a signal in the frequency domain, which can assess the presence
of transient shocks or noise interference in the signal. Its
calculation reveals how sharp or smooth the signal is in the
frequency domain [26].

Tn=1 Flxm)*
— Ar]l 1 x(n)z . (5)
(Zn=1 Flx(n)] )
Where F[x(n)] is the Fourier transform of the signal x(n) in the
frequency domain and represents the individual frequency

components of the signal in the frequency domain.
2.2. Proposed HI

The WEF, as a dimensionless HI, can effectively reflect the
instantaneous impulse changes in the signal by measuring the
waveform characteristics of the signal and shows high

sensitivity to short-time shock signals [25].

Mean = %Zf{zl x(n) (2)
—_\/
Raw data Distal proximal
period period
Wavefor factor
Weightl Weight2 combination
/\/—\/ _T2WF data

Time

Figure 1. Time-weighted fusion waveform factor.

However, the traditional WF may have certain limitations in

practical applications, especially in complex environments
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where signal interference or noise exists, which is manifested in
the lack of fault identification ability and response speed [27].
In order to overcome this problem, T2WF proposed in this paper
introduces a time-weighted fusion design based on the
traditional WF, i.e., it combines the WF computed within the
proximal and distal periods. The advantage of this approach is
that it is able to focus on both short-term sudden shock changes
and long-term stability changes, which improves the sensitivity
to detect faults, especially in the early stage of equipment faults,
which can be recognized and warned at an early stage.

As shown in Figure 1, the design of the T2ZWF indicator
realizes the weighted fusion of the WF calculated in the
proximal period and those calculated in the distal period through
the weight adjustment mechanism. Specifically, the proximal
period WF focuses on responding to sudden changes in the
current signal, while the distal period WF focuses on the long-
term stability of the signal. On this basis, the degree of influence
of both on the final HI can be dynamically adjusted by the
introduction of the weighting factor, so that the indicator can
adaptively change according to the actual working conditions.
For the proximal period, we enhance its response to short-term
failures by adjusting the length of the window; for the distal
period, the long-term stability and trend of the equipment is
captured by adjusting the size of the window. Specifically, the

mathematical expression of the T2WF indicator is as follows:

1 -1 .
LRy X (D12

E,(k) = 6
v() T2, D) ©)
1o k-Tp—-1 .
T2 lx(@)12
L“i=k-T,
Fy(k) = # ™

7=kt XD
Where 7, is the proximal period, 7, is the distal period, x(7) is
the original sample data collected at 7, L is the sample length, £
represents the number of samples, F,(k) is the distal period WF,
and F,;(k) is the distal period WF.

The T2WF introduces the proximal period to focus on the
current mutation, and combines with the distal period to reveal
the signal stability of the longer period, and introduces the
discrete values of weights, which control the degree of fusion
of the dimensionless features of these two periods. With this
weighting strategy, T2WF is able to adaptively adjust the degree

of focus on different time-period features so as to respond in

real time according to the characteristics of the signal, as

follows.

MFy(K)+F (k)
BT ®)

Where @ (k) is the T2WF HI and M is the weight.

o (k) =

In this design, the proximal period is used to strengthen the
sensitivity to sudden vibration changes at the current time point,
while the distal period is used to provide a global trend reference
to suppress local noise perturbations. The weight M realizes the
adaptive response capability to the features under different
operating conditions by adjusting the relative influence of the
two. Further, this paper proposes the following constraint
strategies for the above key parameters to guarantee the real-
time and robustness: the initial monitoring moment is taken by
the distal period, and the value of the distal period T, should
satisfy the value of 7,>7,,, and be controlled within 50 to ensure
the rapid response of the indicator to early anomalies, which is
used to enhance the long-term trend capture capability, The
range of M is limited to 50, and is used as an optimization

parameter to search for the optimal value in the algorithm.
2.3. The Northern Goshawk Optimization Algorithm

The Northern Goshawk Optimization Algorithm (NGOA) [28]
simulates the hunting behavior of a goshawk through a two-
stage strategy: long-distance approach for global exploration
and short-range pursuit for local exploitation, achieving
a balance between the two. Unlike traditional algorithms,
NGOA updates position matrices directly without relying on
velocity vectors, and requires only two core hyperparameters:
population size and maximum iterations. Its computational
complexity is comparable to Genetic Algorithms (GA) and
Particle Swarm Optimization (PSO).GA performs search
through selection, crossover, and mutation, while PSO relies on
individual and global best positions with inertia weight to
update velocity. In contrast, NGOA eliminates the need for
chromosome encoding and parameter tuning, offering a simpler
structure, smoother convergence, and reduced risk of premature
convergence.

Experimental results show that NGOA achieves faster
convergence and better solution quality, especially in high-
dimensional and multi-modal optimization problems [28]. It
also demonstrates stronger robustness with fewer parameter

dependencies.
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The algorithm achieves efficient search and global
exploration of the optimal solution by abstractly simulating
a series of dynamic behaviors as described above. In the 1st
hunting phase of the Northern Goshawk, it will randomly select
a prey and then quickly launch an attack. In this stage, the
mathematical expression of the behavior of the NGOA is
specifically formulated as follows:

newp1 _ {ui,j +7(py; — Ewyj) By <F
b B u;; + r(ui,j - pi,j) E, 2 F

Where E,, is the objective function value of the prey position of

)

the ith northern goshawk, i.e., the adaptation value; F; is the
objective function value of the ith northern goshawk; p; ;

represents the position of the prey selected by the ith goshawk

new,pl

in the jth dimension; «; ;""" is the new state of the ith northern

goshawk in the jth dimension in the 1st hunting stage; u;; is the
state of the ith northern goshawk in the jth position; r is the
random number belonging to [0,1], and E takes the value of 1
or 2.

In the 2nd hunting phase, after the northern goshawk attacks
the prey, the prey will try to escape. Assuming that this prey is
in the attack position at the radius R, , the mathematical
expression for the 2nd hunting stage is given as follows:

R, = 0.02 (1 - f;‘)

new,p2
ij

(10)
= ui,]- + Rh(ZT — 1)ui,]-

Where A is the current number of iterations; 7 is the maximum
new

L P2 is the new state of the ith northern

number of iterations; u
goshawk in the jth dimension in the 2nd hunting stage.

In the 2nd hunting stage of NGOA, the Levy flight strategy
is introduced to update the position of the northern goshawk to
avoid the population falling into the local optimum and to

expand the search capability, the specific formula is as follows:

Liewy(B) =5 (11)
lv|B

Where L,,,(f) is the step size of Levy flight; #=1.5; u, v obey

normal distribution, and the specific equations of o, and o, are

as follows:
1
ra+p)sinE|?
o, =\ ——&
r(%)ﬁz% 12)
g, =1

where I' denotes the Gamma function.

3. Sensitivity analysis and optimization experiment of

T2WF parameters

We constructed the T2WF, a novel HI, and elaborated its basic
principle of fusing features of different time scales to enhance
fault identification. However, the indicator contains several key
parameters in practical application, such as proximal period,
distal period and weight. The setting of these parameters
directly affects its monitoring sensitivity and warning effect.
Therefore, in order to optimize the performance of the indicator,
this section will carry out a parameter sensitivity analysis
around T2WF to systematically evaluate the impact of each
parameter on the timeliness of fault warning. At the same time,
the NGOA is used to intelligently search for optimal parameter
combinations to ensure that the indexes have excellent
performance under a variety of working conditions, providing
a reliable parameter basis for subsequent experimental

validation.
3.1. Parameters sensitivity analysis

In order to conduct sensitivity analysis of T2WF, it is first
necessary to define the input data and output results. In section
3, we choose the Bearingl 2 dataset from the XJTU-SY dataset
to conduct the sensitivity analysis of T2WF. This paper focuses
on the application of rotating machinery HI in reliability
management, especially the criticality of early failure detection.
T2WF is able to clearly demonstrate the process of failure
evolution, and this feature is of great significance in practical
applications. With respect to the three key parameters involved
in the new indicator, this paper carries out a correlation analysis
of the effect of parameter adjustment on the advancement of
warning, and observes the effect on the advancement time of
failure warning by adjusting these parameters. Since these
parameters directly affect the sensitivity of monitoring, the
analysis of the impact of parameter regulation on warning
advancement allows us to clarify the extent of the impact of
each parameter on the performance of the indicator and to assess
its contribution to the fault warning lead time. Firstly, the values
of the proximal and distal period are fixed, and by adjusting the
weights, the impact of setting different weights on the fault
warning lead time and sensitivity is analyzed. In this way, we
can explore the specific impact of individual parameter changes

on the performance of the early warning model, i.e., we will
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subsequently fix the other parameters separately, adjust the
parameter values one by one, and assess their impact on the
performance of the system. In order to reflect the superiority of
the research results of this paper, the initial parameters of this

experiment are set as follows:T, =2, T, = 9, and M = 8, and the

results of analyzing the experiments are shown in Figure 2, and
the data of sensitivity analysis of M are shown in Table 1, and
the data of sensitivity analysis of proximal period parameters
are shown in Table 2, the sensitivity analysis data of distal

period parameters are shown in Table 3.
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Figure 2. Sensitivity analysis of monitoring indicators.

In summary, the following conclusions can be drawn.

Changes in M show a sharp downward trend on the alarm
time. there is a gradual downward trend in the alarm time when
the value of M ranges from 1-2. The alarm time remains stable
in the interval when the value of M increases from 2 to 5. This
pattern suggests that changes in M within a certain range have
a smoother effect on the alarm time, whereas when M reaches
7, the alarm time starts to advance. This result may imply that
the system is more sensitive to proximal information when M
exceeds a particular value, thus advancing the alarm time. This
advancement, although relatively small, may have some
practical significance for real-world applications, especially in
systems that rotate at high speeds.

The change of the proximal period causes the fluctuation of
the alarm time to show a trend of rapid rise, reaching a peak,
and then remaining stable. The overall trend is that the alarm
time rises as the proximal period increases. When the proximal
period is between 1 and 4, the alarm time increases from 47
minutes to 55 minutes, which is a more obvious change, which
may indicate that there is a positive correlation between the
increase of the proximal period and the alarm time in this
interval. Beyond 5, the alarm time continues to fluctuate but is
relatively smooth compared to before, and also begins to show
a tendency for the alarm time to advance, suggesting that the
effect of the proximal period on the alarm time plateaus at this

stage and the changes become less sensitive.

The overall trend of the distal period shows that the alarm
time oscillates and fluctuates between 55 and 56 minutes, with
very small changes. When the distal period is 4, the alert time
drops slightly to 55 minutes, then stays at 56 minutes between
5 and 9, and finally drops slightly back to 55 minutes at 10.
Overall, the alarm time fluctuates within the range of 55 to 56
minutes with very slight variations and can almost be
considered stable. This suggests that changes in the distal period
have a small effect on the alert time, and that fluctuations in the
distal period within that range do not cause significant alert time
changes. Therefore, the distal period has a more limited
moderating effect on alert times, and the overall trend shows

a more stable state.

Table 1. sensitivity analysis of weight.

M T, T, Alert time(min)
1 60

3 56

5 2 9 56

7 55

9 56

Table 2. Sensitivity analysis of proximal period.

M T, T, Alert time(min)
2 48
4 55

5 6 ? 52
8 54
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Table 3. Sensitivity analysis of distal period.

M T, T, Alert time(min)
4 55
6 56

5 2 8 56
10 55

3.2. Parameters Optimization of T2WF HI

The performance of T2WF is closely related to the selection of
parameter scales, but the parameter tuning process is
cumbersome, in order to simplify this process, this paper
introduces the NGOA, the detailed process can be seen in Figure
3, through which the algorithm regulates the three key
parameters of T2ZWF. In this process, a fitness function needs to
be defined as the optimization objective of the optimization
algorithm. To ensure that the fitness function matches the actual
fault diagnosis task, we take the example of using the
Bearingl 2 dataset and adopt the 3o criterion [29] as the alarm
threshold. Specifically, the fitness function aims to take into

Initialize NGOA
parameters
1
Initialize northern

account both the timing of alarms and the alarm amplitude. We
set the alarm threshold as the mean plus three times the standard
deviation of the data, and the early or late alarm moment is
crucial for fault detection, so we use the time of the first alarm
as the numerator of the fitness function, while the amplitude
corresponding to the alarm moment is used as the denominator.
The purpose of this design is to make the fitness function as
early as possible under the condition of large alarm amplitude
through the optimization of NGOA, so as to improve the ability
of early fault detection, and the specific fitness function is set as

the following equation:

Fpitness = min (<) (13)

Y(l)
Where ¢, is the first alarm time, Y, is the corresponding
monitoring index value at the first alarm. Fyjpeqs is fitness

function.

Input
vibration data

Initialize parameters

goshawk position

Calculate the position parameters
of northern goshawk and ensure
the optimal fitness value
¥

Get the parameters of the

NGOA search method

)

Ty T,and M

Calculate T2WF value

Use the 3-Sigma Rule to
detect abnormal points
¥
Calculate individual

Hunting phase:Update prey
position based on formula(9)

Chase phase:Update prey
position based on formula(10)

Qutput variable

fitness value

Figure 3. Parameter optimization flowchart.

In this experiment, the initial parameters of the optimization
algorithm are set randomly, the fitness function is defined
according to Equation (13), and the parameter optimization is
adopted by NGOA. the population size is set to 50, and the
maximum number of iterations is 100. Figure 4(a) demonstrates
the convergence curve of fitness on the training dataset. Thanks
to the excellent global search capability of NGOA, the
optimization process effectively avoids the risk of falling into

local optimum. When iterating to the 4-th generation, the

algorithm rapidly converges and obtains the optimal fitness
value, showing excellent convergence speed. The finalized
optimal parameters are: T, = 2.35, T; = 3.02, and M = 1.23.
Figure 4(b) shows the result plots of the exhaustive enumeration
method, which aims at verifying the convergence of the NGOA.
To realize the exhaustive enumeration, we have rounded all the
parameters so that the exhaustive enumeration method can be
executed at an acceptable computational complexity. In this

setting, the optimal parameter combinations obtained by the
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exhaustive enumeration method are: 7, =2, 7; =3, and M = 1, setting of the T2WF parameters in the Bearing2 2 dataset

which are highly consistent with the results obtained by the discussed in Section 4. In addition, all the petrochemical plant
NGOA, thus verifying the convergence reliability of the NGOA type 2 rotating machinery datasets presented in Section 4 are
in this task. analyzed wusing the T2WF-NGOA method, and their
The final obtained parameter values will be applied in the optimization parameters are detailed in Table 4.
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Figure 4. Comparison between NGOA and the exhaustive enumeration method.

Table 4. Parameters Obtained by NGOA from the Petrochemical 4.1. Dataset Description

Dataset.
Number. ~ Dataset name T, T, M 4-L.1. XJTU-SY dataset
a Main fan unit 10.43 21.02 1.56 Xi'an Jiaotong University has collaborated with SY to
b Compressor 241 3.38 410 conduct accelerated life tests on rolling bearings and has opened
4. Experimental validation and discussion the related dataset to the global research community. The project
After completing the sensitivity analysis and optimization of the provides an important data resource for academia and advances
key parameters of the T2WF HI, this chapter will focus on the fault diagnosis and health monitoring technology in industry.
systematic experimental validation of its practicality and The test platform includes an AC motor, motor speed controller,
generalization capability. The performance of T2WF under hydraulic loading system, etc. It is capable of performing

different operating and equipment conditions is evaluated accelerated life tests under different working conditions, mainly

through comparative analyses on several typical datasets regulating radial force and speed. The bearing vibration signals
covering the failure evolution process, including the publicly are collected using PCB 352C33 acceleration sensor, and the
available XJTU-SY rolling bearing life data and actual working data are recorded by DT9837 signal collector with a sampling
condition data from two petrochemical companies. The frequency of 25.6 kHz, a sampling interval of 1 minute, and
experiment not only covers the comparison with traditional HI a sampling duration of 1.28 seconds each time. Each sampling
(e.g., RMS, SK, WF, etc.), but also incorporates the current data is stored as a csv file, named in chronological order.

more advanced deep learning methods as a reference to 4.1.2. Industrial petrochemical dataset

comprehensively examine the advantages of T2WF in earl . o ) )
P Y & Y In this study, reactor vibration signal data from two typical
warning, trend monotonicity and anti-interference ability. ) L. ) )
petrochemical companies in China were collected by a wireless
Meanwhile, the physical reasonableness of the warning o . .
vibration sensor monitoring system. The dataset contains the
moments is verified through spectral analysis to ensure the o . . . . .
vibration signals of the main fan unit of the catalytic cracking
correctness of the indicator response. . . . . .
unit and the high-pressure cylinder equipment of the syngas unit
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of the coking unit, and the unit of data is mm/s. The
corresponding fault types of each dataset are detailed in Table 5.
When the vibration amplitude of the equipment exceeds the
preset warning threshold, the data acquisition system will

automatically adjust the sampling interval. All vibration signals

are saved to a specified folder, and the recorded txt file contains
the current rotational speed, sampling frequency, time stamp
and 1024 time-domain vibration data points. Figure 5 shows the
equipment destruction from two datasets taken during overhaul,

and Table 5 shows its details.

(a)

(b)

Figure 5. Damage conditions in the petrochemical dataset.

Table 5. Detailed Information of the Petrochemical Enterprise Dataset.

Number Dataset name Damage location Fault type Rated speed
a Main fan unit ~ Shaft system between high speed shaft and compressor Misalignment 5900r/min
b Compressor Rotor Dynamic unbe}lance due to 10550r/min
fouling

4.2. Comparison experiment of HI on XJTU-SY dataset

In this study, we have chosen the XJTU-SY bearing dataset as
the experimental data source with the aim of verifying the

effectiveness of the proposed method in fault warning and its
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generalization ability. We apply the parameters obtained in
Section 3.2 to the Bearing2 2 dataset for the experiments,
aiming to evaluate the adaptability of the model on different

individuals, while reflecting the generalization performance of

the metric.
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Figure 6. Monitoring curves for each indicator of bearing 2 2.
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Table 6. First Alarm Time for Each Indicator in Bearing 2 2.

Indicator Alert time(min) Indicator  Alert time(min)
RMS 90 WF 139
SK 107 AE 133
PF 59 T2WF-NGOA 52
MEAN 67 T2WF 55

The numerical results of the experiments are presented in
Table 6, and the image results are displayed in parts (a) to (h) of
Figure 6, where (a) to (h) correspond to the commonly used
health metrics such as RMS, SK, PF, and mean value,
respectively. In addition, we introduce a deep learning method
based on autoencoder (AE) [30,31], T2WF metrics optimized
by NGOA, and T2WF metrics under random parameter
conditions. We will compare them using the methods specified
in the international standard [6], which mainly specifies the
basic requirements and methods for measuring and evaluating
vibration of mechanical equipment on non-rotating mechanical
components. The standard sets warning threshold parameters
for different power levels of RMS, so that the RMS warning
threshold is set to 3.5 mm/s. The upper confidence interval, i.e.,
the mean plus three times the standard deviation, of the
guideline of the warning indicator 3 ¢ commonly used in
industry is also set as the warning threshold. When the
monitored value exceeds this threshold, the system will trigger
a fault warning. This method can not only effectively monitor
potential faults, but also provide a reliable basis for early
warning.

It should be especially pointed out that the comparison
method of the AE structure is of great significance in this study.
Deep learning methods are particularly suitable for data-driven
fault monitoring [32]. In order to compare with the traditional
methods, we used an AE-based approach to generate
reconstruction errors. In this method, we designed an encoding
stage that contains a linear layer and a bidirectional long-short-
term memory (Bi-LSTM) network, and a decoding stage that is
constituted by a linear layer. In our experiments, we used 30%
of the data for training, set 500 epochs with Adam optimizer and
learning rate set to 0.001, and the rest of the data was used for
testing, generating reconstructed data and calculating the
reconstruction error.

The results show that only the PF and WF showed large
fluctuations in the early part of the data in the traditional health

metrics. The reconstruction error of the AE method was

maintained at a low level until 130 minutes, but suddenly spiked
at 133 minutes, suggesting that the data in this segment was not
smooth, which in turn issued a fault warning. In contrast, the
RMS and mean value metrics showed a slow upward trend and
did not generate an early warning in the early period. In contrast,
the T2ZWF HI showed large fluctuations and issued an alert at
minute 52, while the T2WF indicator without parameter
optimization issued an alert at minute 55. At the same time, in
order to verify that the data at the 52nd minute did have faults,
we generated a spectrogram for that period, as shown in Figure7.
According to the empirical formula for the fault characteristic
frequency of rolling bearings [33], there is an inner ring fault
characteristic theoretical frequency of the base frequency
multiplied by the constant 0.6 and then multiplied by the
number of balls, resulting in 120 Hz. It can be clearly seen from
the spectrogram that there is a clear fault at about 118 Hz
characteristic frequency, which verifies the effectiveness of the

proposed method.
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Figure 7. Frequency spectrum of bearing 2 2 at 52 minutes.

4.3. Comparison test of HI on petrochemical enterprise

dataset

We conducted HI tests on the petrochemical enterprise dataset,
and Figure 8 shows an example of time-domain signal
processing for the collected dataset, (a) showing the vibration
signal collected at the high-speed shaft measurement point, and
(b) showing the vibration signal collected at the measurement
point at the non-connected end of the high-pressure cylinder of
the compressor. In this section of the experiment, the two

monitoring methods commonly used in the industry are also
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used for comparison and detailed results are presented. firstly,
the upper limit of the 36 confidence interval is calculated to be
set as the warning threshold, which is compared with the
historical HI data. the ISO standard [6] sets the warning
threshold parameter for RMS at different power levels, and

therefore the RMS warning threshold is set to be 5.5 mm/s. from
the time the RMS The period from the beginning of the RMS
curve to the 5.5 mm/s warning threshold is defined as the early

failure stage.
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Figure 8. Time-domain visualization of the petrochemical enterprise dataset.

Figure 9 presents the time-domain variation of the proposed
metrics for the main fan unit and the compressor equipment, as
well as the spectrograms corresponding to the alarm moments.
The upper part shows the time-domain variation, while the
lower part illustrates the spectrograms at the corresponding
alarm moments. It can be observed that in the early stage of the
data, both sets of curves show relatively obvious fluctuation
trends, especially in the file number of smaller intervals, the
amplitude of the rise and close to the set threshold, indicating

that the indicator in the early stage of the system state changes
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can produce a response. Compared with the traditional method,
which tends to show anomalies at a later stage, this indicator has
a strong dynamic sensitivity in the early stage. Specifically, the
main fan unit shows a continuous increase in amplitude near the
100th file, while the compressor shows high frequency
disturbances with increasing amplitude in the early and middle
stages. This phenomenon suggests that the proposed indicator
can reflect the potential anomaly evolution process in time and

has potential application in early warning tasks.
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Figure 9. T2WF curve and corresponding frequency spectrum at the alarm time for the petrochemical enterprise dataset.
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It should be introduced that when rotor misalignment occurs,
its rotational frequency, and its octave frequency will appear
significant high amplitude phenomenon, especially the second
octave frequency will reach one-half of the rotational frequency,
through the main fan's spectrogram in the figure it is not difficult
to find that there is a clear component of the octave, and at the
same time, the second octave frequency also reaches about one-
half of the rotational frequency, which demonstrates a very
typical feature. Fouling phenomenon occurs, the internal
friction increases, resulting in an increase in the octave
frequency of the rotational frequency, significantly higher than
the other frequencies, in the compressor's spectrum diagram, the
rotational frequency is accompanied by a clearer doubling

frequency, doubling frequency, triple frequency, etc., thus

RMS

08!

|

Amplitude
Amplitude

osii

T 1 I

confirming that the compressor's rotor is experiencing the

phenomenon of fouling.

Table 7 First Alarm File for Each Indicator in Petrochemical

Dataset a.
Indicator Alert Indicator Alert
RMS 206 WF 377
SK 332 AE 351
PF 361 T2WF-NGOA 181
MEAN 321 T2WF 192

Table 8 First Alarm File for Each Indicator in Petrochemical
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Figure 10. Monitoring curves for each indicator of petrochemical dataset a
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We show images comparing the results with other health
metrics as well as with the AE method, the results for dataset
a are shown in Table 7 and Figure 10, and the results for dataset
b are shown in Table 8 and Figure 11. We perform a case-by-
case analysis, for dataset a. The first time T2WF-NGOA crosses
the warning threshold the number of files is 181 compared to
192 for the unoptimized T2WF, and the international standard
specifies that the method has to be around 200 files at the
earliest to trigger the warning. The international standard
method requires the earliest alert to be around 200 file numbers,
and the rest of the dimensionless metrics are between 321-377
before triggering the alert. This means that T2ZWF-NGOA shifts
the warning point forward by about 9-10 % for the international
standard, and by more than 50 % for traditional indicators such
as WF. In the dataset b results, in the dynamic unbalance
scenario caused by compressor rotor fouling, the first alarm
number of T2ZWF-NGOA is only 128, while T2WF is 153, and
the international standard method needs to wait until 275 files,
and the rest of the traditional indicators are even later.
Compared to the international standard, T2ZWF-NGOA shifts
the alarm point forward by about 52 %; it maintains the earliest
warning even when compared to complex methods such as AE
reconstruction error. Figure 11 further shows that T2ZWF-NGOA
crosses the threshold quickly from 110-130 and stays above the
threshold for a long time in the following section, while the
RMS and SK curves slowly accumulate to 150 before they are
gradually triggered, and the WF and PF show high-frequency
jittering only after 240.

In summary, the proposed T2WF-NGOA realizes the earliest
and most robust early warning in both types of industrial
scenarios, and the relevant comparison results provide clear
support in both time and value levels, fully demonstrating its
excellent robustness and foresight. From the perspective of
mechanism, T2WF takes into account both short-term shocks
and long-term trends by weighting proximal and distal periods,
and adjusts their relative contributions through the weight,
which enhances the early sensitivity of the model and its ability
to adapt to different working conditions. Combined with the

health index constructed by NGOA, T2WF-NGOA shows
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consistent early warning advantages on all types of datasets,
highlighting its practical application potential in complex

industrial scenarios.
5. Summary

In this paper, an innovative HI, T2ZWF is proposed with the aim
of improving the sensitivity and accuracy of early failure
monitoring of rotating machinery. The method effectively
captures short-term abrupt changes and long-term trend
information by fusing WF features in both proximal and distal
periods and introducing an adjustable weighting mechanism. In
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In addition, the sensitivity of the key parameters of T2WF is
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proximal period and weight M have a significant impact on the
warning time, while the distal period is relatively stable, which
provides a theoretical basis for the subsequent industrial
deployment. The optimal parameters obtained from the global
search of the parameter space via NGOA not only perform well
on training data, but also migrate well in test and industrial data,
further demonstrating the generalization capability of the
proposed method.

In conclusion, T2ZWF-NGOA combines the time-weighting
mechanism and intelligent optimization strategy to provide an
efficient, robust and easy-to-deploy HI method for the early
fault diagnosis of rotating machinery, which has strong potential

for practical application under complex working conditions.
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