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MOVING-DEVICE FAULT DETECTION METHOD AND SYSTEM

Field of the Invention
The disclosure relates to the technical field of fault detection, and in particular to a method for
detecting a fault of mechanical equipment and a system for detecting a fault of mechanical

equipment.

Background of the Invention
Mechanical equipment, a type of core power equipment for enterprise production, such as
electric motor equipment and gear equipment is applied to the enterprise production in an
extensive range. Since the stability of the equipment directly affects the safety of a production
process, it is essential to inspect an operation state of the mechanical equipment during
production. According to an existing fault detection technology for the mechanical equipment,
a vibration state signal of the mechanical equipment is acquired principally through manual
routine inspection, and then a fault of the mechanical equipment is detected based on the
vibration signal acquired. In this way, it is common practice to pre-train a model with a feature
signal acquired as an input parameter, and obtain a fault diagnosis result based on a training
result. However, mechanical equipments have different conditions with different working
contents, working states, working structures, working fluids, etc.. Differences between fault
feature signals corresponding to different fault types are huge. If the fault is diagnosed based
on features extracted from a variety of signals with huge differences through a single fixed
model, it is difficult to ensure precision of the diagnosis result. It is a pressing issue to create a
new method for detecting a fault of mechanical equipment, so as to solve a problem of low

accuracy of an existing solution for detecting a fault of mechanical equipment.

Summary of the Invention
An objective in embodiments of the disclosure is to provide a method and system for detecting
a fault of mechanical equipment, so as to solve at least a problem of low accuracy of an existing

solution for detecting a fault of mechanical equipment.

In order to realize the above objective, in a first aspect, the disclosure provides a method for
detecting a fault of mechanical equipment. The method includes: acquiring a detection signal
of target equipment; classifying a fault type of the detection signal based on an autocorrelation

characteristic; selecting a corresponding fault diagnosis model based on a classification result;
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and diagnosing the fault based on the fault diagnosis model selected and the detection signal,

so as to obtain a diagnosis result.

In a second aspect, the disclosure provides a device for detecting a fault of mechanical
equipment. The device includes: a signal acquisition module configured to acquire a detection
signal of target equipment; a signal classification module configured to classify a fault type of
the detection signal based on an autocorrelation characteristic; a model selection module
configured to select a corresponding fault diagnosis model based on a classification result; and
a fault diagnosis module configured to diagnose the fault based on the fault diagnosis model

selected and the detection signal, so as to obtain a diagnosis result.

In a third aspect, the disclosure provides a system for detecting a fault of mechanical equipment.

The system includes the above device for detecting a fault of mechanical equipment.

In a fourth aspect, the disclosure provides a computer-readable storage medium. The computer-
readable storage medium stores an instruction, where when run on a computer, the instruction

causes the computer to execute the above method for detecting a fault of mechanical equipment.

Through the above technical solutions, signal feature differences between different fault types
are fully considered, and the fault types with sharp differences are differentiated based on the
easily-differentiable autocorrelation characteristics in the solution of the disclosure. Thus, the
technical solution for differentiating the fault type based on the signal feature is realized, and
the problem that a fault type of composite equipment cannot be differentiated according to an
existing fault type differentiation solution based on a fault type is avoided. An adaptive
diagnosis model is selected based on the differentiation result of the fault type. Thus, it is
ensured that the diagnosis model selected is a fault detection model that adapts to a current
signal feature rule, so that differentiated solutions for diagnosing faults of the mechanical

equipment are realized, and precision of a fault diagnosis result is improved.

Other features and advantages in the embodiments of the disclosure will be described in detail

in the following particular embodiments.

Brief Description of Drawings
The accompanying drawings, used to provide further understanding of examples of the
disclosure, constitute part of the description, and serve to explain the examples of the disclosure
along with the following particular embodiments, instead of limiting the examples of the

disclosure. In the accompanying drawings:
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Fig. 1 is a flowchart of steps of a method for detecting a fault of mechanical equipment

according to an embodiment of the disclosure; and

Fig. 2 is a structural diagram of a system for detecting a fault of mechanical equipment

according to an embodiment of the disclosure.

Detailed Description of the Embodiments
Particular embodiments of the disclosure are described in detail below in combination with the
accompanying drawings. It should be understood that the particular embodiments described
herein are merely to illustrate and explain the disclosure, and are not intended to limit the

disclosure.

Mechanical equipment, a type of core power equipment for enterprise production, such as
electric motor equipment and gear equipment is applied to the enterprise production in an
extensive range. Since the stability of the equipment directly affects the stability of a production
process, it is essential to inspect an operation state of the mechanical equipment during
production. According to an existing fault detection technology for the mechanical equipment,
a vibration state signal of the mechanical equipment is acquired principally through manual
routine inspection, and then a fault of the mechanical equipment is detected based on the
vibration signal acquired. In this way, it is common practice to pre-train a model with a feature
signal acquired as an input parameter, and obtain a fault diagnosis result based on a training
result. However, mechanical equipments exhibit diverse conditions attributable to variations in
working contents, operational states, structural configurations, and working fluids.
Consequently, the fault feature signals corresponding to distinct fault types demonstrate
significant discrepancies in their characteristic patterns. If the fault is diagnosed based on
features extracted from a variety of signals with huge differences through a single fixed model,

it is difficult to ensure precision of the diagnosis result.

Aiming at low accuracy of an existing solution for detecting a fault of mechanical equipment,
a new method for detecting a fault of mechanical equipment is provided in the solution of the
disclosure. Signal feature differences between different fault types are fully considered, and
the fault types with sharp differences are differentiated based on the easily-differentiable
autocorrelation characteristics in the solution of the disclosure. Thus, the technical solution for
differentiating the fault type based on the signal feature is realized, and the problem that a fault
type of composite equipment cannot be differentiated according to an existing fault type

differentiation solution based on a fault type is avoided. An adaptive diagnosis model is
3
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selected based on the differentiation result of the fault type. Thus, it is ensured that the diagnosis
model selected is a fault detection model that adapts to a current signal feature rule, so that
differentiated solutions for diagnosing faults of the mechanical equipment are realized, and

precision of a fault diagnosis result is improved.

Fig. 1 is a flowchart of a method for detecting a fault of mechanical equipment according to an
embodiment of the disclosure. As shown in Fig. 1, a method for detecting a fault of mechanical

equipment is provided in an embodiment of the disclosure. The method includes S10-S40.
S10: a detection signal of target equipment is acquired.

Specifically, the solution of the disclosure aims to detect the fault based on a vibration signal
or an acoustic signal. Since the acoustic signal and the vibration signal are waveform signals,
and differ from each other in a normal working state and an abnormal working state of the
mechanical equipment, the disclosure can be applicable to acoustic signal fault detection and

vibration signal fault detection.

Preferably, the detection signal includes the acoustic signal and/or the vibration signal; and an
operation process parameter of the target equipment; where the operation process parameter
includes one or more of: operation temperature information, pressure information, flow

information, or fixation mode information.

In an example of the disclosure, in addition to a special feature signal, the operation process
parameter of the equipment is also required to be acquired in the solution of the disclosure. For
example, the mechanical equipment may be a liquid tank alternatively. A liquid storage amount
in the liquid tank will leads to a difference between signals generated by the equipment. During
fault diagnosis, a signal difference caused by difference process states of the equipment must
be prevented from being identified as a feature difference of a fault signal mistakenly. In view
of the above, in the solution of the disclosure, the process parameter of the equipment must be
taken as a reference element during model construction and subsequent diagnosis training, so

that precision of an identification result is ensured.

It should be noted that the solution of the disclosure is theoretically applicable to any signal
acquisition solution. An existing signal acquisition solution based on manual routine inspection
or a signal acquisition solution based on a fixed or mobile sensor should theoretically fall within
the scope of protection of the solution of the disclosure, as long as the signal feature of the

target equipment can be accurately acquired.

S20: a fault type of the detection signal is classified based on an autocorrelation characteristic.
4
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Preferably, the mechanical equipment is equipment provided with a moving component that

generates a vibration signal and/or an acoustic signal during working.

Specifically, the mechanical equipment indicates process equipment having the moving
component as a main acting component in a petrochemical production device. Generally, the
mechanical equipment may be divided into fluid conveying machinery, heterogeneous
separation machinery, stirring and mixing machinery, freezing machinery, crystallization and
drying equipment, etc. The mechanical equipment specifically includes a centrifugal
compressor, a rotary compressor, a piston compressor, a flue gas turbine, a steam turbine, a
wind turbine, a centrifugal pump, a reciprocating pump, a gear pump, a vortex pump, a SCrew
pump, a filter, a centrifuge, a crusher, a rotary kiln, a mixer, a rotary dryer, and other fluid
conveying machinery etc. The solution of the disclosure can be applied to any equipment that
generates the vibration signal and/or the acoustic signal during working, instead of being
limited to a certain type of equipment. In order to better explain the technical solution of the
disclosure, a mechanical fault and a fluid dynamics fault are described below, but the technical

solution is not limited to these two fault types.
Preferably, the fault types include the mechanical fault and/or the fluid dynamics fault.

Specifically, the faults of the mechanical equipment are principally divided into two types. The
first type is the mechanical fault type, such as common bearing damage, shaft misalignment,
shaft imbalance, pump foundation looseness, and mechanical looseness. These mechanical
fault types are often related to damage or change of structural properties of the mechanical
equipment. In consequence, a friction state or a vibration state is changed, and an acoustic
correspondingly generated principally includes a mechanical vibration acoustic and a friction
acoustic. The other type is a fluid dynamics abnormality type. Mechanical power transmission
and fluid power transmission are very common in a production workshop, and a fluid may also
flow. In a case of a fault such as cavitation and turbulence in a fluid operation path, the fluid
also generates a corresponding acoustic. Frequent cavitation faults will cause abnormal pump
body vibration, inlet and outlet pressure pulsation, and noises of the centrifugal pump, which

affects the pump performance, service life, and safety.

The mechanical equipment is a rolling bearing in most cases. An acoustic signal of the rolling
bearing features serious signal modulation, a weak fault signal, a low signal-to-noise ratio, a
wide signal frequency band, and high signal periodicity. A peak frequency of a noise radiated

through rotation is often a multiple of a rotation speed of the centrifugal pump, and a signal is
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periodic. However, an acoustic signal radiated in a fluid dynamics abnormality working
condition is random. There is a big difference between noise features of the two fault types. In
the solution of the disclosure, the fault types are identified according to the difference, so that

corresponding methods for analyzing acoustic signals are specified for different fault types.

Preferably, the mechanical fault type includes any one of bearing damage, shaft misalignment,
shaft imbalance, pump foundation looseness, and mechanical looseness; and the fluid dynamics

abnormality type includes either one of cavitation and turbulence.

Preferably, the method further includes: an equipment type of the target equipment is identified;
a feature of the detection signal of the target equipment is determined based on the equipment
type; and a filter rule is determined based on the feature of the detection signal, and the

detection signal of the target equipment is acquired based on the filter rule.

In the solution of the disclosure, the signal varies with the equipment type. For example, the
signals of an electric motor and electric motor compound equipment with a storage tank have
different features. In the solution of the disclosure, a corresponding solution for filter and
acquisition is specified based on the difference, so that most noise signals that do not belong to

a signal feature frequency band of the target equipment are filtered out.

Preferably, the equipment type includes: mechanical facility including reciprocating
mechanical equipment and centrifugal mechanical equipment; and fluid mechanical equipment

including gas medium equipment and liquid medium equipment.

Preferably, the step that a fault type of the detection signal is classified based on an
autocorrelation characteristic includes: a degree of irregularity of the detection signal is
obtained based on an autocorrelation of the detection signal, and the fault type of the equipment
generating the current detection signal is determined based on the degree of irregularity; and a
corresponding fault type diagnosis model is selected based on the determined fault type of the

equipment.

Specifically, the step that a degree of irregularity of the detection signal is obtained based on
an autocorrelation of the detection signal includes: a detection signal segment of a period of
time is intercepted from the detection signal, and time shift processing is performed on the
detection signal segment according to a preset time shift, so as to obtain a corresponding time-
shifted signal; an autocorrelation function is constructed based on the detection signal segment
and the corresponding time-shifted signal; entropy of the autocorrelation function is calculated;

and a degree of irregularity of the detection signal segment is represented by the entropy of the

6
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autocorrelation function of the detection signal segment; where the smaller the entropy of the

autocorrelation function is, the greater the degree of irregularity is.

Specifically, an expression formula of the autocorrelation function is as follows:
R, (z)=[""x()y(-r)dre

In the formula, t denotes a signal acquisition time; - denotes the time shift; ()  denotes

the detection signal at the time t within a current period of time; and * ¢ - *) denotes the
time-shifted signal of the detection signal at the time t within the current period of time. A

calculation formula of the entropy of the autocorrelation function is as follows:

H = 7CJZ:|RY(T )*lOg(R,r (T))

In the formula, ¢ denotes a preset constant; and H denotes the entropy of the autocorrelation

function.
Example 1

Autocorrelated signals of an acoustic signal are cross-correlated with themselves at different
time points. A corresponding autocorrelation function is a function of a similarity between two
signals observed and a time difference therebetween. The function serves as a mathematical
tool for finding a repetitive pattern (such as periodic signals masked by noises), or identifying
disappeared fundamental frequencies hidden in harmonic frequencies of the signal. The
function is often used in signal processing, so as to analyze functions or series of values, such
as time-domain signals. In the solution of the disclosure, whether the acoustic signal has
regularity is determined through the autocorrelation function. Specifically, an acoustic signal
segment of a period of time is intercepted, and time shift processing is performed on the
acoustic signal segment according to a preset time shift, so as to obtain a corresponding time-
shifted signal; an autocorrelation function is constructed based on the acoustic signal segment
and the corresponding time-shifted signal; entropy of the autocorrelation function is calculated;
and a degree of irregularity of the corresponding acoustic signal is represented by the entropy
of the autocorrelation function; where the smallerthe entropy of the autocorrelation function is,
the greater the degree of irregularity of the corresponding acoustic signal is. The entropy
indicates a “degree of inherent disorder” of a system in essence. In the field of signal processing,

the entropy may represent the degree of irregularity of the signal. The smaller the entropy is,

7
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the greater the corresponding degree of irregularity is, and the lower the possibility that the
signal has regularity is. The degree of irregularity of the signal is represented by the calculated
entropy of the autocorrelation function. An expression formula of the autocorrelation function

is:
R, (c)=]""x(w(t-r)de

In the formula, t denotes a signal acquisition time; - denotes the time shift; ()  denotes

the acoustic signal at the time t; and * ¢ - 7 ) denotes the time-shifted signal of the acoustic
signal at the time t. A calculation formula of the entropy of the autocorrelation function is as

follows:

H = —CYZ;RJ (r)*log (R, (r))

In the formula, ¢ denotes a preset constant; and H denotes the entropy of the autocorrelation

function.

An entropy threshold may be calibrated based on historical data statistics and experience of
relevant personnel. The calibration standard is that an entropy not greater than the entropy
threshold generally indicates the fluid dynamics abnormality type, and an entropy greater than
the entropy threshold generally indicates the mechanical fault type. In view of the above, the
entropy of the autocorrelation function of the acoustic signal is compared with a preset entropy
threshold. The mechanical fault type is taken as the fault type of the equipment generating the
current acoustic signal in a case that the entropy of the autocorrelation function is not greater
than the preset entropy threshold; where the mechanical fault type includes any one of bearing
damage, shaft misalignment, shaft imbalance, pump foundation looseness, and mechanical
looseness. The fluid dynamics abnormality type is taken as the fault type of the equipment
generating the current acoustic signal in a case that the entropy of the autocorrelation function
is greater than the preset entropy threshold; where the fluid dynamics abnormality type includes

either one of cavitation and turbulence.
S30: a corresponding fault diagnosis model is selected based on a classification result.

Specifically, after the signal type is differentiated, the adaptive fault diagnosis model may be

selected based on a signal differentiation result.

Example 2
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Preferably, in order to satisfy use demand, a corresponding fault identification model is directly
invoked during subsequent fault identification, and a mechanical fault identification model
needs to be pre-trained. A large number of historical operation data are screened at first, so as
to select operation data calibrated as mechanical faults. Then, a mechanical fault type and a
historical acoustic signal acquired corresponding to each piece of operation data are obtained.
Certainly, the solution is suitable for a production workshop in which a fault identification
solution has been performed based on acoustic monitoring, and corresponding acoustic feature
signals have been recorded. If there is no acoustic monitoring signal, equipment with
mechanical faults is calibrated. Then, the equipment calibrated as each mechanical fault type
is operated, and acoustic feature information is acquired. The fused analysis of singular
spectrum and higher-order spectrum is performed on the acoustic feature acquired, and a
corresponding feature is extracted. The singular spectrum analysis, a powerful method, has
emerged in recent years for research on nonlinear time sequence data. A trajectory matrix is
constructed according to time sequences observed, and then is decomposed and re-constructed,
so that signals representing different components of original time sequences, such as long-term
trend signals, periodic signals, and noise signals, are extracted. Structures of the time sequences
are analyzed for further prediction. The higher-order spectrum is an expression form of higher-
order statistics that is a generalized definition of statistical methods having a statistical feature
order greater than 2. The higher-order statistics, a type of nonlinear signal processing tool, can

reflect a higher-order relevant nonlinear relation.

In the example of the disclosure, the singular spectrum analysis mainly takes a role in spectral
line smoothness and a degree of collapse. Compared with a feature extraction method through
a singular spectrum only, the singular spectrum and higher-order spectrum fused feature
extraction method has better spectral smoothness, faster attenuation, and a more obvious
collapse phenomenon at a same embedding dimension (in a case of a large amount of noises).
In other words, a dimensional feature can be better reflected. In view of the above, the higher-
order spectrum and singular spectrum fused feature extraction solution has a better feature

extraction effect and higher robustness.

After the singular spectrum and higher-order spectrum fused analysis, intensity and a phase
feature of denoised higher-order spectrum data in a frequency domain are extracted. Then, a
mechanical fault type identification model is trained with the intensity and the phase feature as
input parameters and the corresponding fault type as guide output. When the training sample
size is larger, the effect of the model obtained through corresponding training better satisfies

9
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an expectation. After the model is trained, some unused training sample data are re-selected to
test the model, so as to determine whether the model training result satisfies an expectation. If
the expectation is satisfied, the model obtained through training can be used as the mechanical

fault identification model for subsequent use.
Example 3

Further, since an acoustic signal of the fluid dynamics abnormality type has high randomness,
processing and analysis of a fluid noise is relatively complex, and it is difficult to realize
accurate identification through manual feature extraction. In order to better extract a feature of
the acoustic signal of the fluid dynamics abnormality type, a method for processing a fluid
noise based on a spectral image vision model is provided in the solution of the disclosure. A
spectral diagram is simply interpreted as a frequency distribution diagram, and complex signals
are principally reflected by signals encompassing different frequency components. Simply,
unordered signals are transformed into ordered signals through Fourier transform, and then the
ordered signals are visualized based on the spectral diagram. Since the acoustic signal acquired
is a type of complex signal, in the complex signal, there are a variety of signal frequencies

encompassed, rather than a single one.

Preferably, in the solution of the disclosure, the acoustic signal is processed through short-time
Fourier transform. The short-time Fourier transform, a general tool for voice signal processing,
defines a very useful time-frequency distribution class, so that a complex amplitude of any
signal changing along with time and frequency is specified. In practice, a calculation process
of the short-time Fourier transform is to divide a long time signal into shorter segments having
a same length, and apply the Fourier transform to each shorter segment, i.e. obtain a Fourier
spectrum. Since the method for constructing a spectral image model based on the short-time
Fourier transform is available at present, an implementation process of the method is not
repeated herein. After the acoustic signal is processed into a spectral signal, the spectral signal
is taken as an input parameter of the corresponding fault identification model. The fault
identification model is constructed based on two-dimensional convolution, and the
construction method for the model is similar to the construction solution for the mechanical
fault type identification model. In other words, the model is trained by acquiring a large number
of historical data and existing calibration data. Certainly, the corresponding training sample

data also need to be processed into a corresponding spectral image model.
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Preferably, in the training process of the fault identification model, frequency domain
information is directly disturbed through an image data enhancement method. A frequency
shift, torsion, masking, etc. are performed on the spectral image having a certain time step, so
that the identification model is enabled to make a fine-grained expression. Thus, a disturbance
information processing capacity of the model is enhanced, and generalization performance of

the model is improved.

S40: the fault is diagnosed based on the fault diagnosis model selected and the detection signal,

so as to obtain a diagnosis result.

Specifically, entropy of an autocorrelation function of a detection signal segment is compared
with a preset entropy threshold. A mechanical fault type is taken as a fault type of the equipment
generating the detection signal segment in a case that the entropy of the autocorrelation function
is not greater than the preset entropy threshold. A fluid dynamics abnormality type is taken as
a fault type of the equipment generating the detection signal segment in a case that the entropy
of the autocorrelation function is greater than the preset entropy threshold. When a current fault
type diagnosis model is a mechanical fault diagnosis model, a step that a feature is extracted
from the detection signal, so as to obtain feature information includes: singular spectrum and
higher-order spectrum fused analysis is performed on the detection signal, so as to obtain
analyzed data as the feature. When a current fault type diagnosis model is a fluid dynamics
fault diagnosis model, a step that a feature is extracted from the detection signal, so as to obtain
feature information includes: short-time Fourier transform is performed on the detection signal,

so as to obtain a corresponding spectral image as the feature.

Specifically, a step that the fault diagnosis model selected is trained based on the feature, and
faulty equipment is identified based on a training result includes: the mechanical fault diagnosis
model is trained with the feature and the operation process parameter as input parameters, and
the training result obtained is taken as a mechanical fault type analysis result. Alternatively,
the fluid dynamics fault diagnosis model is trained with the feature and the operation process
parameter as input parameters, and the training result obtained is taken as a fluid dynamics
abnormality type analysis result. A training process of a fluid dynamics abnormality

identification model is disturbed based on an image data enhancement method.
Example 4

Acoustic field nephogram information of each frequency band is obtained in each acoustic

frequency segment, and the acoustic field nephogram information of each frequency band is

11
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compared with preset standard acoustic field nephogram information, so as to obtain an
acoustic field nephogram deviation of each frequency band. A total deviation matrix is obtained
based on the acoustic field nephogram deviation of each frequency band. A preset acoustic
field fault identification model is trained with the total deviation matrix as an input parameter,
so as to obtain an equipment abnormality result under a current working condition. The
equipment abnormality result obtained based on the acoustic field fault identification model is
compared with an equipment abnormality result obtained based on the fault diagnosis model

so that the equipment abnormality result obtained based on the fault diagnosis model is verified.

Specifically, whether it is a mechanical fault type identification result or a fluid dynamics
abnormality type identification result, fault type information of the acoustic generated is finally
inferred based on corresponding acoustic feature information. The fault type information is
directly pushed to a user terminal, so as to assist the user in the corresponding fault

1dentification and check.

Preferably, in order to further ensure accuracy of the fault identification result, a solution for
verifying a fault diagnosis result is further provided in the solution of the disclosure. Acoustic
field nephogram information of each frequency band is obtained in each acoustic frequency
segment, and the acoustic field nephogram information of each frequency band is compared
with preset standard acoustic field nephogram information, so as to obtain an acoustic field
nephogram deviation of each frequency band. A total deviation matrix is obtained based on the
acoustic field nephogram deviation of each frequency band. A preset acoustic field fault
identification model is trained with the total deviation matrix as an input parameter, so as to
obtain an equipment abnormality result under a current working condition. The equipment
abnormality result obtained based on the acoustic field fault identification model is compared
with an equipment abnormality result obtained based on the fault diagnosis model, so that the

equipment abnormality result obtained based on the fault diagnosis model is verified.

Specifically, due to superposition performance of acoustic propagation, noises in a complex
field environment are often formed by superposing a plurality of acoustic sources. The change
in spectral feature of an acoustic generated by the acoustic source, the change in spatial
distribution of the acoustic source, and the increase and decrease in number of the acoustic
sources will change an acoustic waveform acquired at a fixed detection point. In view of the
above, in the verification solution provided by the disclosure, noise audio data and acoustic
field video data of an inspected object are acquired based on an acoustic imaging technology.

Acoustic spectral features and distribution states within a full-frequency range are
12
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comprehensively determined through identification and determination of sub-frequency bands.
Thus, multi-type abnormal work identification and visual location can be realized more

comprehensively, accurately, and intuitively.

Specifically, it is required to acquire the fault identification result of the comparison solution
at first. Then, the two fault identification results are compared with each other. If a difference
between the two fault identification results satisfies an expectation, it indicates that the fault
identification result satisfies the expectation. If a difference between the two fault identification
results is out of an expectation, it indicates that one solution has an identification error. In order

to ensure precision of identification, it is required to re-identify the fault.

It is required to construct the corresponding fault identification model based on the acoustic
field at first in a process of obtaining the result of the comparison solution. When the equipment
and devices on site are in a normal operation working condition, a sample library for the normal
operation working condition is created through video and audio signals acquired and recorded

by the acoustic imaging apparatus. The steps are as follows:

First, a total frequency range [®min,®max] for acoustic analysis is selected, where ®max is
not greater than 1/2 of a sampling frequency of a microphone. Then, N feature frequency ranges
are selected according to noise frequency features in an abnormal working condition of a target,
and the total frequency range [®min,®max] is divided into N ranges, where all the frequency
ranges are [©1,02], [©2,D3]..., and [® N-1,ON] respectively, ®1=0Omin, and ON=Omax.
Finally, a first acoustic frequency range [®1,D2] is set, and an acoustic field distribution
nephogram is calculated. A maximum acoustic source point coordinate y1[x1,y1] is recorded.
The acoustic frequency range is further changed to a second acoustic frequency range, a third
acoustic frequency range..., and an Nth acoustic frequency range, and the above steps are

repeated, so as to obtain sub-frequency band acoustic source point coordinates y2[x2,y2],
v3[x3,y3]..., and yN[xN,yN]. An acoustic energy signal S (1) of a microphone in a

microphone array is acquired and stored, and an acoustic signal undergoes Fourier transform,

and then is intercepted, so as to obtain spectral density *(¥) in the frequency range

[@min,®max]. Total spectral density is filtered according to the N frequency ranges previously
set, so as to obtain N pieces of feature spectral density *: (v )+ s: (v ) v sw (w) A

maximum acoustic source point coordinate 7. [x.-».1 and the feature spectral density

13
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s;(w)  are stored as acoustic feature parameters of an ith frequency band, where i=1, 2, 3,...,

and N. An unsupervised identification model is trained and constructed with each piece of
feature spectral density o)

condition is created with the acoustic feature parameter of each frequency band, the

as input. The sample library for the normal operation working

unsupervised identification model, and the acoustic field nephogram video as data.

After the sample library for the normal operation working condition is acquired, in a case of an
abnormal operation working condition or a simulation experiment of the abnormal working
condition performed with a simulation experiment device, an abnormal working condition
identification model is trained with the video and audio signals acquired and recorded by the
acoustic imaging apparatus. The steps are as follows:

A spectral density sequence | () within the first frequency range [®1,D2] for acoustic

analysis is selected and input into the unsupervised identification model trained, frequency

density .. (w) Isoutput, and a spectral deviation rate e Yt e (e s o) 1s

calculated. A maximum acoustic source point coordinate . [x0] in the acoustic field

nephogram is acquired, and compared a normal coordinate point [ev ] within a

corresponding frequency range in the sample library for the normal working condition, and an

acoustic source coordinate deviation \/ : p : > 1s calculated. An
0, = (xfixl) +(yf7yr')

acoustic field nephogram video actually measured is acquired, and compared with an acoustic
field nephogram picture in the sample library for the normal working condition frame by frame

in terms of image similarity. A mean of similarities of all videos is calculated as an acoustic

field nephogram deviation 051. A deviation matrix , _ [0,,.0,.0,] of the first frequency

D ER A

range is obtained by combining, the second frequency range to an Mth frequency range are
selected in sequence, and the above steps are repeated, so as to obtain a total deviation matrix

by summarization.

gsl 0S2 asN
0=0, 0,0,
611 912 HEN
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The abnormal working condition identification model is trained and constructed with the total

deviation matrix as input and a type number of the abnormal working condition as output.

After acquired, the preset acoustic field fault identification model is trained with the total
deviation matrix as an input parameter, so as to obtain the equipment abnormality result under
the current working condition. The equipment abnormality result obtained based on the
acoustic field fault identification model is compared with the equipment abnormality result
obtained based on the fault diagnosis model. The equipment abnormal result obtained based on
the current fault diagnosis model is verified. A final fault diagnosis result is determined after

consistency verification of the two abnormality results is passed.
Example 5

A plurality of fault types are manually calibrated, including bearing wear, misalignment,
imbalance, mechanical loosening, shaft displacement, foundation loosening, cavitation, and
turbulence. For same mechanical equipment, only one fault type is calibrated at a time. Under
each fault type, 200 groups of data are acquired in different time periods and backgrounds.
Finally, 200 groups of data are provided for each fault type, there are 1600 groups of data in
total, and each group of data include an acoustic signal and a vibration signal. It is further noted
that the 1600 groups of data include data acquired at a plurality of preset points, and distances
and orientations of the preset points with respect to the mechanical equipment are different.
With these data as comparative samples, a plurality of comparative examples are formed as

follows:

Comparative Example 1: the fault type of each group of data is hidden, and all data are
randomly combined, so as to obtain data group sequences with unknown fault types and
unordered sequence numbers. Fault detection is performed by a simulated fault diagnosis
model based on the vibration signal, so as to obtain a diagnosed fault type of each group of
data. Then, the fault type hidden and corresponding to the data is displayed, and compared with
the diagnosed fault type, so as to obtain 1420 groups of data each having the identical fault

types.

Comparative Example 2:

The fault type of each group of data is hidden, and all data are randomly combined, so as to
obtain data group sequences with unknown fault types and unordered sequence numbers. Fault
detection is performed by a simulated fault diagnosis model for fault type differentiation based

on an acoustic signal feature, so as to obtain a diagnosed fault type of each group of data. Then,
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the fault type hidden and corresponding to the data is displayed, and compared with the
diagnosed fault type, so as to obtain 1532 groups of data each having the identical fault types.

Comparative Example 3:

The fault type of each group of data is hidden, and all data are randomly combined, so as to
obtain data group sequences with unknown fault types and unordered sequence numbers. Fault
detection is performed by a simulated fault diagnosis model for fault type differentiation based
on an acoustic signal feature, so as to obtain a diagnosed fault type of each group of data, and
a detection result is corrected based on an acoustic field nephogram deviation of each frequency
band. A corrected detection result is compared with an original result, so as to obtain 1551

groups of data each having the identical fault types.

Fig. 2 is a structural diagram of a device for detecting a fault of mechanical equipment
according to an embodiment of the disclosure. As shown in Fig. 2, a device for detecting a fault
of mechanical equipment is provided in an embodiment of the disclosure. The device includes:
a signal acquisition module, a signal classification module, model selection module and fault

diagnosis module.
The signal acquisition module is configured to acquire a detection signal of target equipment.

Specifically, the solution of the disclosure aims to detect the fault based on a vibration signal
or an acoustic signal. Since the acoustic signal and the vibration signal are waveform signals,
and differ from each other in a normal working state and an abnormal working state of the
mechanical equipment, the disclosure can be applicable to acoustic signal fault detection and

vibration signal fault detection.

Preferably, the detection signal includes the acoustic signal and/or the vibration signal; and an
operation process parameter of the target equipment; where the operation process parameter
includes one or more of: operation temperature information, pressure information, flow

information, or fixation mode information.

In an example of the disclosure, in addition to a special feature signal, the operation process
parameter of the equipment is also required to be acquired in the solution of the disclosure. For
example, the mechanical equipment may be configured with a liquid tank alternatively. A
liquid storage amount in the liquid tank will leads to a difference between signals generated by
the equipment. During fault diagnosis, a signal difference caused by difference process states
of the equipment must be prevented from being identified as a feature difference of a fault

signal mistakenly. In view of the above, in the solution of the disclosure, the process parameter
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of the equipment must be taken as a reference element during model construction and

subsequent diagnosis training, so that precision of an identification result is ensured.

It should be noted that the solution of the disclosure is theoretically applicable to any signal
acquisition solution. An existing signal acquisition solution based on manual routine inspection
or a signal acquisition solution based on a fixed or mobile sensor should theoretically fall within
the scope of protection of the solution of the disclosure, as long as the signal feature of the

target equipment can be accurately acquired.

The signal classification module is configured to classify a fault type of the detection signal

based on an autocorrelation characteristic.
Specifically, the fault types include a mechanical fault and/or a fluid dynamics fault.

Specifically, the faults of the mechanical equipment are principally divided into two types. The
first type is a mechanical fault type, such as common bearing damage, shaft misalignment,
shaft imbalance, pump foundation looseness, and mechanical looseness. These mechanical
fault types are often related to damage or change of structural properties of the mechanical
equipment. In consequence, a friction state or a vibration state is changed, and an acoustic
correspondingly generated principally includes a mechanical vibration acoustic and a friction
acoustic. The other type is a fluid dynamics abnormality type. Mechanical power transmission
and fluid power transmission are very common in a production workshop, and a fluid may also
flow. In a case of a fault such as cavitation and turbulence in a fluid operation path, the fluid
also generates a corresponding acoustic. Frequent cavitation faults will cause abnormal pump
body vibration, inlet and outlet pressure pulsation, and noises of a centrifugal pump, which

affects the pump performance, service life, and safety.

The mechanical equipment is a rolling bearing in most cases. An acoustic signal of the rolling
bearing features serious signal modulation, a weak fault signal, a low signal-to-noise ratio, a
wide signal frequency band, and high signal periodicity. A peak frequency of a noise radiated
through rotation is often a multiple of a rotation speed of the centrifugal pump, and a signal is
periodic. However, an acoustic signal radiated in a fluid dynamics abnormality working
condition is random. There is a big difference between noise features of the two fault types. In
the solution of the disclosure, the fault types are identified according to the difference, so that

corresponding methods for analyzing acoustic signals are specified for different fault types.
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Preferably, the mechanical fault type includes any one of bearing damage, shaft misalignment,
shaft imbalance, pump foundation looseness, and mechanical looseness; and the fluid dynamics

abnormality type includes either one of cavitation and turbulence.

Preferably, the signal classification module is further configured to identify an equipment type
of the target equipment; determine a feature of the detection signal of the target equipment
based on the equipment type; and determine a filter rule based on the feature of the detection

signal, and acquire the detection signal of the target equipment based on the filter rule.

In the solution of the disclosure, the signal varies with the equipment type. For example, the
signals of an electric motor and electric motor compound equipment with a storage tank have
different features. In the solution of the disclosure, a corresponding solution for filter and
acquisition is specified based on the difference, so that most noise signals that do not belong to

a signal feature frequency band of the target equipment are filtered out.

Preferably, the equipment type includes: mechanical facility including reciprocating
mechanical equipment and centrifugal mechanical equipment; and fluid mechanical equipment

including gas medium equipment and liquid medium equipment.

Preferably, the step of classifying a fault type of the detection signal based on an autocorrelation
characteristic includes: a degree of irregularity of the detection signal is obtained based on an
autocorrelation of the detection signal, and the fault type of the equipment generating the
current detection signal is determined based on the degree of irregularity; and a corresponding

fault type diagnosis model is selected based on the determined fault type of the equipment.

Specifically, the step that a degree of irregularity of the detection signal is obtained based on
an autocorrelation of the detection signal includes: a detection signal segment of a period of
time is intercepted from the detection signal, and time shift processing is performed on the
detection signal segment according to a preset time shift, so as to obtain a corresponding time-
shifted signal; an autocorrelation function is constructed based on the detection signal segment
and the corresponding time-shifted signal; entropy of the autocorrelation function is calculated;
and a degree of irregularity of the detection signal segment is represented by the entropy of the
autocorrelation function of the detection signal segment; where the smaller the entropy of the

autocorrelation function is, the greater the degree of irregularity is.

Specifically, an expression formula of the autocorrelation function is as follows:

R, (z)=[""x(y(-r)dre
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In the formula, t denotes a signal acquisition time; - denotes the time shift; ()  denotes

the detection signal at the time t within a current period of time; and * ¢ - *) denotes the
time-shifted signal of the detection signal at the time t within the current period of time. A

calculation formula of the entropy of the autocorrelation function is as follows:

H = —CYZ;RJ (z )*log(RK(r))

In the formula, ¢ denotes a preset constant; and H denotes the entropy of the autocorrelation

function.

Autocorrelated signals of an acoustic signal are cross-correlated with themselves at different
time points. A corresponding autocorrelation function is a function of a similarity between two
signals observed and a time difference therebetween. The function serves as a mathematical
tool for finding a repetitive pattern (such as periodic signals masked by noises), or identifying
disappeared fundamental frequencies hidden in harmonic frequencies of the signal. The
function is often used in signal processing, so as to analyze functions or series of values, such
as time-domain signals. In the solution of the disclosure, whether the acoustic signal has
regularity is determined through the autocorrelation function. Specifically, an acoustic signal
segment of a period of time is intercepted, and time shift processing is performed on the
acoustic signal segment according to a preset time shift, so as to obtain a corresponding time-
shifted signal; an autocorrelation function is constructed based on the acoustic signal segment
and the corresponding time-shifted signal; entropy of the autocorrelation function is calculated;
and a degree of irregularity of the corresponding acoustic signal is represented by the entropy
of the autocorrelation function; where the smaller the entropy of the autocorrelation function
is, the greater the degree of irregularity of the corresponding acoustic signal is. The entropy
indicates a “degree of inherent disorder” of a system in essence. In the field of signal processing,
the entropy may indicate the degree of irregularity of the signal. The smaller the entropy is, the
greater the corresponding degree of irregularity is, and the lower the possibility that the signal
has regularity is. The degree of irregularity of the signal is represented by the calculated entropy

of the autocorrelation function. An expression formula of the autocorrelation function is:

R, (c)=]""x(tw(t-r)de
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In the formula, t denotes a signal acquisition time; - denotes the time shift; ()  denotes

the acoustic signal at the time t; and * ¢ - 7 ) denotes the time-shifted signal of the acoustic
signal at the time t. A calculation formula of the entropy of the autocorrelation function is as

follows:

H = —CYZ;RJ (z )*log(RK(r))

In the formula, ¢ denotes a preset constant; and H denotes the entropy of the autocorrelation

function.

An entropy threshold may be calibrated based on historical data statistics and experience of
relevant personnel. The calibration standard is that an entropy not greater than the entropy
threshold generally indicates the fluid dynamics abnormality type, and an entropy greater than
the entropy threshold generally indicates the mechanical fault type. In view of the above, the
entropy of the autocorrelation function of the acoustic signal is compared with a preset entropy
threshold. The mechanical fault type is taken as the fault type of the equipment generating the
current acoustic signal in a case that the entropy of the autocorrelation function is not greater
than the preset entropy threshold; where the mechanical fault type includes any one of bearing
damage, shaft misalignment, shaft imbalance, pump foundation looseness, and mechanical
looseness. The fluid dynamics abnormality type is taken as the fault type of the equipment
generating the current acoustic signal in a case that the entropy of the autocorrelation function
is greater than the preset entropy threshold; where the fluid dynamics abnormality type includes

either one of cavitation and turbulence.

The device further includes a model selection module configured to select a corresponding

fault diagnosis model based on a classification result.

Specifically, after the signal type is differentiated, the adaptive fault diagnosis model may be

selected based on a signal differentiation result.

Preferably, in order to satisfy use demand, a corresponding fault identification model is directly
invoked during subsequent fault identification, and a mechanical fault identification model
needs to be pre-trained. A large number of historical operation data are screened at first, so as
to select operation data calibrated as mechanical faults. Then, a mechanical fault type and a
historical acoustic signal acquired corresponding to each piece of operation data are obtained.

Certainly, the solution is suitable for a production workshop in which a fault identification
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solution has been performed based on acoustic monitoring, and corresponding acoustic feature
signals have been recorded. If there is no acoustic monitoring signal, equipment with
mechanical faults is calibrated. Then, the equipment calibrated as each mechanical fault type
is operated, and acoustic feature information is acquired. Singular spectrum and higher-order
spectrum fused analysis is performed on the acoustic feature information acquired, and a
corresponding feature is extracted. The singular spectrum analysis, a powerful method, has
emerged in recent years for research on nonlinear time sequence data. A trajectory matrix is
constructed according to time sequences observed, and then is decomposed and re-constructed,
so that signals representing different components of original time sequences, such as long-term
trend signals, periodic signals, and noise signals, are extracted. Structures of the time sequences
are analyzed for further prediction. The higher-order spectrum is an expression form of higher-
order statistics that is a generalized definition of statistical methods having a statistical feature
order greater than 2. The higher-order statistics, a type of nonlinear signal processing tool, can

reflect a higher-order relevant nonlinear relation.

In the example of the disclosure, the singular spectrum analysis mainly takes a role in spectral
line smoothness and a degree of collapse. Compared with a feature extraction method through
a singular spectrum only, the singular spectrum and higher-order spectrum fused feature
extraction method has better spectral smoothness, faster attenuation, and a more obvious
collapse phenomenon at a same embedding dimension (in a case of a large amount of noises).
In other words, a dimensional feature can be better reflected. In view of the above, the higher-
order spectrum and singular spectrum fused feature extraction solution has a better feature

extraction effect and higher robustness.

After the singular spectrum and higher-order spectrum fused analysis, intensity and a phase
feature of denoised higher-order spectrum data in a frequency domain are extracted. Then, a
mechanical fault type identification model is trained with the intensity and the phase feature as
input parameters and the corresponding fault type as guide output. When the training sample
size is larger, the effect of the model obtained through corresponding training better satisfies
an expectation. After the model is trained, some unused training sample data are re-selected to
test the model, so as to determine whether the model training result satisfies an expectation. If
the expectation is satisfied, the model obtained through training can be used as the mechanical

fault identification model for subsequent use.

Further, since an acoustic signal of the fluid dynamics abnormality type has high randomness,

processing and analysis of a fluid noise is relatively complex, and it is difficult to realize
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accurate identification through manual feature extraction. In order to better extract a feature of
the acoustic signal of the fluid dynamics abnormality type, a method for processing a fluid
noise based on a spectral image vision model is provided in the solution of the disclosure. A
spectral diagram is simply interpreted as a frequency distribution diagram, and complex signals
are principally reflected by signals encompassing different frequency components. Simply,
unordered signals are transformed into ordered signals through Fourier transform, and then the
ordered signals are visualized based on the spectral diagram. Since the acoustic signal acquired
is a type of complex signal, in the complex signal, there are a variety of signal frequencies

encompassed, rather than a single one.

Preferably, in the solution of the disclosure, the acoustic signal is processed through short-time
Fourier transform. The short-time Fourier transform, a general tool for voice signal processing,
defines a very useful time-frequency distribution class, so that a complex amplitude of any
signal changing along with time and frequency is specified. In practice, a calculation process
of the short-time Fourier transform is to divide a long time signal into shorter segments having
a same length, and apply the Fourier transform to each shorter segment, i.e. obtain a Fourier
spectrum. Since the method for constructing a spectral image model based on the short-time
Fourier transform is available at present, an implementation process of the method is not
repeated herein. After the acoustic signal is processed into a spectral signal, the spectral signal
is taken as an input parameter of the corresponding fault identification model. The fault
identification model is constructed based on two-dimensional convolution, and the
construction method for the model is similar to the construction solution for the mechanical
fault type identification model. In other words, the model is trained by acquiring a large number
of historical data and existing calibration data. Certainly, the corresponding training sample

data also need to be processed into a corresponding spectral image model.

Preferably, in the training process of the fault identification model, frequency domain
information is directly disturbed through an image data enhancement method. A frequency
shift, torsion, masking, etc. are performed on the spectral image having a certain time step, so
that the identification model is enabled to make a fine-grained expression. Thus, a disturbance
information processing capacity of the model is enhanced, and generalization performance of

the model is improved.

The device further includes a fault diagnosis module configured to diagnose the fault based on

the fault diagnosis model selected and the detection signal, so as to obtain a diagnosis result.
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Specifically, entropy of an autocorrelation function of a detection signal segment is compared
with a preset entropy threshold. A mechanical fault type is taken as a fault type of the equipment
generating the detection signal segment in a case that the entropy of the autocorrelation function
is not greater than the preset entropy threshold. A fluid dynamics abnormality type is taken as
a fault type of the equipment generating the detection signal segment in a case that the entropy
of the autocorrelation function is greater than the preset entropy threshold. When a current fault
type diagnosis model is a mechanical fault diagnosis model, the step that a feature is extracted
from the detection signal, so as to obtain feature information includes: singular spectrum and
higher-order spectrum fused analysis is performed on the detection signal, so as to obtain
analyzed data as the feature. When a current fault type diagnosis model is a fluid dynamics
fault diagnosis model, the step that a feature is extracted from the detection signal, so as to
obtain feature information includes: short-time Fourier transform is performed on the detection

signal, so as to obtain a corresponding spectral image as the feature.

Specifically, the step that the fault diagnosis model selected is trained based on the feature, and
faulty equipment is identified based on a training result includes: the mechanical fault diagnosis
model is trained with the feature and the operation process parameter as input parameters, and
the training result obtained is taken as a mechanical fault type analysis result. Alternatively,
the fluid dynamics fault diagnosis model is trained with the feature and the operation process
parameter as input parameters, and the training result obtained is taken as a fluid dynamics
abnormality type analysis result. A training process of a fluid dynamics abnormality

identification model is disturbed based on an image data enhancement method.

Acoustic field nephogram information of each frequency band is obtained in each acoustic
frequency segment, and the acoustic field nephogram information of each frequency band is
compared with preset standard acoustic field nephogram information, so as to obtain an
acoustic field nephogram deviation of each frequency band. A total deviation matrix is obtained
based on the acoustic field nephogram deviation of each frequency band. A preset acoustic
field fault identification model is trained with the total deviation matrix as an input parameter,
so as to obtain an equipment abnormality result under a current working condition. The
equipment abnormality result obtained based on the acoustic field fault identification model is
compared with an equipment abnormality result obtained based on the fault diagnosis model,

so that the equipment abnormality result obtained based on the fault diagnosis model is verified.

Specifically, whether it is a mechanical fault type identification result or a fluid dynamics

abnormality type identification result, fault type information of the acoustic generated is finally
23



10

15

20

25

30

inferred based on corresponding acoustic feature information. The fault type information is
directly pushed to a user terminal, so as to assist the user in the corresponding fault

identification and check.

Preferably, in order to further ensure accuracy of the fault identification result, a solution for
verifying a fault diagnosis result is further provided in the solution of the disclosure. Acoustic
field nephogram information of each frequency band is obtained in each acoustic frequency
segment, and the acoustic field nephogram information of each frequency band is compared
with preset standard acoustic field nephogram information, so as to obtain an acoustic field
nephogram deviation of each frequency band. A total deviation matrix is obtained based on the
acoustic field nephogram deviation of each frequency band. A preset acoustic field fault
identification model is trained with the total deviation matrix as an input parameter, so as to
obtain an equipment abnormality result under a current working condition. The equipment
abnormality result obtained based on the acoustic field fault identification model is compared
with an equipment abnormality result obtained based on the fault diagnosis model, so that the

equipment abnormality result obtained based on the fault diagnosis model is verified.

Specifically, due to superposition performance of acoustic propagation, noises in a complex
field environment are often formed by superposing a plurality of acoustic sources. The change
in spectral feature of an acoustic generated by the acoustic source, the change in spatial
distribution of the acoustic source, and the increase and decrease in number of the acoustic
sources will change an acoustic waveform acquired at a fixed detection point. In view of the
above, in the verification solution provided by the disclosure, noise audio data and acoustic
field video data of an inspected object are acquired based on an acoustic imaging technology.
Acoustic spectral features and distribution states within a full-frequency range are
comprehensively determined through identification and determination of sub-frequency bands.
Thus, multi-type abnormal work identification and visual location can be realized more

comprehensively, accurately, and intuitively.

Specifically, it is required to acquire the fault identification result of the comparison solution
at first. Then, the two fault identification results are compared with each other. If a difference
between the two fault identification results satisfies an expectation, it indicates that the fault
identification result satisfies the expectation. If a difference between the two fault identification
results is out of an expectation, it indicates that one solution has an identification error. In order

to ensure precision of identification, it is required to re-identify the fault.
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A system for detecting a fault of mechanical equipment is further provided in the solution of
the disclosure. The system includes the above device for detecting a fault of mechanical

equipment.

A computer-readable storage medium is further provided in the embodiments of the disclosure.
The computer-readable storage medium stores an instruction, where when run on a computer,
the instruction causes the computer to execute the above method for detecting a fault of

mechanical equipment.

Those skilled in the art can understand that all or some steps implementing the method in the
above embodiment can be accomplished by instructing related hardware through a program.
The program is stored in one storage medium and includes several instructions configured to
enable a single-chip microcomputer, a chip, or a processor to execute all or some steps of the
method in each embodiment of the disclosure. The foregoing storage medium includes various
media capable of storing a program code, such as a universal serial bus (USB) flash disk, a
mobile hard disk, a read-only memory (ROM), a random access memory (RAM), a magnetic

disk, and an optical disk.

The optional embodiments of the disclosure are described in detail above with reference to the
accompanying drawings. However, the embodiments of the disclosure are not limited to
specific details in the above embodiments. Various simple variations can be made to the
technical solutions in the embodiments of the disclosure within the scope of the technical
concept in the embodiments of the disclosure, and these simple variations fall within the scope
of protection in the embodiments of the disclosure. Also, it should be noted that various specific
technical features described in the above particular embodiments can be combined in any
suitable way without contradiction. In order to avoid unnecessary repetition, various possible

combinations are not described in the embodiments of the disclosure separately.

In addition, various different embodiments of the disclosure can also be combined randomly
without departing from the concept in the embodiments of the disclosure, and the combinations

should also be deemed as contents disclosed in the embodiments of the disclosure.
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Claims

1. A method for detecting a fault of mechanical equipment, comprising:

acquiring a detection signal of target equipment;

classifying a fault type of the detection signal based on an autocorrelation characteristic;
selecting a corresponding fault diagnosis model based on a classification result; and

diagnosing the fault based on the fault diagnosis model selected and the detection signal, so as

to obtain a diagnosis result.

2. The method according to claim 1, wherein the detection signal comprises: an acoustic signal
and/or a vibration signal; and an operation process parameter of the target equipment; and the

operation process parameter comprises one or more of:

operation temperature information, pressure information, flow information, or fixation mode

information.

3. The method according to claim 1, wherein the mechanical equipment is equipment provided
with a moving component that generates a vibration signal and/or an acoustic signal during

working.

4. The method according to claim 3, wherein the fault type comprises:
a mechanical fault and/or a fluid dynamics fault.

5. The method according to claim 1, further comprising:

identifying an equipment type of the target equipment;

determining a feature of the detection signal of the target equipment based on the equipment

type; and

determining a filter rule based on the feature of the detection signal, and acquiring the detection

signal of the target equipment based on the filter rule.
6. The method according to claim 5, wherein the equipment type comprises:

mechanical facility, comprising reciprocating mechanical equipment and centrifugal

mechanical equipment; and
fluid mechanical equipment, comprising gas medium equipment and liquid medium equipment.

7. The method according to claim 4, wherein the classifying a fault type of the detection signal
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based on an autocorrelation characteristic comprises:

obtaining a degree of irregularity of the detection signal based on an autocorrelation of the
detection signal, and determining the fault type of the equipment generating the current

detection signal based on the degree of irregularity; and

selecting a corresponding fault type diagnosis model based on a determined fault type of the

equipment.

8. The method according to claim 7, wherein the obtaining a degree of irregularity of the

detection signal based on an autocorrelation of the detection signal comprises:

intercepting a detection signal segment of a period of time from the detection signal, and
performing time shift processing on the detection signal segment according to a preset time

shift, so as to obtain a corresponding time-shifted signal;

constructing an autocorrelation function based on the detection signal segment and the

corresponding time-shifted signal;
calculating entropy of the autocorrelation function; and

representing a degree of irregularity of the detection signal segment by the entropy of the
autocorrelation function of the detection signal segment, wherein the smaller the entropy of the

autocorrelation function is, the greater the degree of irregularity is.

9. The method according to claim 8, wherein an expression formula of the autocorrelation

function is as follows:

R, (e)=[""x(y(-r)dr
wherein t denotes a signal acquisition time;

- denotes the time shift;
*(1)  denotes the detection signal at the time t within a current period of time; and

* (=) denotes the time-shifted signal of the detection signal at the time t within the current

period of time; and

a calculation formula of the entropy of the autocorrelation function is as follows:

H = 7CJZ:|RY(T )*lOg(R,r (T))
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wherein ¢ denotes a preset constant; and
H denotes the entropy of the autocorrelation function.

10. The method according to claim 8, wherein the determining the fault type of the equipment

generating the current detection signal based on the degree of irregularity comprises:

comparing the entropy of the autocorrelation function of the detection signal segment with a

preset entropy threshold;

taking a mechanical fault type as the fault type of the equipment generating the detection signal
segment in a case that the entropy of the autocorrelation function is not greater than the preset

entropy threshold; and

taking a fluid dynamics abnormality type as the fault type of the equipment generating the
detection signal segment in a case that the entropy of the autocorrelation function is greater

than the preset entropy threshold.

11. The method according to claim 10, wherein in a case that a current fault type diagnosis
model is a mechanical fault diagnosis model, the determining a feature of the detection signal

of the target equipment based on the equipment type comprises:

performing fused analysis of singular spectrum and higher-order spectrum on the detection

signal, so as to obtain analyzed data as the feature.

12. The method according to claim 10, wherein in a case that a current fault type diagnosis
model is a fluid dynamics fault diagnosis model, the determining a feature of the detection

signal of the target equipment based on the equipment type comprises:

performing short-time Fourier transform on the detection signal, so as to obtain a corresponding

spectral image as the feature.

13. The method according to claim 10, wherein the diagnosing the fault based on the fault

diagnosis model selected and the detection signal comprises:

training a mechanical fault diagnosis model with the feature and the operation process
parameter as input parameters, and taking the training result obtained as a mechanical fault

type analysis result; or

training a fluid dynamics fault diagnosis model with the feature and the operation process
parameter as input parameters, and taking the training result obtained as a fluid dynamics

abnormality type analysis result; wherein
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a training process of a fluid dynamics abnormality identification model is disturbed based on

an image data enhancement method.
14. The method according to claim 13, further comprising:
training the mechanical fault diagnosis model as follows:

screening historical operation data, so as to select operation data calibrated as the mechanical

fault;

obtaining a mechanical fault type and a historical detection signal corresponding to each piece

of operation data;

performing fused analysis of singular spectrum and higher-order spectrum on the historical
detection signal acquired, and extracting a corresponding feature, so as to obtain intensity and

a phase feature of higher-order spectrum data in a frequency domain; and

training a mechanical fault type identification model with the intensity and the phase feature of
the higher-order spectrum data in the frequency domain as input parameters and the

corresponding fault type as guide output, so as to obtain the mechanical fault diagnosis model.
15. The method according to claim 13, further comprising:
training the fluid dynamics fault diagnosis model as follows:

screening historical operation data, so as to select operation data calibrated as the fluid

dynamics fault;

obtaining a fluid dynamics fault type and a historical detection signal corresponding to each

piece of operation data;

performing short-time Fourier transform on the historical detection signal acquired, and

extracting a corresponding feature, so as to obtain a spectral image; and

training a fluid dynamics fault type identification model with the spectral image as an input
parameter and the corresponding fault type as guide output, so as to obtain the fluid dynamics

fault diagnosis model.
16. The method according to claim 1, further comprising:

obtaining acoustic field nephogram information of each frequency band in each acoustic
frequency segment, and comparing the acoustic field nephogram information of each frequency

band with preset standard acoustic field nephogram information, so as to obtain an acoustic
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field nephogram deviation of each frequency band;

obtaining a total deviation matrix based on the acoustic field nephogram deviation of each

frequency band;

training a preset acoustic field fault identification model with the total deviation matrix as an
input parameter, so as to obtain an equipment abnormality result under a current working

condition; and

comparing the equipment abnormality result obtained based on the acoustic field fault
identification model with an equipment abnormality result obtained based on the fault
diagnosis model to verify the equipment abnormality result obtained based on the fault

diagnosis model.
17. A device for detecting a fault of mechanical equipment, comprising:
a signal acquisition module configured to acquire a detection signal of target equipment;

a signal classification module configured to classify a fault type of the detection signal based

on an autocorrelation characteristic;

a model selection module configured to select a corresponding fault diagnosis model based on

a classification result; and

a fault diagnosis module configured to diagnose the fault based on the fault diagnosis model

selected and the detection signal, so as to obtain a diagnosis result.

18. The device according to claim 17, wherein the detection signal comprises an acoustic signal
and/or a vibration signal; and an operation process parameter of the target equipment; and the

operation process parameter comprises one or more of:

operation temperature information, pressure information, flow information, or fixation mode

information.

19. The device according to claim 17, wherein the mechanical equipment is equipment
provided with a moving component that generates a vibration signal and/or an acoustic signal

during working.

20. The device according to claim 17, wherein the signal classification module is further

configured to:

identify an equipment type of the target equipment;
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determine a feature of the detection signal of the target equipment based on the equipment type;

and

determine a filter rule based on the feature of the detection signal, and acquire the detection

signal of the target equipment based on the filter rule.
21. The device according to claim 17, further comprising a verification module configured to:

obtain acoustic field nephogram information of each frequency band in each acoustic frequency
segment, and compare the acoustic field nephogram information of each frequency band with
preset standard acoustic field nephogram information, so as to obtain an acoustic field

nephogram deviation of each frequency band;

obtain a total deviation matrix based on the acoustic field nephogram deviation of each

frequency band;

train a preset acoustic field fault identification model with the total deviation matrix as an input
parameter, so as to obtain an equipment abnormality result under a current working condition;

and

compare the equipment abnormality result obtained based on the acoustic field fault
identification model with an equipment abnormality result obtained based on the fault
diagnosis model to verify the equipment abnormality result obtained based on the current fault

diagnosis model.

22. A system for detecting a fault of mechanical equipment, comprising the device for detecting

a fault of mechanical equipment according to any one of claims 17-21.

23. A computer-readable storage medium, storing an instruction, wherein when run on a
computer, the instruction causes the computer to execute the method for detecting a fault of

mechanical equipment according to any one of claims 1-16.
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