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Abstract: In order to perform intelligent identification of the various stages of cavitation development,
a micro high-speed centrifugal pump was used as a research object for vibration signal analysis
and feature extraction for normal, incipient cavitation, cavitation and severely cavitated operating
states of the pump at different temperatures (25 °C, 50 °C and 70 °C), based on support vector
machines to classify and identify the eigenvalues in different cavitation states. The results of the study
showed that the highest recognition rate of the individual eigenvalues of the time domain signals,
followed by time frequency domain signals and finally frequency domain signals, was achieved in
the binary classification of whether cavitation occurred or not. In the multi-classification recognition
of the cavitation state, the eigenvalues of the time domain signals of the four monitoring points,
the time frequency domain signals of the monitoring points in the X-direction of the inlet pipe and
the Y-direction of the inlet pipe are combined, and the combined eigenvalues can achieve a multi-
classification recognition rate of more than 94% for the cavitation state at different temperatures,
which is highly accurate for the recognition of the cavitation state of centrifugal pumps.

Keywords: support vector machines; feature extraction; cavitation monitoring; cavitation state recognition

1. Introduction

Cavitation is a multiphase flow phenomenon containing complex phase changes and is
widely present in the actual operation of hydraulic machinery, especially centrifugal pumps.
The development of cavitation to a certain stage will reduce the pump performance, and the
collapse of the bubbles will produce large numbers of micro-jets. This phenomenon impacts
the pump’s overflow components causing damage, which seriously affects operating system
stability [1-4]. Therefore, the identification and real-time monitoring of the cavitation state
can control the operating condition of the centrifugal pump in a timely manner and prevent
operational faults, which is of great significance for the safety and stability of a fluid transfer
operation system. The automobile cooling water pump is a special centrifugal pump that
operates at relatively high speed and high temperature, and in this environment cavitation
often appears. It is very important for the stable operation of the automobile cooling system
to identify the cavitation state of the circulating pump at different temperatures.

Many scholars have conducted studies on cavitation monitoring and identification.
Farhat et al. [5] collected vibration signals from a hydraulic turbine during cavitation,
extracted features and performed cavitation state identification using statistical methods
and frequency domain analysis. In order to improve accuracy of recognition, Xue et al. [6]
extracted features from the optimal frequency range of vibration signals collected under the
cavitation operation of a centrifugal pump and obtained the optimal hyperplane for classi-
fying cavitation states by training with a support vector machine (SVM). McKee et al. [7]
proposed a methodology based upon adaptive octave bands, principal component analysis
and statistical data to detect cavitation occurrence in a centrifugal pump. Azizi et al. [8]
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proposed a hybrid eigenvalue selection algorithm that uses empirical modal decomposition
for the eigenvalue selection of signals and feeds the selected eigenvalues into a generalized
regression neural network for recognition. It was found that the selected eigenvalues not
only reduce the number of eigenvalues needed and improve the accuracy of recognition,
but also determine the optimal eigen modal function for cavitation recognition. Giorgi
et al. [9,10] collected pressure pulsation signals and transient photographs of the cavitation
flow field behind the orifice, Artificial neural networks were used to effectively extract
the frequency band features of different cavitation states at different temperatures, and
wavelet decomposition was used to extract the frequency features of the pressure pulsation
signals, comparing and analyzing the effect of two intelligent algorithms, artificial neu-
ral networks and least squares support vector machines, on the recognition of cavitation
states. Sun et al. [11] used the motor current signal (MCSA) analysis technique, using the
Hilbert-Huang transform (HHT), to improve the accuracy and reliability of feature extrac-
tion based on cavitation characteristics. Yang et al. [12] proposed a condition monitoring
scheme using statistical feature evaluation and support vector machines (SVM) to detect
cavitation conditions in the butterfly valves of flow control valves in pumping stations,
classifying normal and cavitation conditions in control valves. Cao et al. [13] proposed a
deep learning-based cavitation state recognition method for centrifugal pumps, in which
vibration signals at the pump worm casing were collected under three operating conditions,
improved octave band and time frequency features were constructed, and the feature sets
were input into a deep neural network to classify the four cavitation states. The use of
machine learning methods for fault diagnosis is a current frontier and hot topic in the
discipline. Ge et al. [14-17] conducted an experimental study on the effect of temperature
on the hydrodynamic cavitation flow in venturi tubes to analyze and compare the cavitation
intensity and state changes at different flow rates and temperatures, and to classify the
cavitation flow states due to thermodynamic effects by dynamic model analysis, which
was later justified by Wu et al. [18]. However, application in pump operation condition
monitoring is still relatively small, and how to carry out the identification of cavitation
efficiently and accurately still needs to be examined in depth.

The focus of this study is on the monitoring and identification of the different cavitation
states of centrifugal pumps at different temperatures (25 °C, 50 °C and 70 °C) based on
support vector machines (SVM). The vibration signals under different cavitation states
are extracted [19], the extracted eigenvalues are used to train the support vector machine
and the grid search method is used to find the optimal parameters of the support vector
machine, to establish the centrifugal pump cavitation state monitoring model and verify
the validity of the model and to provide a theoretical basis for the monitoring and diagnosis
of the centrifugal pump operation state.

2. Experimental Steps
Model Pump Parameters

In order to obtain the original signals of different cavitation states, a centrifugal pump
cavitation performance test rig was built, including a vacuum pump, heating tank, solenoid
valve, electromagnetic flow meter, inlet and outlet pressure sensors, PSW30-36 DC power
supply and test pump, as shown in Figure 1. The test pump is a miniature high-speed
centrifugal pump with a specific speed of 81, and its design parameters are: design head
Hgq =7.54 m, design flow rate Qq = 1.25 m®/h, design speed 1 = 4800 r/min. The vibration
signal acquisition module consists of a PCB352A60 single-axis acceleration sensor at the
snail casing spacer, a PCB356B21 triaxial acceleration sensor at the inlet pipe and an NI
USB-4472 acquisition card. The NI USB-4472 acquisition card for the composition, vibration
acceleration sensor arrangement as shown in Figure 2.
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Heating tank Solenoid valve Flowmeter Outlet pressure sensor

Vacuum pump  Control valve Inlet pressure sensor Test pump DC power supply

Figure 1. Experimental set-up diagram.

Three-axis acceleration sensor Single-axis acceleration sensor

Figure 2. Sensor arrangement diagram.

The test was carried out using a PMW pulse frequency generator and a vacuum
pump to regulate the operating conditions of the pump, collecting performance parameters
and vibration signals at three temperatures (25 °C, 50 °C and 70 °C) at a flow rate of 1.0
Q4 under four operating conditions: normal operation, incipient cavitation (1% drop in
head), cavitation (3% drop in head) and severe cavitation (6% drop in head). The sampling
frequency was set to 12.8 kHz, with a sampling time of 1s per set, and a total of 300 sets of
samples were taken for each state.

The external characteristics of the pump can be calculated by using the head coefficient
1 as follows, which is extracted from the studies conducted by Asad et. al. [20-23]:

gH
us/2

¥ = )

where H is the head corresponding to the different working conditions; u; is the exit
circumferential speed of the impeller.

The cavitation number is a dimensionless parameter characterizing the cavitation state
and is calculated as:

o= Pin — Po )

0.5013
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where p;, is the centrifugal pump inlet pressure; p, is the saturated vapor pressure of the
liquid at the corresponding temperature.

Figure 3 shows the cavitation performance curve of a centrifugal pump at a rated
speed of 4800 r/min with a medium temperature of 25 °C. As can be seen from the graph,
the head coefficient remains almost constant at the initial stage, and as the cavitation
number slowly decreases, the head coefficient suddenly plummets when a critical point
is reached. The cavitation number corresponding to a 3% drop in head is defined as the
critical cavitation number. In engineering, when the head drops by 3%, cavitation already
occurs at the impeller inlet of the centrifugal pump, and the degree of cavitation can already
affect the performance of the pump.

Head coefficient y

w

-
P

0.5 1.0

Cavitation number ¢

Figure 3. Cavitation performance curve.

3. Signal Analysis and Feature Extraction

Support vector machines usually require multiple eigenvalues to describe the fault
form of a device, and then classify the device faults in a space consisting of eigenvalues.
The accuracy of the eigenvalue extraction has a significant impact on the accuracy of the
fault classification and hence the need for effective eigenvalue extraction methods.

3.1. Time Domain Feature Extraction

In order to extract the eigenvalues of the centrifugal pump under different cavitation
conditions, the vibration signals at the X-direction of the pump inlet pipe and at the tongue
of the volute at 25 °C and rated speed of 5400 r/min were used as examples for time
domain analysis. Figures 4 and 5 show the time domain diagrams for the X-direction of the
pump inlet pipe and the volute tongue, respectively. From the diagrams, it can be seen that
there is a large difference in magnitude and degree of change between the normal operation
and cavitation phases, while the changes in the incipient cavitation, cavitation and severe
cavitation phases are relatively small, so the identification of cavitation occurrence will be
easier than the identification of the cavitation state.
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Figure 4. Time domain waveform in X-direction of the pump inlet pipe. (a) normal operation.
(b) incipient cavitation. (c) cavitation. (d) severe cavitation.
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Figure 5. Time domain waveform of pump volute tongue. (a) normal operation. (b) incipient

cavitation. (c¢) cavitation. (d) severe cavitation.
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Due to the different vibration magnitudes of the centrifugal pump when operating
under different cavitation conditions, the mean value, standard deviation, peak factor,
kurtosis factor and skewness factor were chosen as the time domain signal characteristic
values. The mean value is an indicator of the trend in the concentration of the signal; the
standard deviation indicates the degree of dispersion of the signal; the peak factor indicates
the presence of a shock; the kurtosis factor reflects the response to a shock signal; and the
skewness factor reflects the degree of asymmetry of the mean, as follows:

(1) Mean value

V:;in 3)

(2) Standard deviation

4)

(3) Peak factor

©)

where x4 is the peak value.

(4) Kurtosis factor

_ n(n+1) noy—pt| 3(n—1)
K{(n—l)(n—2)(n—3).2( - )} (1—2)(n —3) ©)

(5) Skewness factor

_ n X — U
= nmo =) @

i=1

3.2. Frequency Domain Feature Extraction

In order to extract the characteristic values of centrifugal pump under different cavita-
tion conditions, the vibration signals in X-direction of pump inlet pipe and volute tongue
are analyzed in frequency domain under the condition of 25 °C and rated speed 5400 r/min.
The power spectrum was obtained using the Fourier transform of the autocorrelation func-
tion, and the ordinates were taken logarithmically (10log). Figures 6 and 7 are the power
spectra of the X-direction of the pump inlet pipe and the volute tongue, respectively. It can
be seen from the diagrams that the amplitude and dispersion of the power are different
under different operating conditions, so this feature can be used as the state characteristic
value of the centrifugal pump at operating conditions.
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Figure 6. Power spectrum in X-direction of the pump inlet pipe. (a) normal operation. (b) incipient
cavitation. (c) cavitation. (d) severe cavitation.
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Figure 7. Power spectrum of the pump volute tongue. (a) normal operation. (b) incipient cavitation
(c) cavitation. (d) severe cavitation.
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Different cavitation conditions have different frequency components. When the power
of each component changes, the center of gravity of the power spectrum will change
accordingly. Therefore, the change of the center of gravity position and the dispersion
degree of the power distribution can be used to describe the change of the signal frequency
domain characteristics [24], specifically:

(1) Center of gravity frequency

> fS(f)d
re_ o 1S "
Jo~ S(Hdf
(2) Mean square frequency
> f2S(f)d
mse - 2o LS ©)
Jo~ s(flaf
(38) Frequency variance
> (f — FC)*S(f)d
Jo~ S(Hdf
By discretizing the signal x(#), the above equation can be rewritten as:
N
'21 fivi
_ 1=
FC=—= (11)
pi
i=1
N
‘21 f2pi
__ =
MSF = — (12)
L pi
i=1
VF = MSF — FC? (13)

where f; is the corresponding frequency of the power spectrum and p; is the corresponding
amplitude of each frequency.

3.3. Time Frequency Domain Feature Extraction

During the operation, the vibration signals of the centrifugal pump under different
operating conditions are complex and contain many components, so the empirical mode
decomposition (EMD) can be used to process these signals. The empirical mode decom-
position at different operating conditions of the centrifugal pump was carried out. It is
found that the number of decomposed intrinsic mode functions (IMF) is not fixed under
different operating conditions, most of which are 6-10. Taking 25 °C and 5400 r/min as
an example, Figures 8 and 9 show the intrinsic modal functions of the first six layers of
the centrifugal pump in the X-direction of the pump inlet pipe and at the pump volute
tongue in normal operation, incipient cavitation, cavitation and severe cavitation for four
operating conditions, respectively. By comparing the IMF of the first six layers, it can be
found that the amplitude of the six first layers obtained by EMD is different. The magnitude
of the amplitude is a manifestation of the energy size, indicating that the energy of the six
first layers is different. Therefore, the IMF energy of each layer is different under different
operating conditions, which can be used as an eigenvalue to identify the operating state of
the centrifugal pump.
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Figure 8. EMD in X-direction of the pump inlet pipe. (a) normal operation. (b) incipient cavitation.

(c) cavitation. (d) severe cavitation.
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IMF Energy:
E= ) lait)f (14)
i=1

where 4;(t) is a function of the magnitude of each IMF.
Energy ratio p; indicates the percentage of the i-th IMF component to the sum of the
energies of all IMF components.

pi= = (15)
where E is the sum of all IMF component energies.

4. Intelligent Recognition of Cavitation States Based on Support Vector Machines
4.1. The Theory of Support Vector Machines

The support vector machine (SVM) is a classification algorithm that can project linearly
indistinguishable data in a low-dimensional space to construct a hyperplane in a high-
dimensional space to achieve linearly divisible data. Support vector machines have the
advantages of good generalization, small sample requirements and low parameter settings,
and can solve problems such as high dimensionality and non-linearity [25].

Assuming that the training sample set is {(x1,v1), (x2,y2), ... (Xn, yn) }, where x; € RY,
yi € (—1,1), —1 and 1 represent two classes of samples that can be correctly distinguished
by wlx + b = 0 classification surface, establishes the optimization problem as follows:

1 7 u
Z C .
mw,ll?Zw w + lzzlffl
styi(w'xi+b) >1-8,8>0,i=12--,n (16)

where w is the normal vector; b is the constant term; C is the penalty factor; and ¢; is the
slack variable.

Finding the solution of the optimal normal vector w and the constant term b gives the
optimal classification surface. In order to transform Equation (13) into a quadratic program-
ming problem, the corresponding Lagrange function is introduced and the classification
problem becomes:

1 7 N N T N
LlwbA) = 50" w+CY &= Yafyi(wx+b) 148 - L g (19
i=1 i=1 i=1
where «;, B; is a Lagrange multiplier, &; > 0, 8; > 0.
According to the pairwise principle, Equation (14) can become:

n
1
mﬂ?xL(a) =) - 5 ) wiyiyp(xi) - p(x;)
i=1 i=1,j=1
n
sty yi; =0,0<a;<C,i=12,...,n (18)

i=1

where ¢(x;) - ¢(x;) = K(x;, x;) is the kernel function.

For linearly indistinguishable problems, support vector machines need to introduce
kernel functions to project data from low-dimensional space to high-dimensional space
to achieve linearly divisible purposes. In this study, the Radical Basis Kernel Function
(RBF) [26] is chosen to build the classification model, whose expressions are:

K(xi, x;) = exp(—gllxi — x[?) (19)

where g is the kernel function parameter.
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After substitution of the kernel function, the final classification decision function is
obtained as:

(20)

N
flx) = Sgn[ ayiK(x; - xj) +b
=

The support vector is the sample point of «; > 0 in the solution process, which can be
found by substituting any support vector into Equation (18).

4.2. Support Vector Machine-Based Binary Classification

Three hundred sets of data from normal operation and three hundred sets of data
when cavitation occurred were selected for the accuracy calculation of the Support Vector
Machine cavitation monitoring model. In this study, 80% of the data were used as training
samples and the remaining 20% were used as test samples to test the accuracy of the
support vector machine. After feature extraction of the data by the method described in
the previous section and inputting the feature values into a support vector machine, the
feature values are normalized and, by normalization, are able to be mapped to between
(0, 1) for infinite data. The normalization process is formulated as follows:
,  x;—min(x)

Xi

~ max(x) — min(x) @1
where max(x) and min(x) are the maximum and minimum values in the eigenvalues,
respectively.

The accuracy of the support vector machine is influenced by the penalty factor C and
the kernel function parameter g. In order to improve the accuracy of the support vector
machine, suitable parameters are selected to optimize the support vector machine. [27].
Figure 10 shows the contour plot of the average recognition rate of the kurtosis factor,
center of gravity frequency, and IMF1 energy share at 25 °C and 5400 r/min using the grid
search method at 3-CV [28,29].

From Figure 10, it can be seen that different optimal parameter combinations (C, g)
are obtained for different feature values, and different (C, g) combinations have different
accuracy rates. The grid search method obtains the average accuracy of each node in the
grid by substituting it into the support vector machine, and it can be seen that the average
recognition rates of the kurtosis factor, center of gravity frequency and IMF1 energy share
are 98.8889%, 83.5185% and 100%, respectively, at which time the corresponding optimal
parameter sets are (0.03125, 29.8597), (1.0718, 3.7321), (0.03125, 0.03125).

Tables 1-3 show the recognition rates of the time domain signal feature extraction,
frequency domain signal feature extraction and time frequency domain signal feature
extraction of the eigenvalues for normal operation and cavitation occurrence at the four
monitoring points at temperatures of 25 °C, 50 °C and 70 °C and a speed of 5400 r/min,
respectively. As can be seen from Table 1, for the identification of cavitation occurrence,
the recognition rate of the five eigenvalues extracted from the time domain signal features
is high, and the overall recognition rate can reach over 90%; as can be seen from Table 2,
the overall recognition rate of the three eigenvalues extracted from the frequency domain
features is lower than that of the time domain signal; as can be seen from Table 3, the
recognition rate of the eigenvalues extracted from the time frequency domain method is in
between that of the time domain signal and the frequency domain signal. The recognition
rate of the first layer of energy share is the highest, with all but a few points reaching 96%
or more, and the recognition rate of the sixth layer of energy share is the worst. Overall, the
three types of eigenvalues are able to identify whether cavitation occurs well.
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Best ¢=0.03125 g=29.8571 CVAccuracy=98.8889% Best c=1.0718 g=3.7321 CVAccuracy=83.5185%
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Figure 10. Average recognition rate contour map. (a) Kurtosis factor. (b) Center of gravity frequency.
(c) IMF1 energy.

Table 1. Accuracy of time domain eigenvalue classification.

Recognition Accuracy

Inlet Pipe Inlet Pipe Inlet Pipe

Temperature Eigenvalue X-Direction Y-Direction Z-Direction Volute Tongue

Mean value 100% 100% 100% 100%
standard deviation 100% 100% 100% 100%

25°C Peak factor 100% 95% 98.3333% 98.3333%
Kurtosis factor 86.6667% 100% 100% 100%
Skewness factor 100% 100% 100% 100%
Mean value 100% 98.3333% 100% 100%
standard deviation 100% 100% 100% 100%
50 °C Peak factor 100% 96.6667% 98.3333% 100%
Kurtosis factor 98.3333% 100% 100% 100%

Skewness factor 98.3333% 100% 100% 98.3333%
Mean value 100% 100% 100% 100%
standard deviation 96.6667% 100% 100% 100%

70 °C Peak factor 100% 100% 100% 98.3333%
Kurtosis factor 100% 100% 100% 65%

Skewness factor 100% 100% 100% 45%
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Table 2. Accuracy of frequency-domain eigenvalue classification.

Recognition Accuracy

. Inlet Pipe Inlet Pipe Inlet Pipe
Temperature Eigenvalue X-Direction Y-Direction Z-Direction Volute Tongue
Center of gravity frequency 78.3333% 53.3333% 76.6667% 86.6667%
25°C Mean Square Frequency 75% 51.6667% 78.3333% 86.6667%
Frequency variance 83.3333% 80% 65% 66.6667%
Center of gravity frequency 46.6667% 51.6667% 71.6667% 80%
50 °C Mean Square Frequency 50% 48.3333% 63.3333% 80%
Frequency variance 85% 58.3333% 88.3333% 60%
Center of gravity frequency 61.6667% 53.3333% 61.6667% 65%
70 °C Mean Square Frequency 65% 53.3333% 65% 60%
Frequency variance 71.6667% 63.3333% 80% 51.6667%
Table 3. Accuracy of time frequency domain eigenvalue classification.
Recognition Accuracy
. Inlet Pipe Inlet Pipe Inlet Pipe
Temperature Eigenvalue X-Direction Y-Direction Z-Direction Volute Tongue
IMF1 100% 98.3333% 100% 100%
IMF2 100% 96.6667% 100% 96.6667%
95 °C IMF3 100% 96.6667% 88.3333% 88.3333%
IMF4 100% 95% 60% 90%
IMF5 100% 76.6667% 91.6667% 96.6667%
IMF6 51.6667% 81.6667% 98.3333% 95%
IMF1 100% 100% 100% 76.6667%
IMF2 100% 100% 100% 100%
50°C IMF3 91.6667% 48.3333% 100% 100%
IMF4 55% 100% 100% 73.3333%
IMF5 91.6667% 100% 53.3333% 100%
IMF6 66.6667% 100% 95% 63.3333%
IMF1 85% 100% 96.6667% 100%
IMF2 100% 100% 93.3333% 93.3333%
70°C IMF3 61.6667% 100% 95% 100%
IMF4 98.3333% 100% 91.6667% 100%
IMF5 75% 100% 73.3333% 100%
IMF6 73.3333% 100% 98.3333% 48.3333%

4.3. Support Vector Machine-Based Multiclassification

In practice, the operating state of a centrifugal pump, in addition to its normal op-
erating state, can be classified as incipient cavitation, cavitation and severe cavitation,
depending on the intensity of the cavitation. It is not enough to use support vector ma-
chines for binary classification, but a multi-classification study is needed to more accurately
identify the operating state of the centrifugal pump.

A total of 1200 sets of data, 300 sets each for normal operation, incipient cavitation,
cavitation and severe cavitation, were collected from the experiment, and the training
and test samples were set up in a ratio of 8:2 to carry out the support vector machine
multi-classification. In order to reduce the impact of different eigenvalues on the accuracy,
the time domain eigenvalues, the frequency domain eigenvalues and the time frequency
domain eigenvalues were combined. Tables 4-6 show the accuracy of the combined time
domain eigenvalues, the combined frequency domain eigenvalues and the combined
time and frequency domain eigenvalues for normal pump operation, incipient cavitation,
cavitation and severe cavitation at different temperatures. As can be seen from Table 4, the
average accuracy of the five eigenvalues of the time domain signal for the identification of
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the cavitation running state is not very different, all at around 85%; as can be seen from
Table 5, the identification accuracy of the three eigenvalues of the frequency domain signal
is low and not suitable for the identification of the cavitation state; as can be seen from
Table 6, the identification rate of the combined time and frequency domain eigenvalues for
the cavitation state is between the combined time domain eigenvalues and the combined
frequency domain eigenvalues, with the highest identification rate in the Y-direction of the
inlet pipe and the lowest identification rate in the Z direction of the inlet pipe.

Table 4. Accuracy of multi-classification recognition of time domain combined eigenvalues.

Recognition Accuracy

Inlet Pipe Inlet Pipe Inlet Pipe
Temperature X-Direction Y-Direction Z-Direction Volute Tongue
25°C 84.1667% 92.5% 86.6667% 88.3333%
50 °C 83.3333% 80% 85.8333% 73.3333%
70 °C 84.1667% 80.8333% 80% 94.1667%
Average recognition accuracy 83.8889% 84.4444% 84.1667% 85.2778%
Table 5. Accuracy of multi-classification recognition of frequency domain combined eigenvalues.
Recognition Accuracy
Inlet Pipe Inlet Pipe Inlet Pipe
Temperature X-Direction Y-Direction Z-Direction Volute Tongue
25°C 50.8333% 37.5% 43.3333% 40%
50 °C 43.3333% 23.3333% 40.8333% 33.3333%
70 °C 36.6667% 33.3333% 40.8333% 35.8333%
Average recognition accuracy 43.6111% 31.3889% 41.6666% 36.3889%
Table 6. Accuracy of multi-classification recognition of time frequency domain combined eigenvalues.
Recognition Accuracy
Inlet Pipe Inlet Pipe Inlet Pipe
Temperature X-Direction Y-Direction Z-Direction Volute Tongue
25°C 85% 85.8333% 65.8333% 87.5%
50 °C 77.5% 68.3333% 75% 82.5%
70 °C 75% 87.5% 62.5% 55.8333%
Average recognition accuracy 79.1667% 80.5555% 67.7778% 75.2778%

In order to improve the recognition rate of the cavitation state multi-classification support
vector machine, the time domain eigenvalues at the four monitoring points and the time, and
frequency domain eigenvalues at the monitoring points in the X and Y-directions of the inlet
pipe with high recognition rate were selected and combined. The combined eigenvalues were
used to train the support vector machine. Table 7 shows the multi-classification recognition
rates for the four operating conditions of the centrifugal pump at different temperatures:
normal operation, incipient cavitation, cavitation and severe cavitation.

Table 7. Accuracy of multi-classification recognition of combined eigenvalues.

Recognition Accuracy

Temperature 25°C 50 °C 70 °C
Recognition accuracy 94.1667% 95% 100%

As can be seen in Table 7, the trained support vector machine has a high recognition
rate for multiple classifications at all three temperature scenarios, reaching over 94% and
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even 100% at 70 °C. Temperature has an effect on the accuracy of the multiclassification
recognition of the cavitation states, and this is related to the criteria used to determine the
state in which cavitation occurs. Therefore, the combination of feature values with high
recognition rates can significantly improve the accuracy of centrifugal pump cavitation
monitoring recognition.

5. Conclusions

This study proposes a cavitation monitoring and identification technique for centrifu-
gal pumps based on support vector machines. The vibration signals of centrifugal pumps
at different operating states at different temperatures (25 °C, 50 °C and 70 °C) are analyzed
and extracted by means of feature extraction, and the extracted feature values are then used
to train support vector machines to carry out classification and identification studies on
subsequent test samples, leading to the following conclusions:

1.  The overall temperature has little effect on the cavitation recognition rate and is related
to the criteria used to determine the state in which cavitation occurs; the location
of the monitoring point has an effect on the accuracy of the monitoring, which is
related to the direction of the vibration and the location of the monitoring at the same
monitoring point.

2. Indichotomous classification, the recognition accuracy of individual feature values
was highest for time domain signals, followed by time frequency-domain and finally
frequency-domain signals, which was related to the extracted feature values; in multi-
classification, the individual feature values were combined to improve the recognition
accuracy and the highest recognition rate was found for time domain signals, followed
by time frequency-domain signals and finally frequency-domain signals.

3. Inorder to improve the recognition accuracy of multiple classification, the combination
of the feature values of the time domain signal at the four monitoring points and the
time and frequency domain signal at the monitoring points in the X and Y-directions
of the inlet pipe can effectively improve the recognition accuracy, which can reach
100% recognition at a maximum accuracy of 70 °C.

4. In terms of recognition accuracy, the intelligent recognition of the cavitation status
of centrifugal pumps based on support vector machines can better identify whether
cavitation has occurred and the cavitation status.
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