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ABSTRACT 

Cavitation monitoring is particularly important for pump efficiency and stability. It is easy to misjudge 

cavitation by using a given threshold of a single eigenvalue. In this work, based on the vibration signal, a 

method for multi-resolution cavitation status recognition of centrifugal pump is proposed to improve the 

accuracy and universality of cavitation status recognition., wavelet packet decomposition (WPD) is used to 

extract the statistical eigenvalues of multi-scale time-varying moment of cavitation signal after reducing the 

clutter, such as root mean square value, energy entropy value and so on. The characteristic matrix is 

constructed. Principal component analysis method (PCA) is employed to reduce the dimension of the 

characteristic matrix and remove the redundancy, which constructs the radial basis function (RBF) neural 

network as the input. The results show that the overall recognition rate of non-cavitation, inception cavitation 

and serious cavitation by using the vibration signal of one measuring point is more than 97.7%. The 

recognition rate of inception cavitation is more than 80%. Based on the vibration signal information fusion 

method of two measuring points, the recognition rate of centrifugal pump inception cavitation status reaches 

more than 99%, and the recognition rate of vibration signal information fusion method of three measuring 

points reaches 100% for all three cavitation statuses. Due to the influence of factors such as change of 

external excitation and abrupt change of working conditions, sensor data acquisition is often subjected to 

unpredictable disturbance. To study the ability of single-point cavitation status recognition method to resist 

unknown disturbances, by constantly adjusting the value of the interference coefficient of the interference 

term. It is found that the recognition rate of cavitation status using single measuring point decreases almost 

linearly with the increase of the interference coefficient. When five measuring points are used for information 

fusion cavitation status recognition, the cavitation status recognition rate still reaches over 90% even if the 

interference factor of one measuring point reaches 50%. 

 

Keywords: Centrifugal pump; Cavitation recognition; Vibration; Wavelet packet decomposition; Principal 

component analysis; RBF neural network. 

 
1. INTRODUCTION 

As the most widely used general machinery, the 

pump plays a key role in the fields of hydraulic 

transportation, water irrigation, and hydropower 

generation. However, the cavitation within a pump 

has restricted the development of the pump 

industry. The cavitation can appear during the entire 

range of operating conditions in pumps. The 

generation and development of cavitation in the 

pump can change the velocity distribution in the 

flow channel, which is resulted in the decrease of 

energy characteristics of the pump. The 

development of cavitation will destroy the flow 

passage to a certain extent, and even cause the 

vibration of pump. Therefore, it is of great 

significance to study the phenomenon of cavitation 

in the pump. 

Cavitation signals are complex, coupled and 

uncertain, the traditional performance parameter 
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method considers the centrifugal pump head drop of 

3% as the judgment basis for the inception 

cavitation of the centrifugal pump, which has 

hysteresis. Therefore, it is necessary to determine 

the cavitation monitoring signal and eigenvalues of 

the centrifugal pump with higher sensitivity 

（Samanipour et al. 2017）. Wang and Chen 

(2009) presented a method for a centrifugal pump 

based on vibration signals. In the method, a wavelet 

transform was used to extract features from 

measured vibration signals, and a linearized neural 

network was used to distinguish cavitation types. 

Sakthivel et al. (2014) presented that the vibration 

signal was used to monitor the working condition of 

the single block centrifugal pump.  In the paper 

dimensionality reduction is performed using 

traditional dimensionality reduction techniques and 

nonlinear dimensionality reduction techniques. By 

comparing different classifiers, a better combination 

method of dimension reduction classifiers is 

proposed. Alfayez et al. (2005) [4] presented a case 

study. The acoustic emission was applied for 

identifying the inception cavitation and determining 

the best efficiency point (BEP) of a 60 kW 

centrifugal pump, which had shown to offer early 

recognition of incipient cavitation. Farokhzad and 

Ahmadi (2013) concentrated on a procedure for 

prediction of cavitation using acoustic signals and 

multi-layer perceptron (MLP) neural network, and 

proved itself a fast and strong technique for 

frequency analysis in the steady conditions and 

constant speed. Durocher and Feldmeier (2004) 

used stator currents to recognize cavitation status in 

centrifugal pump. The approach might rely on 

noninvasive monitoring of three-phase induction 

motor to report equipment conditions and enable 

maintenance intervention before a fault occurs. 

Hernandez-Solis and Carlsson (2010) measured 

motor current and voltage signals for different 

operating points of the pump, and studied the 

correlation between the cavitation phenomena and 

the power of the motor. Which verifies the 

reliability of recognizing cavitation by the Motor 

Current and Power Signature Analyses (PSA). 

There is no obvious demarcation between different 

cavitation statuses, which makes it difficult to set an 

accurate threshold according to the mapping 

relationship between cavitation statuses and 

eigenvalues. Moreover, most of the failures of the 

centrifugal pump or the change of the working 

conditions can cause changes in the eigenvalues 

such as the head, sound pressure level (SPL) and 

vibration level. As a result, it is easy to misjudge 

cavitation recognition by means of a single 

eigenvalue given threshold, which brings great 

challenges to the feature extraction and pattern 

recognition of centrifugal pump cavitation statuses. 

Bourdon et al. (1999) adopted vibration 

acceleration sensor to collect cavitation signals of 

hydraulic turbines, and extracted characteristic 

values to recognize cavitation and cavitation 

erosion statuses by statistical analysis and spectrum 

analysis. Rus et al. (2007) measured the vibration 

signals of axial flow turbines under cavitation 

conditions, which proved the correlation between 

the cavitation statuses and vibration. Yagi et al. 

(2003) used vibration accelerometers to obtain 

signals at different cavitation statuses. It is believed 

that the peak frequency of the cavitation inception 

status signal focus on 20~30 kHz, and the frequency 

band is used as the basis for judging the inception 

of cavitation. Escaler et al. (2002) conducted a 

resonance test on the shrinkage model of a Francis 

turbine under different operating conditions and 

found that the cavitation signal focuses on the 

frequency range of 10~100 kHz. And the 10~15 

kHz component was suitable as the characteristic 

frequency band. In addition, he proposed that 

different cavitation types required different 

measuring points arrangement and statuses 

recognition methods, and the attached cavitation 

measuring points should be as close to the impeller 

as possible. The characteristic frequency band is 10 

kHz. Cavitation is related to radial vibration of 

bearing, and the characteristic frequency band is 

about 3 kHz. The characteristic frequency band of 

vortex cavitation is 30~40 kHz. Dong et al. (2012). 

filtered the vibration signal of centrifugal pump and 

calculated the wide frequency vibration level. The 

basis of cavitation incipient was proposed. When 

the vibration signal is in the frequency band of 10-

50 Hz, the broadband vibration level is 1% higher 

than that in the non-cavitation status, and when the 

vibration signal is in the frequency band of 1000-

3000 Hz, the broadband vibration level is 1.1% 

higher than that in the non-cavitation status, which 

can be considered as the inception cavitation. Xue. 

(2016) used multifractal algorithm to extract the 

eigenvalues of the natural mode function 

components of vibration signals to form the 

eigenvector as input, and constructed back 

propagation (BP) neural network for turbine fault 

pattern recognition. Asish et al. (2018) extracted 

several statistical features of the triaxial 

acceleration sensor data of pump and bearing shell, 

and input to support vector machine (SVM) 

algorithm for training and testing. So that the 

bubbles to be formed can be accurately identified at 

a higher rotation speed. Azizi et al. (2017) extracted 

several statistical features from the first six intrinsic 

mode functions （IMFs） components of empirical 

mode decomposition and established the 

generalized regression neural network (GRNN), 

obtaining the accuracy of cavitation status 

recognition reaching 97.5%. Xue et al. (2013) 

extracted pump cavitation eigenvalue from the 

optimal frequency region of vibration signals 

collected, and obtained the optimal classification 

hyperplane for distinguishing cavitation statuses by 

SVM. 

In summary, how to recognize the cavitation status 

of the pump more effectively is still a problem. 

Eigenvalues (such as mean, root mean square and 

standard deviation) are widely used in feature 

extraction. However, cavitation characteristics are 

distributed in a wide frequency range, and the 

characteristics of different frequency bands are also 

different. The use of single eigenvalues in the whole 

frequency band or a single characteristic frequency 

band cannot reflect the variation law of signals in 

different frequency bands before and after 

cavitation, and it is difficult to determine the 
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eigenvalue thresholds that take into account 

different operating conditions. In addition, due to 

the influence of external harsh environment, 

excitation change and working condition mutation, 

sensor data acquisition is often subject to 

unpredictable disturbance, which is resulted in 

frequent mutation or loss of original data. So, 

higher requirements for the anti-interference of 

cavitation status recognition method undoubtedly 

need put forward. 

A multi-point and multi-resolution recognition 

method for cavitation status of centrifugal pump 

based on vibration signal is proposed. Firstly, the 

WPD is used to extract the frequency band 

characteristics of decomposition. The PCA is 

adopted to reduce the dimension of the system and 

eliminate the redundancy of the system (Dong et al. 

2019). Then, three cavitation statuses are 

recognized by using RBF neural network. Finally, 

the recognition effect and anti-interference of the 

three cavitation statuses of centrifugal pump are 

analyzed. 

2. SIGNAL PROCESSING METHOD 

To improve the recognition accuracy and efficiency 

of cavitation status for centrifugal pump, a 

cavitation recognition method based on WPD, PCA 

and RBF neural network are proposed. The 

structure of the proposed method is presented in 

Fig.1. 

 

 
Fig. 1. Flowchart of cavitation recognition 

method. 

 
The algorithmic for each major step in the method 

is as follows: 

(1) Three cavitation statuses are demarcated by 

cavitation performance test. 

(2) Signal of each sensor under different 

cavitation statuses is collected. 

(3) The wavelet packet decomposition of each 

sensor signal is carried out to analyze its 

variation rule in time-frequency domain. 

(4) The eigenvalues of nodes with larger energy 

coefficients are extracted to form the 

eigenvalue matrix. 

(5) The PCA is used to reduce the dimension of 

the eigenvalue matrix to obtain the principal 

component matrix. 

(6) Due to the large numerical difference between 

the eigenvalue elements, in order to eliminate 

redundancy and improve recognition accuracy 

and speed, the eigenvalue matrix is 

normalized. And the PCA is used to reduce 

the dimension to obtain a principal component 

matrix.  

(7) The principal component matrix of training 

samples is input into RBF neural network as 

the input layer, and three cavitation statuses 

are used as the output layer to determine the 

number of nodes in the hidden layer and the 

structure of RBF neural network. After the 

training samples are fully trained and meet the 

network accuracy requirements or reach the 

number of iterations, an ideal RBF neural 

network is obtained.  

(8) The principal component matrix of the test 

sample is input into the ideal RBF neural 

network to get the cavitation recognition 

results. 

3.  CAVITATION STATUS 

DETERMINATION 

Johann (2014) pointed out that the (NPSH)1 (head 

drop of 1%) and (NPSH)3 (head drop of 3%) can be 

used as standards for recognizing the cavitation 

status in pumps. Based on these, the whole 

cavitation process is normally divided into three 

statuses (He et al. 2017): the non-cavitation status 

(head drop is less than 1%), the inception cavitation 

status (head drop is between 1% and 3%) and the 

serious cavitation status (head drop is higher than 

3%). To accurately obtain the cavitation numbers 

corresponding to 1% and 3% drop of head, the 

multi-measurement method was adopted during the 

test. Eventually, the average cavitation performance 

curves of the centrifugal pump under three typical 

flow rates were obtained, as shown in Fig. 2. The 

corresponding cavitation numbers for different 

status were shown in Table 1. The cavitation 

numbers defined by Eq. (1), 

2
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in vP P
V





                                                    (1) 

Here σ is Cavitation number under different 

operating status, Pin is Pump inlet pressure, Pv 

saturated vapor pressure of a medium at ambient 

temperature (The value of Pv in the manuscript is 

3,574 pa), ρ is the density of the medium, Pv is the 

flow rate of the medium. 
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Table 1 Cavitation numbers for different cavitation statuses 

           Cavitation status 

Flow rate /(m3/h)  

Non-cavitation Inception cavitation Serious cavitation 

10 >0.020 0.018-0.020 <0.018 

12.5 >0.022 0.019-0.022 <0.019 

15 >0.022 0.020-0.022 <0.020 

 

 

 
Fig. 2. Cavitation performance curves under 

three flow rates. 

 

4. CAVITATION STATUS RECOGNITION 

4.1 Wavelet Packet Decomposition in 

Time-Frequency Domain 

The frequency spectrums of cavitation vibration 

under different cavitation statuses are mainly 

characterized by broadband. Simply studying the 

amplitude at certain characteristic frequencies or the 

overall energy value cannot accurately reflect the 

characteristics of cavitation. Therefore, it is of great 

significance to study the time-frequency 

characteristics of cavitation signal by frequency 

division for cavitation status recognition. The 

wavelet transform can finely observe the signal 

detail in time-frequency domain by decomposing 

the time-domain signals into independent frequency 

bands on the basis of multi-scale orthogonal 

refinement comparing with the Fourier transform. 

However, the wavelet packet transform can further 

decompose the high-frequency, which cannot be 

subdivided by the wavelet transform (Yang 2018). 

Due to the axial passing frequency （APF） and 

the sampling frequency is respectively 49 Hz and 

5.12 kHz, the db 4 basis function is employed to 

proceed 5-layer wavelet packet decomposition for 

vibration signals. Then, the cavitation vibration 

signals are decomposed into 32 frequency bands. 

That is, the frequency bandwidth of each node is 40 

Hz including APF. The time-frequency of cavitation 

vibration under different cavitation statuses at rated 

flow is shown in Fig. 3. 

It can be seen from Fig. 3 that the time-frequency 

domain distribution rules of the five measuring 

points are similar. In the time domain, the signal 

periodicity at shaft frequency, blade frequency and 

frequency multiplication are obvious and amplitude 

is similar for different periods when cavitation does 

not occur. The amplitude of vibration acceleration 

in each frequency band increases, and it is more 

difficult to recognize the blade passing frequency 

with the decrease of cavitation number. The 

amplitude difference of different periods also 

increases, and chaos amplitude occurs in the high-

frequency band which the periodicity is not 

obvious. It can be seen that cavitation will not only 

increase the amplitude of vibration acceleration, but 

also induce the vibration acceleration to 

periodically deteriorate. In the frequency domain, 

the amplitude of vibration acceleration appears at 

the shaft frequency, blade frequency and two-times 

blade frequency during the non-cavitation status. In 

the inception cavitation status, the whole frequency 

band energy increased, the blade frequency and 

two-times blade frequency reach a maximum. The 

frequency band began to appear broadband 

characteristics. In the serious cavitation status, the 

energy of the whole frequency band increases 

dramatically, and the broadband amplitude band 

widens at shaft frequency, blade frequency and two-

times blade frequency. The peak value of shaft 

frequency and frequency multiplication cannot be 

distinguished, and large number of discrete 

distribution amplitudes appear at high frequency. 

4.2 Feature Extraction Based on Frequency 

Division Statistics 

In order to describe the cavitation energy 

characteristics of vibration signals more precisely, it 

is necessary to divide the frequency band of the 

signal. The appropriateness of frequency band 

directly determines the accuracy of subsequent 

feature extraction. The frequency resolution is low 

if the frequency band is too large. There will be 

more eigenvalues, and easy redundancy if the 

frequency band is too small. The WPD subdivides 

all the nodes into frequency bands too finely, which 

is not suitable for all the characteristic frequency 

band analysis. In order to further accurately divide 

frequency bands, the energy values of each 

frequency band are calculated and normalized into 

energy coefficients. The higher the node energy 

coefficient is, the larger the proportion of the node 

in the whole signal is. The more cavitation 

characteristic information it contains. The change 

curve of energy coefficient under different 

cavitation number is shown in Fig. 4 at rated flow. 
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（a1）Non-cavitation σ=0.058 for the exit 

 

 
（a2）Inception cavitation σ=0.020 for the exit 

 

 
（a3）Serious cavitation σ=0.018 for the exit 

 

 
（b1）Non-cavitation σ=0.048 for the pump body 

 
（b2）Inception cavitation σ=0.022 for pump body 

 

 
（b3）Serious cavitation σ=0.019 for pump body 

 

 
（c1）Non-cavitation σ=0.058 for the inlet 

 

 
（c2）Inception cavitation σ=0.020 for the inlet 
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（c3）Serious cavitation σ=0.018 for the inlet 

 

 
（d1）Non-cavitation σ=0.058 for the pump foot 

 

 
（d2）Inception cavitation σ=0.020 for the pump 

foot 

 

 
（d3）Serious cavitation σ=0.018 for the pump 

foot 

 

 
（e1）Non-cavitation σ=0.058 for the pump cover 

 

 
（e2）Inception cavitation σ=0.020 for the pump 

cover 

 

 
（e3）Serious cavitation σ=0.018 for pump cover 

 

Fig. 3. Time-frequency domain diagram of cavitation vibration for flow rate. 
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（a）Export flange 

 

 
（b）Pump body 

 
（c）Import flange 

 

 
（d）Pump foot 

 

 
（e）Pump cover 

 

Fig. 4. Energy coefficient under different cavitation numbers at rated flow rate. 

 

 

As can be seen from Fig. 4, the peak value of signal 

energy coefficient of each vibration measurement 

point is mainly focused on the first 6 nodes before 

cavitation. With the decrease of cavitation number, 

the vibration signal energy gradually shifts from the 

low-frequency band to the high-frequency band. 

The characteristic of broadband peak value appears 

at the labeled 20-31 nodes. Discrete nodes with 

large energy coefficients are selected in this paper, 

and the nodes with small energy proportions are 

merged to take the upper nodes as the analysis 

frequency band. Combining Shannon entropy, the 

optimal wavelet packet decomposition wavelet tree 

and frequency band corresponding to each node 

coefficient are obtained, as shown in Fig. 5. Each 

node at the bottom of the optimal wavelet tree of 

each sensor is taken as the analysis object , the root 

mean square value (RMS), standard deviation 

(STD), mean value (ME), energy value (E), energy 

coefficient (Ekm) and energy entropy (ES) of each 

node are calculated respectively to obtain the 

eigenvalue for recognize cavitation status. 

4.3 Feature Reduction Based on PCA 

Due to large differences during eigenvalue 

elements, the eigenvalue obtained by the WPD is 

not conducive for RBF neural network 

establishment. At the same time 600 sets of 

vibration acceleration data under different flow 

conditions were selected, and all eigenvalues were 
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（a）Export flange 

 

 

 
（b）Pump body 

 

 
（c）Import flange 

 

 

 

 
（d）Pump foot 

 
（e）Pump cover 

Fig. 5. Optimal wavelet tree and corresponding frequency bands for each node. 
 

 

 
Fig. 6. Flowchart of PCA. 

 

prepared for establishing RBF neural network (Su et 

al. 2017; Liu et al. 2013). The dimensionality 

reduction was carried out by PCA method, as 

shown in Fig. 6. 

Vibration acceleration data at measuring points of 

outlet flange, pump body, inlet flange, pump foot 

and pump cover of a total of 600 groups of samples 

under different flow conditions are selected. 6*13, 

6*17, 6*14, 6*14 and 6*14 characteristic values of 

the 600 groups of sample measurement points are 

respectively extracted for normalization, and the 

results are input into the PCA to solve the 

Eigenvector of covariance matrix. The values are λ 

outlet= (158.0151338, 112.852235, 26.23611328,... , 

0.000257448, 0.00024282, 0.000127744), λ pump 

body= (197.5678488, 51.73990437, 35.40731719... , 

0.000152658, 0.000128123, 0.000110936), λ inlet= 

(186.224213, 56.7362696, 24.99610724... , 

0.000176659, 0.000163181, 0.000124848), λ pump  

foot= (235.1375207, 65.54817124, 21.97917267... ,  
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（a）Export flange 

 

 

 
（b）Pump body 

 
（c）Import flange 

 

 
（d）Pump foot 

 
（e）Pump cover 

Fig. 7. Space distribution of principal components based on PCA. 

 

 

0.00028599, 0.000168031, 0.000124887), λ pump 

cover= (154.0590444, 52.58828974, 40.41633536... , 

0.000213952, 0.000180413, 0.000136115). 

The contribution rate of each characteristic root Pλ 

is calculated. At present, when the sum of root 

contribution rate of n features is greater than 97%, it 

is considered to be able to better express the 

characteristics of all the original data. The original 

sample characteristic matrix was reduced to 600*n 

principal components. The principal component n 

was obtained through calculation, namely, the 

number of input nodes was taken as 20, 16, 17, 18, 

17 and 18 respectively. The PCA based principal 

element characteristic spatial distribution of each 

sensor is shown in Fig. 7. 

The space distribution of principal components of 

vibration measuring point is shown in Fig. 7. As can 

be seen, the bubbles under the status of non-

cavitation, inception cavitation and serious 

cavitation are distributed in different spatial regions 

with no overlap between them. It proves that the 

principal components obtained by PCA can be used 

as a good feature for different cavitation statuses. 
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Table 2 Input samples and arranged outputs 

Flow rate /(m3/h) 10 12.5 15 Output Result 

Non-cavitation 100 80 100 （0,0,1） 

Inception cavitation 10 10 10 （0,1,0） 

Serious cavitation 90 110 90 （1,0,0） 

 

 

Table 3 Optimal RBF neural network structure parameters of each measurement point 

Measuring point 
Eigenmatrix 

dimension 
Input layer node Hidden layer node Output layer node 

Outlet flange vibration 6*13 16 10 3 

Pump body vibration 6*17 17 10 3 

Inlet flange vibration 6*14 18 10 3 

Foot pump vibration 6*14 17 10 3 

Pump cover vibration 6*14 18 10 3 

 

 

Table 4 Vibration signal RBF neural network process parameters 

Measuring point 
The number 

of iterations 

The CPU time 

（s） 

The convergence 

accuracy 

The overall 

error 

Outlet flange vibration 29 7.8 0.000013 98.2% 

Pump body vibration 25 7.5 0.000051 98.3% 

Inlet flange vibration 34 8.1 0.000006 97.8% 

Foot pump vibration 29 7.9 0.000026 97.7% 

Pump cover vibration 37 8.3 0.000005 97.7% 

 

 

4.4 Establishment of RBF Neural Network 

The RBF neural network typically has three layers: 

the input layer, the hidden layer and the output 

layer. Obviously, the output nodes have been 

determined, which are non-cavitation status (0, 0, 

1), inception cavitation status (0, 1, 0) and serious 

cavitation status (1, 0, 0). In general, the number of 

hidden layer nodes m can be firstly calculated as 

follows (Liao et al. 2015; Chang et al. 2016; Halali 

et al. (2016): 

m n l                                             (2) 

Where, n  is the number of input nodes. l  is the 

number of output nodes.   is the constant between 

1 and 10. 

The input samples and the arranged outputs is 

shown in the Table 2.  

After several attempts, the optimal RBF neural 

network structure parameters of each measurement 

point are finally determined, as shown in Table 3. 

4.5 One Measurement Point Cavitation 

Status Recognition 

360 groups of data (60%) from 600 samples were 

selected as the training set. 120 groups of data 

(20%) were regarded as the validation set, and 120 

groups of data (20%) were regarded as the testing 

set.  

These 600 groups of data were input into the 

established RBF neural network to obtain the 

cavitation status recognition results of each 

measurement point. Due to the randomly selected 

number of training and testing samples for each 

time, the obtained recognition rate is different. 

Process parameters are shown in Table 4. The 

average recognition results of 10 times are shown in 

Fig. 8.  

According to Fig. 8, the whole recognition rate of 

all statuses by using the five vibration measurement 

points is high, which is ranked from the highest to 

the lowest. Pump body, outlet flange, inlet flange, 

pump foot, pump cover, respectively 98.3%, 98.2%, 

97.8%, 97.7% and 97.7%. The recognition rate of 

non-cavitation status was 83.3%, 80.0%, 80.0%, 

86.7% and 80.0%, respectively. There is little 

difference in the recognition rate during vibration 

measuring points. As shown in Fig. 8, the vibration 

measurement point at the pump cover is taken as an 

example. The comprehensive recognition rate of all 

the statuses at the measurement point of the pump 

cover is relatively high (97.7%), which indicates 

that the cavitation statuses recognition method 

combining the vibration signal wavelet packet 

multi-resolution feature extraction, principal 

component reduction and RBF neural network is 

higher precision. The recognition rate of non-

cavitation status (100%) is better than inception 

cavitation status（80%）, and all non-cavitation 

sample data are completely identified. During the 6 

groups of samples with wrong judgment, 4 groups 

are misjudged as non-cavitation and 2 groups are 

misjudged as serious cavitation, which indicates 

that the inception cavitation status cannot be 

completely distinguished from the other two 

statuses. The recognition rate of serious cavitation  



L. Dong et al. / JAFM, Vol. 14, No. 1, pp. 315-329, 2021.  

 

325 

 
（a）Export flange 

 

 
（b）Pump body 

 
（c）Import flange 

 

 
（d）Pump foot 

 

 

 
（e）Pump cover 

Fig. 8. RBF neural network recognizes cavitation results. 
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status is good, 97.2%, and 8 of the 290 samples data 

groups are wrongly diagnosed as inception 

cavitation, which indicates that the distinction 

between serious cavitation status and non-cavitation 

status is good, and the distinction between serious 

cavitation status and inception cavitation status 

needs to further improve. From the perspective of 

training set, the recognition rate of the three statuses 

used for training is 100%, 76.5% and 97.1% 

respectively. This indicates that the eigenvalue as 

the input of the RBF neural network can well reflect 

the difference between the vibration signal in 

cavitation and non-cavitation status, but the 

difference between the signal characteristic in the 

inception cavitation status and the serious cavitation 

status is not obvious enough. 

Due to the external adverse environment or changes 

in incentives and abrupt changes in working 

conditions and other factors, which cause the 

sensor's acquisition of data is often subject to 

unpredictable disturbances. The phenomenon of 

mutation or deletion of original data occurs from 

time to time. In order to study the ability of a single 

measure point cavitation status recognition method 

to resist unknown disturbances, white noise is taken 

as the interference signal, and the ratio of the 

interference signal length to the whole signal length 

is defined as the interference coefficient θ. The 

interference signal was implanted into the test 

sample signal, and the interference coefficient was 

increased by 5% as a measure to conduct the 

simulation test, and the anti-interference 

performance of cavitation recognition at different 

measuring points was obtained as shown in Fig. 9. 

 

 

 
Fig. 9. Single measuring point anti-interference. 

 

 

It can be seen from Fig. 9 that the cavitation status 

recognition rate using one measurement point 

almost decreases linearly with the increase of the 

interference coefficient. Because the number of 

effective test samples of one measurement point 

decreases with the addition of the interference 

signal. The recognition rate of the invalid test 

sample is basically zero, which leads to a very rapid 

decline in the whole identification rate of the 

cavitation status, and the difference in the anti-

interference of the different measurement points is 

not obvious. 

4.6 Cavitation Status Recognition at 

Multiple Measuring Points 

It can be seen that the whole recognition rate of 

cavitation status recognize method using single 

measurement point is good, but the recognition rate 

of the most concerned inception cavitation status is 

poor when one measurement point is used for 

cavitation status recognition. Once the sensor signal 

is interfered by the external environment, the 

recognition result becomes worse. In order to 

further improve the inception cavitation status 

recognition rate and anti-interference, six 

eigenvalues of each node are extracted for the same 

600 groups of samples for each measuring point, 

and the eigenvalues of these measuring points are 

divided into different measuring points and 

combinations. The new characteristic matrix 

arranged, and the PCA is used to reduce the 

dimension and then trained into a new different 

RBF neural network to achieve information fusion. 

The multi-measurement signal information fusion 

cavitation status recognition result is shown in Fig. 

10. 

It can be seen from Fig. 10 that the information 

fusion of multiple measurement points is 

significantly better than one measurement point for 

three cavitation statuses recognition. The more 

measurement points are, the higher the recognition 

rate is. The non-cavitation status and the serious 

cavitation status are close to 100% when the 

information fusion of two measuring points is used 

for status recognition. The recognition rate of the 

serious cavitation status is higher than one 

measuring point, and the partial combination of the 

recognition rate of the inception cavitation status is 

improved. The different combination methods of 

information fusion status recognition of two 

measuring points are compared and analyzed. The 

results show that the vibration measurement points 

at the pump body or the outlet flange have the 

highest recognition rate, and the following is the 

vibration measuring point including the inlet flange, 

the pump foot or the pump cover. When any three 

or more measuring points are used for information 

fusion, the recognition rate of three cavitation 

statuses is 100% regardless of which combination 

of measuring points is adopted. And it shows that 

the multi-point signal fusion method can accurately 

and effectively recognize different cavitation 

statuses. 

Due to external excitation changes and sudden 

changes in operating conditions, making the sensor 

acquire data often suffers from unpredictable 

disturbances. In order to study the anti-interference 

of multi-point information fusion method based on 

RBF neural network in cavitation status recognition. 

Taking the five measuring point fusion as an 

example, the original signal value of the sensor at 

the four of the five measuring points of the pump 

body, outlet flange, inlet flange, pump foot and 

pump cover is kept unchanged. With the remaining 

one measuring point as the interference item, the 

interference coefficient of the interference item was 

adjusted and added into the interference item as a  
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（a）Non-cavitation 

 

（b）Inception cavitation 

 

（c）Serious cavitation 

 

（d）Overall 

Fig. 10. Multi-measurement information fusion cavitation status recognition result. 
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measure with the interference coefficient increased 

by 5%. Simulation experiment was conducted. The 

number of interference items is adjusted to 2-4, and 

the recognition rate under different interference 

conditions is shown in Fig. 11. 

 

 
Fig. 11. Anti-interference of information fusion 

method based on RBF neural network. 

 

 

It can be seen from Fig. 11, the recognition rate of 

the cavitation status of the multi-point fusion 

decreases gradually with the enhancement of the 

interference, and decreases faster and faster. The 

higher the interference is, the lower recognition rate 

of cavitation status and the faster the decrease is. 

The interference degree has little influence on the 

status recognition result when there is only one 

interference item. When the interference coefficient 

drops by 50%, the cavitation status recognition rate 

reaches more than 80%, which is obviously better 

than the one measurement point recognition result. 

However, when there are more than two 

interference items, the status recognition rate 

decreases rapidly with the increase of interference 

coefficient. In the case of interference in four of the 

five measuring points, the recognition rate is more 

than 80% when the interference coefficient is less 

than 30%. When the interference coefficient is 50%, 

the recognition rate is lower than 60%. Therefore, 

the multi-point information fusion method based on 

RBF neural network can effectively be improved 

the anti-interference performance of cavitation 

status recognition. However, when there are many 

interference items and the interference coefficient is 

large, the recognition rate also declines seriously. 

5. CONCLUSION 

A multi-resolution cavitation status recognition 

method of one measurement point of centrifugal 

pump is proposed based on the vibration signal, 

which is independent of the working condition. The 

analysis results show that the whole recognition rate 

of the three cavitation statuses of non-cavitation, 

inception cavitation and serious cavitation is more 

than 97.7%, and the recognition rate of the 

inception cavitation is more than 80%. 

In order to solve the problem of low recognition 

rate of inception cavitation status by multi-

resolution analysis method of single measuring 

point signal, a cavitation status recognition method 

based on multi-measuring point information fusion 

is proposed. The eigenvalue of each node of single 

measurement point is arranged into a new 

characteristic matrix according to the number and 

combination of different measurement points, and 

the new RBF neural network is trained after the 

PCA is adopted to realize information fusion. The 

analysis results show that the recognition rate of 

inception cavitation status based on the two-point 

signal information fusion method is more than 99%, 

and the recognition rate of three kinds of cavitation 

statuses based on the three-point signal recognition 

fusion method is all up to 100%. 

The anti-interference performance of the proposed 

cavitation status recognition method is analyzed. 

The results show that when there is only one 

interference term among the five measuring points 

and the interference coefficient is 50%, the 

cavitation status recognition rate is still above 90%. 

In the case where there are interferences in four of 

the five measuring points, the recognition rate is 

above 80% when the interference coefficient is 

within 30%. When the interference coefficient is 

50%, the recognition rate is as low as 60% or less. 
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