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Abstract 

The main goal of the study was to analyze vibration of pumping aggregate. There are fourth 

position which could be very harmful for the total working operation of the pumping aggregate. 

The pumping aggregated should have smooth continuous operations without any mistake. 

Vibration could affect different parts or segments of the pumping aggregate and therefore it is 

need to analyze the vibrating. Analyzing of the vibration could be highly nonlinear task since 

many different parameters are involved in the model. To avoid the analytical model in this article 

soft computing approach was used since the soft computing approach does not require internal 

knowledge of the vibration model. For the soft computing model there is enough to collect the 

input output data pairs through experimental measurement procedure. Based on the input/output 

data pairs the model will be created. The approach should rank the influence of the measuring 

positions vibration on the pumping aggregate. Finally three different soft computing methods 

were compared and results were reported. 

 

Keywords: soft computing; vibration; pumping aggregate. 

 

1. Introduction  

  
The development of non-invasive methods of monitoring of the machine conditions are 

important in order to predict maintenance of the machines. There are various indicators for 

machine condition; however, the method of use vibration monitoring for determination of 

machine operating conditions was proved the most important.  

Vibration monitoring is one among many methods of technical diagnostics which has 

been continuously monitoring a technical state of a device by observing the level of a mechanical 
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oscillation in a real time [1]. The mechanical oscillation is the manifestation of a device during 

its operation [2]. Certain parts become vibration exciters, others, depending on excitation, react 

specifically [3]. Therefore the vibration monitoring is one of the most important methods used in 

technical diagnostics for identifying a technical state [4]. With the use of vibration diagnostics 

we are able to detect an incipient failure, locate the place of an incipient failure and predict the 

length of time during which a device is going to work before a failure occurs or a preventive 

action is performed [5-8]. For example in article [9] the vibration behavior of microscale beams 

and plates was studied based on micropolar theory (MPT). Presented in paperr [10, 11] was a 

size-dependent analysis of the surface stress and nonlocal influences on the free vibration 

characteristics of rectangular and circular nanoplates.  

Maintenance and repair of pumping units requires a lot of high material costs and time. 

Therefore, control of vibration and parametric characteristics of pumping units in real time 

allows to identify defect of pumping units at an early stage [12]. The condition monitoring of a 

rotating machine is efficient, but often it is difficult and labour intensive task for maintenance 

crew to troubleshoot the machine and vibration analysis is a method used for condition 

monitoring of the machine [13]. Measured signals are usually fed into filters or signal 

decomposers to extract useful features to assist making identification in state monitoring or fault 

diagnosis. But what is routinely ignored is that an experienced expert can realize what is 

happening just by watching the signals presented on the oscilloscope even without the analyzing 

report [14]. Vibration-based condition monitoring is an important approach to ensure the 

reliability of industrial machines [15]. Semi-supervised vibration-based classification and 

condition monitoring of the reciprocating compressors installed in refrigeration appliances was 

proposed in paper [16]. The use of wireless sensor networks (WSN) for monitoring of rotating 

machinery is constantly growing [17]. A process monitoring system which is integrated with 

virtual machining for a more accurate diagnosis of machining operation without the need for test 

machining was proposed in article [18]. The effort in article [19] was to reduce the number of 

sensors per bearing pedestals by enhancing the computational effort in vibration signal 

processing. On-shaft vibration (OSV) measurement has been proposed in study [20] using a tiny 

Micro Electro Mechanical Systems (MEMS) accelerometer with a wireless node for the data 

transmission to the computer and the approach was expected to reduce the number of sensors 

used currently and may also contain enriched vibration information about the shaft which may 

ease the fault diagnosis process. Paper [21] presented an approach for machine vibration analysis 

and health monitoring combining blind source separation (BSS) and change detection in source 

signals where the problem is transferred from the original space of the measurements to the 

space of independent sources, which leads to the reduced number of components is going to 

simplify the monitoring problem while the change detection methods are going to be applied for 

scalar signals. A large vibration data set makes the diagnosis process complex generally for a 

large rotating machine supported through a number of bearing pedestals [22]. The Doppler-

frequency shift of a laser beam was used in article [23] to monitor flexural and torsional 
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vibration of the main axle in a numerically controlled machining tool. Development of a 

system for machine condition monitoring system requires reliable machining data that can 

reflect machining processes [24]. In paper [25] was presented an automatic feature 

construction method which can reveal the inherent relationship between the input vibration 

signals and the output machining states, including idling moving, stable cutting and chatter, 

using a reasonable and mathematical way. 

Since the analyzing of the vibration signals could be highly tedious and nonlinear task in 

the article soft computing method (ANFIS – Adaptive Neuro-Fuzzy Inference System) is applied 

[26]. The soft computing methodology is based on the acquired input/output data pairs [27-29]. 

Therefore there is no need to know internal knowledge of the system behavior. The basic design 

idea is to create a measurement and data collection system for vibration monitoring in which the 

data analyses and decision-making are based on soft computing method.    

   

2. Methodology 

 
2.1. Device description for vibration monitoring 

 

Devise for vibration monitoring is developed on the basis of Microchip PIC16F877A 

(20MHz) microcontroller for RS232 version or on the basis of PIC18F4550 if USB variant is 

needed. Additional plate is 12-bit A/D converter with 4 channels, based on MCP3204 A/D 

converter. The following characteristics are used: 

 

- Device is connected to PC computer via USB or RS232 (serial) port 

- There are 8 analogue input channels (range 0 to 5V and 0 to 200mV, with other ranges 

possible, all safe until 250V) 

- Digital temperature sensor (-55°C to +125˚C, with 0,1 ˚C resolution) 

- Liquid conductivity sensor 

- High sensibility acceleration sensor  

- Accelerometer and inclination sensor by 2 axes with ±2g range [30, 31, 32]. 

 

2.2 Software for data processing 

 

Software for data processing is written in Visual Basic 6. It is possible to enlarge certain 

areas on the graph for detailed analyses, to save the data into picture format and to perform FFT 

analysis of measured signal. Microcontroller program is written in Micro Basic. Device is tested 

at Electronic Faculty, University of Niš, using TEKTRONIX AFG3102 signal generator by 

inputting the 100Hz sinusoidal signal into the device itself. After performed FFT analysis of the 



  

4 

 
 

signal at PC platform, the program showed perfect match with generator input signal [30, 31, 

32]. 

 

2.3  Pumping aggregate vibration parameters  

 

It is necessary to take safety measures to assure the precision of turbo pumps operating 

conditions. It is considered that a basis of supervision is the control of vibrations and their 

measuring via electric means. The primary objective of all safety measures is timely recognition 

of critical operating conditions. Operation of centrifugal pumps is accompanied by two 

undesirable side effects: vibrations and noise. The intensity level of vibrations and noise 

characterize the perfection of pump operation, its construction and pump condition during 

exploitation period, as well as cavitation phenomenon in the pump. More about all these effects 

to the emitted noise as a side effect of centrifugal pumps is given in [33, 34, 35]. 

The sources of vibrations in centrifugal pumps are mechanical, hydraulic and electrical 

processes caused by the pump construction, operating regime, exploitation and manufacturing 

technologies used. Due to the blade passage frequency (BPF) with frequency znzf z   2/ , 

where z is the number of impeller blades and n is the rotational speed in rps. Disbalance of 

rotational masses of rotor is caused by oscillation with frequency




2
1 f . 

Vibrations caused by the collisions of parts in the contact are produced in bearings, gear 

box, couplings and connected shafts of the pump and the driver. Rolling bearings may produce 

vibration with frequency often lower than 30 kHz [36].  

Disturbance force is generated by connecting a pump and a driver shaft with the geared coupling, 

with the frequency




2
2 szf  , (zs- number of coupling teeth). Electromotor vibrations are caused 

by disturbance forces generated from variations of electromagnetic field, with frequency for this 

case: wE zf




2
 , (zw- number of motor poles).  

Mechanical vibrations of pumps were the subject of numerous researches [37]. Result 

analysis draws the conclusion that the level of vibration can be lowered with respect to the 

certain instructions and recommendations in balancing of rotational masses, selection of 

bearings, couplings, eccentricity between the shaft axis of pump and driver, etc.  

Hydrostatic vibrations of centrifugal pumps are the result of vortex arisen in liquid 

stream, flow heterogeneousness, turbulent pulsation of speed and pressure, and cavitation 

phenomenon [33, 34, 35]. Vortexes are generated during the liquid run through circulation 

channels because of stream segregation from channel surface, hydrodynamic trail and liquid loss 

through gaps and sealants. Unstable flows with relative high gradation of pressure are noticed at 

a point where vortexes segregate from streamed object’s surface. Intensity of vibrations, caused 

by vortex sources, is proportional to the sixth grade of stream line peripheral speed [26]. In 
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numerous cases at centrifugal pumps turbulent pulsations are also generated together with 

vortexes. Their mutual activity causes vibrations of pump walls. Field of speed and pressure of 

liquid flow after the stream line is heterogeneous and non-stationary, causing the pulsation of 

flow hydrodynamic force on impeller and volute tongue. There are also pulsations of flow 

hydrodynamic force because of flow heterogeneousness after entry directional apparatus.  

Vibrations generated flow heterogeneousness can by proper selection of radial gap 

between impeller blade and volute tongue. At centrifugal pumps the flow heterogeneousness 

produces the highest level of vibrations after the impeller, with its frequency equal to the BPF. 

The intensity of these vibrations is proportional to the sixth grade of stream line peripheral speed 

and does not depend on a pump and casing construction [38].  

Various measurements were performed at pumping aggregates with centrifugal pumps for 

water supply in municipality of Nis and its surroundings. Two types of pumps were tested: 

multistage horizontal and well pumps, using the microcontroller device.  

 

2.4  Vibration monitoring at centrifugal pumps  

 

Horizontal pumps have a significant role in water transportation. This role of horizontal 

pumps defines also the importance of providing the flawless work (Figure 1). Electro motors of 

horizontal pumps are extremely burdened from the aspect of continuous exploitation for 

maintaining the permanent operation. Adequate choice of measuring point at a pump aggregate 

of a horizontal pump can indicate the operating condition for electromotor bearings and rotor, the 

pumping aggregate bearings and coupling, and complete aggregate construction likewise.  

 

 
Figure 1: Horizontal pump aggregate  

 

Influence of the four vibration points are analyzed on the fifth output point. The 

following measuring points are chosen according to the Figures 2-3: 

 The first measuring point is chosen for the operational condition diagnosis of the first 

bearing at electromotor. 

 The second measuring point is defined to diagnose the condition of driving 

electromotor second bearing 
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 The third measuring point is determined in such a manner that it is possible to diagnose 

both the condition of pump first bearing and elastic coupling.  

 The fourth measuring point is defined to diagnose the condition of pump second 

bearing. 

 
Figure 2: Measuring point at horizontal pump aggregate  

  
                                             (a)                                             (b) 

  
(c)                                             (d) 
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 (e) 

 Figure 3: Measuring point at horizontal pump aggregate: (a) first measuring point, (b) 

second measuring point, (d) third measuring point, (e) fourth measuring point and (f) fifth 

measuring point 

 

Vibrations of aggregate are controlled according to standard ISO 10816-7 for 

acceleration of rotational machines [39], for following parameters of operating regime: 

  

 Pressure at pump suction  1,93 bar 

 Pressure at pump discharge  91,4 bar 

 Pump power   539 kW 

 Flow rate   Q = 150 m
3
/h 

 Pumping height    934 m 

 Speed   2989 rpm 

 Temperature    305,55 K 

 

2.5  Analytical model of vibration 

 

Vibrations occur as a result of rotating or straight-line moving bodies. The course of 

vibrations is influenced mainly by a technical state of single machine components such as shafts, 

gear boxes, crank mechanisms, cam mechanisms, antifriction bearings, and also by the 

imbalances of rotating parts, backlash in friction bearings, wear, material fatigue, occurring 

cracks, corrosion and other parameters affecting a smooth machine run. The vibration itself is 

defined then as a dynamic phenomenon when particles or solid bodies move around a zero 

equilibrium position. They are given by a combination of six movements, namely by a shift in an 

orthogonal coordinate system x, y, z and a rotation about these axes. Vibrations can describe by 

amplitude and a phase at a certain period of time. Depending on the time variations of values, the 

vibrations are of a periodical, non-periodical or random character. As for periodical vibrations, a 

time course of vibration measured values repeats. A harmonic vibration which has a sinusoidal 

waveform is based on these vibrations. For harmonic vibrations we need to set only one 

determining value and the other ones can be calculated. 

The basic way of describing oscillations is to determine their displacement x, velocity v, 

acceleration a, maximum amplitude Xmax, a root of mean square XRMS, and an absolute value 

Xave (Figure 4). The measurement of displacement x is convenient for low-frequency events such 

as measuring backlashes, etc. which might be calculated the following way 

 

tXx sinmax     (1) 

 

f 2      (2) 
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where Xmax - maximum amplitude (maximum displacement), ω - angular frequency, f - 

frequency (oscillation), t - time. 

Velocity can be expressed as the characteristics of motion which informs us about the 

way of changing the position of a body (particle) in time. Velocity is a vector physical value, 

because it defines both the change magnitude and its direction. Velocity might be determined as 

the time derivation of trajectory (displacement) using the equation below  

 

tX
dt

dx
v  cosmax    (3) 

 

Acceleration can be expressed as the characteristics of motion which shows the way the velocity 

of a body (particle) changes in time. The acceleration is a vector physical value, since it gives 

both the change magnitude and its direction. It is possible to calculate momentary acceleration 

and average acceleration. The acceleration might be also determined as the time derivation of 

velocity using the formula below 

 

   tXtX
dt

dv
a sinsin 2

max
2

max   (4) 

 

If the acceleration is in counter-motion, it is called deceleration and has a minus sign. 

 

 
Figure 4: Harmonic oscillation with the illustration of maximum amplitude Xmax, a root of mean 

square XRMS, and an absolute value Xave 

 

The mean absolute value Xave can be expressed as follows: 
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dtx
T

x
T

ave 
0

1
    (5) 

 

where T – a period expressed by the formula. 

The root of mean square can be calculated by the equation below: 

 

max
0

2

2

11
Xdtx

T
x

T

RMS       (6) 

 

In order to interpret the measured values correctly, it is advisable to transform the oscillation 

time course into a frequency domain, i.e. vibrations are to be replaced by a sequence of its 

oscillation components. It can be said that a time signal contains the information about when a 

certain event occurred, but a frequency spectrum contains the information about how often the 

same event occurs in an observed signal. The procedure during which complex signals are 

subdivided into their frequency components is called a frequency analysis which applies either 

selective band-pass filters or more often a Fast Fourier transformation (FFT). Along with the 

FFT also a wavelet, cosine or Walsh-Hadamard transform can be used for expressing a signal by 

orthogonal basis functions. In the paper we have applied a Fast Fourier transformation; therefore 

we introduce the formula expressing its transformation which is as follows: 

 






 dtetxfF ftj 2)()(     (7) 

 

where f – frequency, j – imaginary unit, x(t) – continuous signal. 

 

2.6  Soft computing methodology 

 

In this study ANFIS network is used for vibration data processing. The ANFIS network 

could perform the ranking of the inputs based on their influence on the vibration signal. Figure 1 

shows ANFIS structure with five layers. Each layer has specific task during data processing. The 

most important layer is layer 2 since this layer defined the membership functions for data 

fuzzyfication. The membership functions are defined by trial and error procedure. In this study 

bell shaped membership functions are used since this type of functions are the most suitable for 

large data sets with high nonlinearity. 
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Figure 5: ANFIS layers 

 

The Bell-shaped membership functios is defined as follows: 

 

                      
 

    
    
  

 
 

 

  
    (8) 

 

where               is the parameters set and   is input.   

The third layer is the rule layer where all signals from the second layer are normalized. 

The fourth layer provides the inference of the rules. The final layer sumarized the all signals and 

provied the output value. As accuracy indices root mean square error (RMSE) and coefficient of 

determiniation (R
2
) are used. 

 

2.7  Inputs and output vibration indicators 

 

Table 1 shows input and output indicators which are used. The main aim is to analyze the 

influence on inputs at positions 1-4 on the output position 5. 

 

 Table 1: Input and output indicators 

Inputs Parameters description Rotational speed 

input 1 Vibration at position 1 (1490 rpm.) 

input 2 Vibration at position 2 (1980 rpm.) 

input 3 Vibration at position 3 (2470 rpm.) 

Output layer 

Layer 5 

Inference 
layer 

Layer 4 

Rule layer 

Layer 3 

Membership 
function 

layer 

Layer 2 

Input layer 

Layer 1 
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input 4 Vibration at position 4 (2989 rpm.) 

output Vibration at position 5  

 

3 Results  

 

3.1  Experimental results 

 

Figure 6 shows the first measuring position and acceleration diagram at the point. Here 

the vertical acceleration goes above 4 g. The limit acceleration at the point is 2.5 g so one can 

conclude there is damage condition at the first bearing at electromotor. The limit acceleration of 

2.5 g is determined according to standard ISO 10816-7 for acceleration of rotational machines 

[39]. This standard is a measure for determination of maximal acceleration for rotational 

machines. Analysis of resonance phenomenon is not need since the whole procedure is based on 

the standard procedure for the maximal allowed acceleration. 

 

  

Figure 6: The first measuring position and acceleration  

 

Figure 7 shows the second measuring position and acceleration diagram at the point. Here 

the vertical acceleration goes above 3 g. The limit acceleration at the point is 2.5 g so one can 

conclude there is damage condition at the driving electromotor second bearing. 
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Figure 7: The second measuring position and acceleration 

 

  Figure 8 shows the third measuring position and acceleration diagram at the point. Here 

the vertical acceleration goes around 3 g which is highlight under limitation so one can conclude 

there is high damage condition at the pump first bearing and elastic coupling. 

 

  
Figure 8: The third measuring position and acceleration 

 

Figure 9 shows the fourth measuring position and acceleration diagram at the point. Here 

the vertical acceleration goes above 4 g. The limit acceleration at the point is 2.5 g so one can 

conclude there is damage condition of pump second bearing. 
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Figure 9: The fourth measuring position and acceleration 

 

Figure 10 shows the fifth (output) measuring position and acceleration diagram at the 

point. Here one can note high vibration also so it mean there is to analyze which input position 

has the highest influence on the pump support vibration. 

   

  
Figure 10: The fifth measuring position and acceleration 

  

 The result of several years of research and development of vibration monitoring to 

determine the operating condition for most of the pump aggregates used in industry is presented. 

The diagrams presented in above diagrams points to the following facts: in electro motor, it is 

possible to determine a bearing malfunction as well as other mechanical defects such as incorrect 

coupling operating condition. The diagrams present pump bearing malfunction but also a high 

frequency range, which is appearing as a result of hydro-dynamic processes in a pump. 

 

3.2  Measuring points sensitivity analysis 

 

The input measurement positions are ranked based on their influence on the fifth or 

output position. ANFIS is trained for one epoch for each input separately in order to rank the 

inputs.  
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Figure 11 shows the RMSE errors of the all inputs for vibration in X direction. Based on 

the training RMSE one can conclude that the measuring position 4 has the highest impact on the 

pumping aggregate support in X direction. On the contrary measuring position 4 has the smallest 

impact on the pumping support vibration in X direction. The checking errors show there is not 

overfitting between training and checking data. 

  

 
Figure 11: Ranking of input measurement points vibration based on their influence on the fifth 

point in X direction 

 

Figure 12 shows the RMSE errors of the all inputs for vibration in Y direction. Based on 

the training RMSE one can conclude that the measuring position 3 has the highest impact on the 

pumping aggregate support vibration in Y direction. On the contrary measuring position 2 has 

the smallest impact on the pumping support vibration in Y direction. The checking errors show 

there is not overfitting between training and checking data. 
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Figure 12: Ranking of input measurement points vibration based on their influence on the fifth 

point in Y direction 

 

3.3  Comparative study 

 

 Figure 13 shows the prediction results of the vibration of pumping aggregate by the three 

approaches. As the benchmark models for comparison artificial neural network (ANN) [41] and 

genetic programming (GP) [41] models are used. Based on the analyzing one can note the 

highest prediction accuracy for ANFIS methodology. Table 2 shows the numerical results for the 

three methods. 
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(b) 

 
(c) 

Figure 13: Prediction of vibration of the pumping aggregate by: (a) ANFIS, (b) ANN and (c) GP 

methodology 

 

Table 2: Performances of three approaches for the vibration prediction of pumping aggregate 

  ANFIS ANN GP 

X direction 
R

2
 0.9867 0.976 0.9219 
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R

2
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RMSE 0.0783 0.2647 0.5085 
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 Table 3 shows the ANFIS comparative study for vibration monitoring for the pumping 

aggregates and planetary power transmissions in pellet mills. One can note better vibration 

prediction for pumping aggregate. 

 

 Table 3: ANFIS vibration prediction for two different machines 

 
 

ANFIS – pumping 

aggregate 

ANFIS - planetary power 

transmissions in pellet mills [42] 

X direction 
R

2
 0.9867 0.258 

RMSE 0.1601 0.747936 

Y direction 
R

2
 0.9962 0.366 

RMSE 0.0783 1.298971 

 

4 Conclusion 

   

Vibration could affect different parts or segments of the pumping aggregate and therefore 

it is need to analyze the vibrating. In order to avoid highly nonlinear analytical solution in this 

article soft computing approach was used since the model does not require internal knowledge of 

the vibration model. It is enough to collect the experimental input/output data pairs and to train 

the soft computing model. In this study the measuring points were ranked based on their 

influence on the pumping aggregate. 

Examination of pumps vibration phenomenon provides the data about the vibration 

magnitude and its frequency components as well as their change with respect to the operating 

parameters. Hydraulic vibrations are hard or almost impossible to avoid. Hydraulic processes 

which happen in pumps are complex and non-stationary by the rule. For description of such 

processes it is possible to form mathematical models, whose evaluation is performed after very 

comprehensive, expensive and long-lasting researches.   

An approach was carried to determine the most influential parameters for the vibration 

forecasting by the ANFIS methodology. By this way one can eliminate the unnecessary inputs 

for further investigation. ANFIS prediction results of the vibration is highly precise according to 

coefficient of determination (in X direction R
2 

= 0.9867 and in Y direction R
2 
= 0.9962). 

The presented results in the study points out that in electro motor, it is possible to 

determine a bearing malfunction as well as other mechanical defects such as incorrect coupling 

operating condition.  

For future research directions there is need to analyses other parts of the system which 

could have potential harmful effect on the bearing malfunction. Artificial intelligence approaches 

could be implemented as embedded system for tracking of the bearing malfunction of the pumps 

which could be also potential future direction of investigation. 
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