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Summary 

The paper presents the computerised system for the diagnosis of the rotor 
bars of an induction electrical motor. The solution relies on the processing of 
the measured stator current and application of the Support Vector Machine as 
the classifier. The important point is the generation of the diagnostic features on 
the basis of which the SVM classifier undertakes its decision whether or not the 
bars are faulty. The most important problem is concerned with the generation of 
the diagnostic features, on the basis of which the recognition of the state of the 
rotor bars is done. In our approach, we use the spectral information of the stator 
current, limited to a strictly specified region. The selected features form the 
input vector applied to the single class Support Vector Machine, responsible for 
recognition of the fault. The results of the numerical experiments are presented 
and discussed in the paper. 
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Introduction 

Induction motors play very important role in the field of 
electromechanical energy conversion, serving as the basic work horse in driving 
different machines. Any interruptions of a manufacturing process due to a 
mechanical problem of the motor usually induce financial loss for the company. 
The most difficult problems are faults in the bars of the motors. A motor with 
this type of damage is still functioning, but such work causes increased currents 
at both sides of the broken bar. The other consequences of a faulty rotor are 
excessive vibrations, poor starting performances, torque fluctuation or higher 
thermal stress [7, 19] However, the most important consequence of the fault of a 
single bar is the progressing of the fault to the other bars. In fact, if faults are 
undetected for a longer time, this may lead to the avalanche process of the 
damage of all bars resulting in catastrophic failure of the machine. Thus, the 
most important problem is to catch the moment when only one or at most few 
bars are broken (the beginning of the avalanche process). 

The problem of non-invasive diagnosis of the faults of rotor bars in an 
induction motor belongs to difficult problems [2, 6, 9]. Various techniques have 
been proposed to detect a rotor fault over the past years, and various steady state 
condition-monitoring techniques have been applied. One of the well-known 
approaches for the detection of the broken bars in an induction machine is based 
on the monitoring of the stator current to detect sidebands around the supply 
frequency [6, 10, 11, 21, 22]. Most of them use the Fourier transformation of the 
stator current in a steady state [11, 21, 22]. Some apply a more sophisticated 
method of wavelet analysis of stator current in a transient state [8,20]. There are 
also solutions relying on the analysis of the magnetic field space vector 
orientation [16]. Most of them concentrate on the development of the diagnostic 
features on the basis of which further post-processing steps should lead to the 
final diagnosis. Among these steps, we can mention the statistical Bayes 
approach to classification [4, 6, 7], the artificial neural networks [7, 13, 19], 
unsupervised methods [18], or the Support Vector Machine [1, 5, 11]. They are 
responsible for the automatic recognition of a fault relying on diagnostic 
features. 

The observation of motors working in the normal state or at faulty 
conditions of the bars allows one to point out some typical symptoms indicating 
the bar faults. The most important are changes of the harmonic spectrum in the 
phase currents and voltages or change of the shaft flux [7, 11, 12, 21]. These 
symptoms let us create a diagnostic model of the machine, responsible for early 
estimation of the technical bar fault of the motor.  

An important point in this task is to develop a mechanism of association 
of the changes of the observed harmonic spectrum with the actual condition of 
the rotor bars. Different approaches to this problem have been developed in the 
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past. In [7], the Bayes decision theory and Bayes minimum error classifier have 
been applied. In [18], the clusterization technique applied to the diagnostic 
features has been used. Some papers present the application of the classical 
neural networks like multilayer perception or radial basis function network, 
performing the role of a recognition and classification system [7, 13]. Recently, 
there is a general agreement that Support Vector Machine (SVM) working in 
classification mode is a superior tool as a classifier [15, 17]. This includes its 
application for the diagnosis of the bars in the machine [1, 5, 11]. This paper 
will develop the fault detection model based on the application of the new type 
of SVM called single-class SVM developed by Scholkopf and Smola [17]. This 
type of solution was never been applied in the diagnosis of the induction 
machine.  

Single-class SVM is a general-purpose classifier suited for applications, 
where in normal situation only the representatives of one class are available (for 
example the normal operation of motor). The other types of measurements 
(representing faults) are treated as special events strongly different from the 
normal data. This type of classifier is ideally suited for bar fault detection; 
since, in the learning stage, it needs only the data belonging to one class, 
corresponding to the normal operation of machines (“healthy” bars). This is 
quite important, since in industrial practice most machines under operation are 
in normal state of bars. Thanks to this, there will be no problems with learning 
data acquisition. 

Only the training phase of the single-class SVM is performed off-line. 
After learning, the SVM parameters are fixed and the trained system is ready for 
the use in on-line operation, relying on the actual measured stator current 
signals of the motor. In the process of discovering the potential fault in an on-
line operation, the trained single-class SVM compares the actual input signals 
(transformed to the diagnostic features) with the learned prototype, 
corresponding to the “healthy” bars. When this difference is beyond the learned 
tolerance limit, the classifier treats it as a fault and generates the appropriate 
alarm.  

This work will present a computerised system discovering bar fault 
occurrence. The important point in diagnosis is the definition of diagnostic 
features, on the basis of which the classifier will be able to recognise the fault. 
In this work, we have defined special features relying on the FFT analysis of the 
registered instantaneous forms of the stator phase current in a steady state. As a 
recognising and classifying tool, we have used the Gaussian kernel Support 
Vector Machine, known from its very good generalisation ability [17].  

The numerical experiments of bar fault recognition performed by using 
Matlab [14] have been done on a specially prepared electrical machine platform, 
enabling us to emulate the typical faults of the of rotor bars. The results 
presented in the paper show good performance of the developed system. 
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1. Data acquisition system  

The experimental data used for developing the diagnostic system were 
gathered using a real measuring system, built in the laboratory of the Institute of 
the Electrical Machines of Warsaw University of Technology [11, 12]. All 
registrations have been done by using the data acquisition card USB-6251 of the 
sampling frequency equal 10 kHz. To perform highly specific measurements 
regarding different faults of the bars of the electrical machine, we have used a 
specially prepared induction motor equipped with the additional head ring and 
screw connection to each bar of the squirrel cage as shown in Fig. 1.  

 
   

 
Fig. 1. The view on the head ring with a screw connection to each bar of the squirrel cage 

 

Thanks this construction, we are able to emulate the broken bars in the 
induction motor by unscrewing the appropriate screws. The induction motor of 
the type Sg132M-6B-S, used in experiments, had 33 bars in the squirrel cage 
and number of pole pairs equal 3. The nominal parameters of the electrical 
machine were the following: the nominal voltage: UN = 3x400 V, frequency: f = 
50 Hz, nominal power PN = 5.5 kW, nominal current: IN = 12.1 A, 

83.0cos =Nϕ , efficiency: =Nη  79%, nominal speed: nN = 895 rev/min. This 

type of construction is typical for a wide series of nominal powers of AC 
induction motors. 

The acquisition of data has been done at different loads on the machine, 
changing from the nominal to half of the nominal value and at a practically 
symmetrical 3-phase system of supply, existing in the real industrial system of 
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the country. All registered data have been normalised by dividing the real 
measured instantaneous values of stator current by the nominal value of it. 
Thanks to the normalisation of data, the size and power of the machine (and to 
some degree also the load) has no influence on the performance of the 
elaborated diagnostic system.  

2. Solution of the bar fault detection system 

The basic task of the diagnostic system is the automatic detection of the 
occurrence of bar faults of the squirrel-cage induction motor on the basis of the 
registration of the instantaneous values of the stator current in steady state. The 
system should decide only whether the motor bars are “healthy” or not. To solve 
the problem, we propose the application of the single-class SVM classifier [17]. 
This type of SVM developed by Scholkopf and Smola is trained using the data 
information drawn from the stator current, registered only at the normal state of 
the bars. This is quite an important advantage of the solution; since, in practice, 
it is difficult to create a sufficiently large database concerning the damage of the 
bars (there is very scarce data basis regarding the bar damages of the motor). On 
the other hand, it is very easy to acquire data corresponding to “healthy” bar 
motors, since most motors actually operating in industry are in a normal 
(“healthy”) state.  

The single-class classifier is trained to recognise the normal state of the 
rotor bars with some a priori assumed tolerance, formed automatically in the 
learning process. In the retrieval mode, after supplying the data corresponding to 
the actually measured stator current (transformed to the diagnostic features) in 
the case of fault, the single-class classifier will indicate the disagreement with 
the learned data, and this disagreement will be associated with the faulty state of 
the bars. In the case of normal state of the bars, there will be no disagreement 
and no indication of the fault. 

2.1. Diagnostic features  

The most important point in any automatic operation of the diagnostic 
system is the definition of the features associated with the faults of the bars 
[8, 12]. They should characterise any case of fault occurrence in a similar 
(unique) way and produce different values for the normal operation of the 
motor. To find such mathematical descriptors of the motor, we have to consider 
the physical principle of operation. The 3-phase symmetrical stator winding fed 
from a symmetrical supply of the frequency fs will produce a resultant forward 
rotating magnetic field. The rotor current in a cage winding produces an 
effective 3-phase magnetic field with the same number of poles as the stator 
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field, but rotating at a slip frequency sfs. The slip s is defined as the relative 
difference between the synchronous (Ωs) and actual (Ω) speed of the motor,  

 

s

ss
Ω

Ω−Ω=     (1) 

 
At a symmetrical cage winding (all bars in “healthy” state), only a forward 

rotating field exists. At rotor asymmetry, caused by the fault of any bar, there 
will be also a resultant backward rotating field at the slip frequency with respect 
to the forward rotating rotor. As a result, the backward rotating field with 
respect to the rotor induces an emf and current in the stator winding of the 
frequency defined by [9] 

 

sp fsf )21( ±=     (2) 

 
These two frequencies fpd = (1-2s)fs and fp g =(1+2s)fs are the classical twice 

slip frequency sidebands due to the broken bars. Fig. 2 presents the frequency 
spectrums (in logarithmic scale) of the stator current within the range of 
frequencies 0–100 Hz for the induction motor at normal state of the bars 
(Fig. 2a) and after damage of a different number of bars: Fig. 2b – one broken 
bar, Fig. 2c – three neighbouring broken bars, and Fig. 3d – six broken bars 
placed on the opposite sides of the rotor.  

In the case of a normal state of the bars, the frequency spectrum looks quite 
“clean” and the dominating harmonic is 50 Hz. The fault of the bars changes the 
spectrum radically, resulting in the generation of many different harmonics. In 
this “forest” of harmonics, we have to look only at the neighbourhood of the 
twice slip frequency sidebands indicted by frequencies fpd and fpg. In the case of  
a “healthy” rotor, they are hardly visible. However, for broken bars, they are 
visible on the background of the fundamental harmonic representing 50 Hz. 
Their position depends on the slip of the motor and does not depend on the 
number of broken bars.  

There may arise some problems with the machines of the recognised 
normal state of the bars. The process of the increased resistance of bar 
connection is continuous and hard to exact recognition on the basis of external 
symptoms. The machines regarded as normally operating after many years of 
operation, especially in continuous work, may indicate some slight effects, 
characteristic of the fault of the bars. The typical situation illustrating this 
problem is presented in Fig. 3. The spectrum on the left figure corresponds to 
10-year-old motor serving for students in laboratory of electrical machines. It is 
non-continuous and not very hard work but has frequent switching. On the right 
side, there is a spectrum of the 12-year-old motor working in the company 
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“Tramwaje Warszawskie” driving the lifting jack. This type of work is rather 
hard with frequent switching each day (any switching is reflected by the 
increased current in transient state, especially at high load). We can observe 
slightly increased harmonics corresponding to frequencies fpg and fpd.  

 
 

 

 
Fig. 2.  The stator current spectrum corresponding to the bars in the normal state and at broken 

bars: a) the new machine, b) machine with one broken bar, c) machine with three 
neighbouring broken bars d) machine with six broken bars placed on opposite sides of the 
rotor  

 

Summarising, it is evident that any damage to the bars, irrespective of the 
number of broken bars, results in an increase of harmonic components placed at 
the frequencies defined by (2). This increase is visible if we compare it with the 
normal state of bars in the machine (especially the new one). The important 
observation is that, at the same slip of the motor, the positions of these two 
characteristic harmonics are independent of the number of broken bars. This fact 
will be used by us to generate the diagnostic features applied in an automatic 
diagnostic system. 
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Fig. 3. The stator current spectrum for the motors in the intermediate state: a) after 10 years of 
work in laboratory of electrical machines, b) after 20 years of work in difficult conditions 
in industry 

To define the reliable diagnostic features for discovering the faults of the 
bars, we have to take into account some inaccuracy in the speed measurement 
and the error of determination of the lower fpd and upper fpg frequencies. To find 
the precise positions and values of these harmonics, we have decided to search 
for the maximum value of the current harmonics in the range of frequencies 
fp±0.01fs at the actually measured (possibly inaccurate) twice slip frequency 
sidebands. The considered searched range sff 01.0±=∆  allows us to 

compensate for the limited accuracy of the speed measurements. As a result of 
this procedure, we get two harmonic currents at precisely determined 
frequencies corresponding to the maximum points 

 
( ) ( ){ } 01.0  ,01.0 max)( spdspdfpd ffIffIfI +−=    (3) 

 
( ) ( ){ } 01.0  ,01.0 max)( spgspgfpg ffIffIfI +−=    (4) 

 
On the basis of these values, we define two diagnostic features: x1 and x2 in 

the form of the difference between the peak values of current in the range 
defined by (3) and (4) and their closest neighbourhood measured at the distance 
of ±0.01fs. To generate these features, we have applied the following relations:  

 

2

)01.0()01.0(
)(1

spdspd

pd

ffIffI
fIx

++−
−=    (5) 

2

)01.0()01.0(
)(2

spgspg

pg

ffIffI
fIx

++−
−=           (6) 



4-2010 PROBLEMY  EKSPLOATACJI – MAINTENANCE  PROBLEMS 
 

143 

Both features form the vector [ ]Txx 21  ,=x  put to the input of the single-
class SVM, performing the role of final classifier, responsible for recognition of 
the bar faults. 

2.2. Single-class SVM classifier 

The Single-class SVM classifier is a very special kind of Support Vector 
Machine proposed and defined by Scholkopf and Smola in [17]. The most 
important fact differing it from the ordinary SVM is that it is trained by using 
the data belonging to one class only, representing the normal state of process (in 
our case the “healthy” bars of the motor). These data form the baseline used in 
training the classifier. In the single-class SVM formulation of the learning 
process, the input data xi are first mapped to the feature space using the kernel 
function and then maximally separated from the origin using a hyperplane. The 
primary problem of its learning is defined in [17]. 

 









−+ ∑

=

p

i
ip 1

2 1
2
1

  min ρξ
ν

w    (7a) 

 

subject to  

ii ξρ −≥)(, xΦw       (7b) 
 

with 0≥iξ  for i= 1, 2, ..., p, where p is the number of learning samples. Here Φ 

is the map from the input space x to the feature space, w and ρ are hyperplane 
parameters, ν is the parameter denoting the asymptotic fraction of outliers (the 
data different from the typical) allowed, and ξ is the slack variable. The 
parameter ν is defined a priori by the user, and its value should be adjusted on 
the basis of some knowledge of the process under simulation.  

 

The solution of this primary problem is obtained in an identical way as in a 
typical 2-class SVM [17] by introducing LaGrange multipliers αi and transforming 
the task to the dual problem, which is finally solved using quadratic programming 
algorithms. As a result, the decision function (the output signal of the classifier) 
can be expressed in the form of the kernel expansion [17]. 








 −== ∑ ρα ),(sgn)()( xxxx i
i

iKfy    (8) 

 

with )()(),( xΦxΦxx i
T

iK =  the kernel function. At a positive value of y(x), 

the input data are associated with the normal state of the bars. At its negative 
value, the data is classified to the opposite class (faulty bars).  
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Different kernel functions may be applied in practice. However, the most 

typical and universal is the Gaussian kernel, ( )( )2exp),( iiK xxxx −−= γ  of 

the adjustable parameter γ. For the normalised data, the typical value of γ lies in 
the range of unity. The outlier fraction ν used in definition of primary problem 
should incorporate the prior knowledge regarding the frequency of novelty 
occurrences in the learning data. We have applied here ν  = 0.01, indicating that 
approximately 1% or less of the entire learning data are novel (not typical). As a 
result of the learning process, the separating hyperplane is placed in the space in 
a way to provide 1% of learning data being novel (corresponding to broken bars 
of the machine).  

3. Practical implementation of the bar diagnostic system  

On the basis of the analysis of the problem, we have proposed the mobile 
computerised automatic system for the recognition of the bar faults of the 
squirrel cage induction machine. It incorporates the automatic subsystem of 
continuous stator current acquisition using the acquisition card USB-6251 of the 
sampling frequency equal 10 kHz, a laser sensor of the speed of the machine 
and signal processing unit, all controlled from the graphical user interface 
installed in a laptop. Fig. 4 presents the general view of the elements of the 
system: laptop, laser sensor for measuring the speed of the machine, pliers 
current transducer for on-line current measurement of the stator phase and 
acquisition card, as well as the power supply.  

Thanks to application of the pliers current transducer the measurement of 
the stator current can be done on-line without switching off the motor in 
technological process. All programs are written on the Matlab platform. 

The general view of the graphical user interface controlling the process of 
rotor bar assessment is presented in Fig. 5. It enables the acquisition of the 
stator current, either on-line, using the button “Rejestracja bieżąca danych” 
(Present data registration) or by taking already registered data from the previous 
measurements collected in the data base (the button “Pobieranie danych z 
pliku” – download the file). The user of the system should deliver the value of 
the synchronous speed of the motor (the field “Prędkość synchroniczna” – 
synchronous speed) and the actual speed of the motor (the field “Prędkość 
zmierzona” – measured speed) registered by the laser speed sensor (in 
revolutions per minute). After delivering these data, we can start the diagnosis 
of the bars by pressing the button “Start diagnozy” – diagnosis start. The 
system contains its own database of all previous measurements added to the 
base produced by the users. Adding new data to the base is achieved by pressing 
the button “Dodaj do bazy danych.” – add to database. At any time, we can 
retrain the neural SVM classifier using the already existing database. This is 
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done automatically by pressing the button “Douczenie sieci” – network update. 
Thanks to this, the system may be constantly retrained taking into account the 
new, already acquired cases.  

 

 
 

Fig. 4. The elements of the developed diagnostics system of the induction motor 
 

 
 

Fig. 5. The view of the graphical user interface of the developed mobile computerised system for 
rotor bar fault detection 
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After pressing the button “Start diagnozy” – diagnosis start, the system 
automatically initiates the performance of the SVM classifier by delivering the 
diagnostic features corresponding to the actually measured current to the input 
of SVM network. As a result, we get the response of the system in the form 
“OK” (green) denoting the bars in normal state or “Uszkodzony” – damaged 
(red) related to damage of any bar of the motor. 

The heart of the diagnostics system is the single-class Support Vector 
Machine, implemented on a Matlab platform. It was trained on the typical 
examples of different squirrel cage induction machines of power ranging from 
0.75 kW to 75 kW (a few hundred learning data entries), all of healthy bars. 
Testing its diagnostics abilities has been done on the data related to the actually 
acquired new data of other machines (most often of “healthy” bars) and on the 
data acquired from the special machine enabling the simulation of faults. 

4. The results of numerical experiments 

The experiments have been performed for motors operating in industrial 
plants at the normal state of the bars, and one modified motor mentioned in 
section II, enabling us to emulate different faults in the bars. The power range of 
the industrial motors is from 0.75 kW to 75 kW, depending on its actual 
application. The summary of motors used in the experiments is given in Table 1.  
They are defined either by type (if known) or by its practical application (if 
there was no access to the data of motor or the label of the motor was lost). 
Columns 3 and 4 of the table present the nominal power and nominal slip of the 
motors. The motors of the highest powers were used as the ventilators in 
Warsaw underground (Metro).  

The years of operation of the individual motors were from 2 to 25 years. In 
the case of the modified machine enabling to simulate the faults of the bars, the 
number of registrations of the phase current was equal 350. They correspond to 
different faults of the bars and different loads from half-nominal to the nominal 
value.  

The registrations of the current of the industrial plant motors of the 
“healthy” bars have been done from 5 to 10 times for each machine at different 
loads, changing according to the technological processes which the motor was 
driving (the measurements have been performed on-line without breaking the 
production). In this way, we have created 155 data points used in the learning 
and testing of the SVM diagnostic system. In all cases, the measurement 
window was equal 10 s, resulting in the frequency resolution of FFT equal 
0.1 Hz.  

To get reliable results of the assessment of the developed system, we have 
applied a special approach of the cross validation procedure [4]. The available 
data corresponding to the “healthy” bars have been split randomly into two 
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exchangeable parts: the learning (90% of data points) and testing (the remaining 
10% of data points). Observe that only the data corresponding to “healthy” bars 
have been used in the learning of the single-class SVM.  

 
 

Table 1. Technical data of motors used in the experiments 
 

 Type of motor or 
application 

Power [kW] Nominal 
slip 

1  Sg 132S-6 2.5 0.03 
2  Sg 132S-4 3.5 0.04 
3  SUDf 112M-4B 3 0.06 
4  SUDf 112M-4B 4.4 0.06 
5  SZJe 34 b 4 0.04 
6  Sf 132 5.5 0.03 
7  SZcd 44p 1.7 0.05 
8  SEMg 80-2b 0.75 0.05 
9  SFe 90-L4 1.1 0.02 
10 Sg132M-6B-S 5.5 0.105 
11 Ventilator 1  75 0.05 
12 Ventilator 2  55 0.02 
13 Ventilator 3  55 0.02 
14 Lifting jack 1 2 0.04 
15 Lifting jack 2  2 0.04 
16 Lifting jack 3  2 0.04 
17 Lifting jack 4  2 0.04 
18 Ventilator 4  3 0.03 
19 Ventilator 5  3 0.03 
20 Ventilator 6  3 0.03 
21 Ventilator 7  3 0.03 
22 Ventilator 8 3 0.03 
23 Ventilator 9  3 0.03 
24 Ventilator 10  3 0.03 

 

On the other side, the testing data contained both types of data, 
corresponding to the “healthy” and broken bars. The experiments of learning 
and testing the SVM classifying networks have been performed 100 times at 
different contents of the learning and testing data chosen randomly from the 
proper sets. The final error of recognition was defined as the mean of the 
recognition errors at all 100 individual runs for the testing data only.  

Table 2 presents the average results of testing the trained system at 
different arrangements of the testing data [11]. Three kinds of testing data sets 
have been tried. In the first case, the testing data belonged to both classes (the 
row “All data” in the table). In the second type of experiments, we have 
excluded all broken bar data from the testing set, concentrating the experiments 
only on the healthy cases (the second row “Machines with healthy bars 
only”). The last set of experiments used only the data corresponding to the 
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broken bars (the last row “Machine with broken bars only” of table 2) in 
testing. 

 
Table 2. The results of testing the fault detection system 
 

Type of testing data Mean error of testing Standard deviation of errors 
All data  0.93% 0.62% 
Machines with healthy bars 
only 

6.37% 4.22% 

Machine with broken bars only 0 0 

 
The obtained results show good overall accuracy of the fault recognition. 

All broken bars have been recognised without errors. Some errors (on a 
reasonable level) have appeared only at the recognition of data corresponding to 
the motors with “healthy” bars. The lattermost results are in strict correlation to 
different states of the bars of the industrial machines taking part in experiments 
(different age and degree of wear). It is quite probable that some of them 
resembled the bars in a broken state, since the process of increasing the bar 
resistance is continuous, not sudden. 

Conclusions 

The paper has presented a novel solution of the on-line detection system of 
bar faults in an induction motor on the basis of the registered stator current in a 
steady state. The automatic computerised system developed in this work detects 
fault occurrence and besides the current registration, and it does not need any 
additional information except the number of the poles of the motor and the 
actual speed of it. The speed of the machine following from the load does not 
need to be fixed to get reliable results of diagnosis and may vary in practice. 
The additional experiments made with the modified machine have shown that 
reliable results of fault discovery have been obtained at the load of machine 
varying from nominal to half of nominal.  

The experiments have shown that the Support Vector Machine approach 
combined with the proper feature selection provides a good solution for the 
automatic detection of the bar faults of the induction motor. The paper has 
shown that sufficient diagnostic information is contained in the phase current of 
the stator.  

The important advantage of the proposed approach is its universality and 
applicability to a large range of the power of squirrel cage induction machines. 
Thanks to the application of single-class SVM, we need only the data registered 
for “healthy” bar machines for the training of the classifier. These data are 
easily available in industrial practice without any limitation. Moreover, the 
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acquisition of the data does not need to stop the technological process and may 
be done very easily.  

The experiments with the broken bars have been performed using the 
specially modified electrical machine equipped with the additional head ring 
and screw connection to each bar of the squirrel cage. Thanks to this 
arrangement, we were able to simulate faults of different numbers of bars. In all 
cases of faulty bars, we got very good accuracy of fault recognition. 

Finally, we should mention that the research done within the project has 
ended with the computerised system of the automatic detection of the faults of 
the bars of a machine. The developed system is non-invasive and may be applied 
without any intervention into the technological process driven by the motor 
under test. The solution applies advanced technology regarding both the 
acquisition of the signals and the processing of them using the artificial neural 
networks. 
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Komputerowy system diagnostyczny uszkodzeń prętów klatki maszyny 
indukcyjnej 

Słowa kluczowe 

Klatkowa maszyna indukcyjna, wykrywanie uszkodzeń prętów, maszyna 
wektorów nośnych, przetwarzanie sygnału. 

Streszczenie 

Praca przedstawia skomputeryzowany automatyczny system diagnostyczny 
do wykrywania uszkodzeń prętów maszyny indukcyjnej. Rozwiązanie jest typu 
bezinwazyjnego i może być zastosowane do maszyny w ruchu. Sygnały diag-
nostyczne generowane są na podstawie zarejestrowanych sygnałów prądu 
statora. W aplikacji wykorzystano jednoklasową sieć SVM (ang. Support Vector 
Machine) pracującą jako klasyfikator. Jednym z najistotniejszych problemów 
rozwiązanych w tym zadaniu jest generacja i selekcja odpowiednich cech 
diagnostycznych, na podstawie których klasyfikator dokonuje rozpoznania stanu 
prętów. Zaproponowano cechy bazujące na charakterystyce spektralnej prądu 
statora, ograniczonej do wybranego zakresu częstotliwości związanego z poś-
lizgiem maszyny. System zbudowany w ramach projektu jest w pełni zautoma-
tyzowany, poczynając od akwizycji sygnałów, poprzez ich przetwarzanie 
wstępne, aż po końcowy werdykt (pręty uszkodzone bądź nieuszkodzone). 




