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ABSTRACT 
The paper describes the development and implementation of an expert system for fault detection of induction motors. Early detec-

tion of induction motors failures may prevent the occurrence of malfunction and ensure timely replacement and servicing. In order to 
make timely and accurate fault detection an expert system is designed and developed. The expert system is a software system aimed at 
"simulating" human-expert knowledge and assistance in making decisions in a particular area. This paper presents a conceptually 
new type of expert system based on the artificial neural networks. Inputs into the expert system are the results of the algorithms to 
detect faults based on different physical quantities (current and vibration). The expert system performs analysis of input data and, 
based on them, it finally defines the type of fault or faults in the case of multiple failures. 
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REZIME 
U radu je prikazan razvoj i realizacija ekspertskog sistema za detekciju kvarova asinhronih motora. U cilju pravovremene i tačne 

detekcije kvara je projektovan i razvijen ekspertski sistem. Ekspertski sistem je softverski sistem čiji je cilj „simuliranje“ ljudskog-
ekspertskog znanja i pomoć pri donošenju odluka u određenoj oblasti. Procedura formiranja ekspertskog sistema se sastoji od sle-
dećih koraka: analiza najčešćih tipova kvarova asinhronih motora, tipovi signala koji se koriste za detekciju kvarova, tehnike analize 
signala i detekcije kvarova, i konačno, formiranje ekspertskog sistema za detekciju kvarova baziranog na primeni metoda veštačke 
inteligencije. Tehnike za detekciju kvarova se generalno mogu podeliti u dve grupe. Tehnike bazirane na modelima i tehnike bazirane 
na podacima. Tehnike bazirane na modelima koriste razvijene matematičke modele i upoređuju njihovo ponašanje sa ponašanjem 
realne mašine. Tehnike bazirane na podacima koriste banke podataka i primenom različitih tehnologija analize podataka formiraju 
određena pravila za prepoznavanje kvarova. U ovom radu je prikazan konceptualno nov ekspertski sistem baziran na veštačkim neu-
ronskim mrežama. Ulaze u ekspertski sistem predstavljaju rezultati rada algoritama za detekciju kvarova baziranih na različitim 
fizičkim veličinama (struja i vibracije). Ekspertski sistem vrši analizu ulaznih podataka i na osnovu njih se konačno određuje tip 
kvara ili kvarova ako se radi o višestrukim kvarovima. 

Ključne reči: asinhroni motor, detekcija kvarova, ekspertski sistem. 
 
INTRODUCTION 
Any complex system is liable to faults. Although good de-

sign aims to minimize the occurrence of faults, recognition that 
such events do occur enables system operators to respond so that 
the effect faults exert is minimized.  

In general terms, a fault is any change in a system that pre-
vents it from operating in the proper manner. Reliable detection 
and isolation of faults is an important part in successful maximi-
zation of productivity and safety. This is especially important 
today, when the number of elements and static converters in in-
dustry plants rapidly increases (Janković et al., 2005). If a fault 
is to trigger the performance of some special behavior or control-
ler reconfiguration, then some method of determining what fault 
has occurred is required. The procedure is called fault detection 
and isolation (FDI). Fault detection is a binary decision making 
process. Either the system is functioning properly, or there is a 
fault occurrence. Fault isolation is the determination of a fault 
source. FDI is most frequently considered to be a two-stage 
process: firstly, the fact that a fault has occurred must be recog-
nized. Secondly, the type (source of the fault) should be deter-
mined so that appropriate remedial action may be initiated. If 
further information on a fault is required after isolation, such as 
magnitude, this may be found by fault identification. Once a 
fault has been detected and isolated, some action is required. The 
nature of this response varies from triggering an alarm to notify-
ing the operator of a fault condition which allows the operation 
to continue with a minimal degradation in performance. It can be 
said that the detection and compensation of faults is one of the 

critical issues in the operation of high-performance systems: 
production equipment at power stations, chemical processes, 
transportation vehicles such as aircraft, space vehicles, etc. 

This paper describes the development and implementation of 
an expert system for fault detection of induction motors. In order 
to make timely and accurate fault detection an expert system is 
designed and developed. The proposed expert system is based on 
model-free fault detection techniques, in the concrete case, on 
the radial basis function artificial neural networks (RBF ANN). 
Inputs into the expert system are the results of the algorithms to 
detect faults based on different physical quantities (current and 
vibration). The expert system performs analysis of input data 
and, based on them, it finally defines the type of fault or faults in 
the case of multiple failures. 

MATERIAL AND METHOD 

Induction Motor Faults 
Induction machine failure surveys (Sin et al., 2003; Thorsen 

and Dalva, 1999) have found the most common failure mecha-
nisms in induction machines (Fig. 1). These have been catego-
rized according to the main components of a machine – stator 
related faults, rotor related faults (Matić et al., 2010), bearing 
related faults and other faults. 

The majority of electrical machines use ball or rolling ele-
ment bearings and these are one of the most common causes of 
failure (about 40% of all faults). These bearings consist of an 
inner and outer ring with a set of balls or rolling elements placed 
in raceways rotating inside these rings. Faults in the inner race-
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way, outer raceway or rolling elements will produce unique fre-
quency components in the measured machine vibration and other 
sensor signals. These bearing fault frequencies are functions of 
the bearing geometry and the running speed (Vas, 1993). In Fig-
ure 2 damaged bearings are shown. 

Almost 38% of all reported induction machine failures fall 
into category of stator faults. The stator winding consists of coils 
of insulated copper wire placed in the stator slots. Stator winding 
faults are often caused by insulation failure between two adja-
cent turns in a coil. This is called a turn-to-turn fault or shorted 
turn. The resultant induced currents produce extra heating and 
cause an imbalance in the magnetic field in the machine. If unde-
tected, the local heating will cause further damage to the stator 
insulation until catastrophic failure occurs. The unbalanced 
magnetic field can also result in excessive vibration that can 
cause premature bearing failures (Sin et al., 2003). Figure 3 
shows stator with fault. 
 

Rotor 10%

Stator 38%

Bearings 40%

Others 12%

 
Fig. 1. Overview of common induction motor faults 

 

 
Fig. 2. Bearing faults 

 

 
Fig. 3. Stator faults 

 

Rotor faults account for about 10% of total induction ma-
chine failures. The normal failure mechanism is a breakage or 

cracking of the rotor bars where they join the end-rings, which 
can be due to thermal or mechanical cycling of the rotor during 
operation. This type of fault creates the well known twice slip 
frequency sidebands in the current spectrum around the supply 
frequency signal (Sin et al., 2003). 

Other faults, like eccentricity, occur when the rotor is not 
centered within the stator, producing a non-uniform airgap be-
tween them. This can be caused by defective bearings or manu-
facturing faults. The variation in airgap disturbs the magnetic 
field distribution within the motor which produces a net mag-
netic force on the rotor in the direction of the smallest air-gap. 
This so-called “unbalanced magnetic pull” can cause (Sin et al., 
2003) mechanical vibration. 

Sensor Signals 
As the induction machine is highly symmetrical, the pres-

ence of any kind of fault in it affects its symmetry. This leads to 
a corresponding change in the interaction of flux between the 
stator and rotor, resulting in changes to the stator currents, volt-
ages, magnetic field and machine vibration. Thus, these signals 
can be used for on-line condition monitoring.  

Vibration monitoring is one of the oldest condition monitor-
ing techniques and is widely used to detect mechanical faults 
such as bearing failures or mechanical imbalance (Martin, 2003). 
A piezo-electric transducer providing a voltage signal propor-
tional to acceleration is often used. This acceleration signal can 
be integrated to give the velocity or position. 

The stator current is usually measured using a clip-on Hall-
effect current probe. It contains frequency components, which 
can be related to a variety of faults such as mechanical and mag-
netic asymmetries, broken rotor bars and shorted turns in the sta-
tor windings. Most of the published research work in recent 
years has examined the use of the stator current for condition 
monitoring, particularly using frequency analysis (Stone and 
Kapler, 1998). 

The axial magnetic leakage flux of an induction machine is 
readily measured using a circular search coil, which is placed on 
the non-drive (rear) end of the machine, concentric with the 
shaft. The search coil produces an output voltage, which is pro-
portional to the rate of change of the axial leakage flux. This 
signal contains many of the same frequency components, which 
are present in the stator current. It is particularly useful for esti-
mating the speed as it contains a strong component at the slip 
frequency. 

Stator voltage can be safely measured using a high frequency 
differential voltage probe or isolation amplifier. It has been used 
to calculate the instantaneous power, instantaneous torque and 
negative sequence impedance. 

Other techniques, like temperature sensors monitoring the 
bearings and stator windings, have been traditionally used for 
condition monitoring. They provide a useful indication of ma-
chine overheating but offer limited fault diagnostic capability.  

Signal Processing Techniques 
Signal processing techniques are applied to the measured 

sensor signals in order to generate features or parameters (e.g. 
amplitudes of frequency components associated with faults) 
which are sensitive to the presence or absence of specific faults. 

Calculation of simple statistical parameters such as the over-
all root mean squared (RMS) value of a signal can give useful 
information. For instance, the RMS value of the vibration veloc-
ity is a convenient measure of the overall vibration severity (Ri-
ley et al., 1999). In the same way, the RMS value of the stator 
current provides a rough indication of the motor loading. 
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Frequency analysis using the Fourier transform is the most 
common signal processing method used for online condition 
monitoring. This is because many mechanical and electrical 
faults produce signals whose frequencies can be determined 
from knowledge of motor parameters such as the number of 
poles. These fault signals appear in a variety of sensor signals 
including vibration, current and flux (Thorsen and Dalva, 1999; 
Bellini et al., 2001; Benbouzid, 2000). Frequency analysis can 
thus provide information about a number of faults, though some 
faults produce similar fault frequencies and so require other in-
formation to differentiate them. Frequency analysis of current 
phase can also be used in combination with Hilbert transforma-
tion (Didier et al., 2007). 

The Fourier transform used for conventional frequency 
analysis assumes that the frequency spectrum is not changing 
with respect to time over the sampling period. This assumption 
is not always valid, especially with mechanical loads which 
show considerable variation over time. Time-frequency tech-
niques overcome this issue by dividing the signal into short time 
segments over which it is relatively constant, and computing the 
Fourier transform of each segment. This allows the changes in 
the frequency content of the signal with time to be observed 
(Benbouzid, 2000; Yazici and Kliman, 1999). Note that the fre-
quency resolution is limited by the size of the segments. The 
wavelet transform is another frequency analysis method. The 
conventional Fourier transform is based on decomposing the 
measured signal into sinusoids with different frequencies. The 
wavelet transform decomposes the signal into a set of non-
sinusoidal reference waveforms. It has been generally applied to 
pulse type wave forms which are not conveniently represented as 
the sum of sinusoidal components. 

Common statistical measures, such as the mean or variance, 
can be used to describe the probability density function of a 
time-varying signal. There are also higher order statistical meas-
ures such as kurtosis, which gives an indication of the proportion 
of samples which deviate from the mean by a small value com-
pared with those which deviate by a large value. Some of these 
higher order statistical measures have the useful property that 
they are insensitive to Gaussian distributed measurement noise. 
These have been used to investigate the detection of machine 
faults (McCormick, 1998). It is possible to perform frequency 
analysis (Fourier transform) of the higher order statistical meas-
ures to obtain what is called higher order spectra. These spectra 
allow the identification of components in a signal, which have a 
fixed phase relationship and hence may originate from the same 
source (McCormick, 1998). 

The Park’s vector (Cruz and Cardoso, 2001) is based on the 
locus of the instantaneous spatial vector sum of the three phase 
stator currents. This locus is affected by stator winding faults 
and air-gap eccentricity. The Park’s vector can be analyzed 
graphically as shown, or by examining its frequency spectra 
(Cruz and Cardoso, 2001). 

Model - Free Fault Detection 
Fault detection methods can be broadly classified as model-

based or data-driven. Model-based fault detection uses prior 
knowledge of the system to develop mathematical models that 
can, in turn, be used as references to evaluate the current data. 
The data-driven approach relies primarily on observations that 
allow the definition of a normal condition.  

Data-driven methods require a minimum amount of analyti-
cal information about the system. This approach is a data-driven 
approach that is able to detect faults by using the data mining 
technique alone based on extensive data collection of both nor-
mal and faulty performance data. Instead of mathematical mod-

els that permit the determination of normal behavior, we propose 
to make use of an extensive collection of sensor data and create 
empirical descriptions of various conditions.  

Qualitative Feature Extraction –  
Expert Systems 
The main advantages in the development of expert systems 

for diagnostic problem solving are: ease of development, trans-
parent reasoning, and the ability to reason under uncertainty and 
the ability to provide explanations for the solutions provided. 

There are a number of researchers who have worked on the 
application of expert systems for diagnostic problems. Becraft 
has proposed an integrated framework consisting of a neural 
network and an expert system [Becraft and Lee, 1993]. A neural 
network is used as a first-level filter to diagnose the most com-
monly encountered faults in chemical process plants. Once the 
faults are localized within a particular process by the neural net-
work, a deep knowledge expert system analyzes the result, and 
either confirms the diagnosis or else offers an alternative solu-
tion. Tirifa has proposed a hybrid system that uses signed di-
rected graphs (SDG) and fuzzy logic (Tarifa and Scenna, 1997). 
The SDG model of the process is used to perform qualitative 
simulation to predict possible process behaviors for various 
faults. Those predictions are used to generate (if-then) rules that 
are evaluated by an expert system using information about the 
actual process state and fuzzy logic. 

Design of Neural Networks Based Expert 
System for AC Drive Fault Detection and 
Classification 
According to the previous observation, and aiming to form 

the expert system, different techniques and algorithms for fault 
detection and classification were adopted as inputs into the ex-
pert system. These techniques were: Park's vector (1a) (Cruz and 
Cardoso, 2001); Bellini method (2a) (Bellini et al., 2001), Ben-
bouzid method (2b) (Benbouzid, 2000); Thomson method (2c) 
(Thomson and Fenger, 2001); ANN average (2d) (Kowalski and 
Kowalska, 2003); Model trained RBF ANN (2e) (Abd Alla, 
2006); Time domain support vector machines classifier (2f) 
(Widodo and Yang, 2007); Time domain RMS (3a; 4a) (Riley et 
al., 1999); Frequency domain ANN (3b;4b) (Thorsen and Dalva, 
1999; Bellini et al., 2001; Benbouzid, 2000). In the small brack-
ets following the name of the method is a code number which 
will be used further as a code name for every single methodol-
ogy. Every stated methodology is used for different types of 
measuring signal analyzing and for detection of different types 
of fault. Connections between types of signal, appropriate meth-
odologies and types of fault which were detected are shown in 
Table 1. 
 

Table 1. List of signals and methodologies for their analysis 
  

Fault
Signal Broken bar Eccen-

tricity 
Stator wind-

ing turn 
Bearing
faults

Stator current 3 phase -- 1a 1a -- 
Stator current 1 phase 2a,2b,2c,2d,2e,2f 2e,2f 2e,2f -- 
Vibration acceleration 3a,3b 3a,3b 3a,3b 3a,3b

Vibration velocity 4a,4b 4a,4b 4a,4b 4a,4b
 

Graphical presentation of the proposed expert system is 
shown in Figure 4. Inputs into expert system are outputs of every 
single fault detection methodology. Expert system was realized 
as radial basis function artificial neural network (RBF ANN). 
Outputs from expert system are detected states of the machine: 
healthy machine (HE); Broken bar (BB); Eccentricity (ECC); 
Stator winding turn (SWT) and Bearing faults (BF) 
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Fig. 4. Block diagram of expert system 

RESULTS AND DISCUSSION 
All data were collected in Victoria Oil plant in Šid. Totally 

200 vibration and current signals from induction motors were 
collected, using different speed and load. Two high-sensitivity 
IEPE accelerometers (100 mV/g) were used for collecting sig-
nals of horizontal and vertical vibrations. Data acquisition card 
NI-9234 (4 Channel, ±5V, 52,2 kS/s, with 2mA IEPE acceler-
ometer excitation) and LabView Sound and Vibration Assistant 
software package were used for signal collection and processing. 
Figure 5 shows vibration measurement instrumentation layout.  

 

 
 

Fig. 5. Instrumentation for data acquisition 
 

Among observed AC motors, two faults, broken bar (BB) 
and bearing fault (BF) were present. The number of faulty and 
fault-free signals is shown in Table 2. Results shown in Table 3 
demonstrate the effect of RBF ANN Expert System for broken 
bar and bearing fault classification. Classification for broken bar 
failed four times, while classification for bearing fault had 
slightly worse results; six false classification, which can be ex-
plained by the lack of information on bearing geometry.  
 

Table 2. Overview of vibration signals of faulty and fault-
free motors 

 

Number of signals 
Fault-free BB only BF only BB and BF 

Total number 
of signals 

78 38 44 40 200 
 

Table 3. Fault classification results 
 

 Classifier 
for Broken 
Bar (BB) 

Classifier 
for Bearing 
Fault (BF) 

Faulty 22 24 Test data 
set Fault-free 32 30 
False fault classification  4 6 
Classification error [%] 7.4 11.1 

CONCLUSION 
This paper describes developing and realization of expert 

system for induction motor fault detection. The main idea was to 
use well known fault detection algorithms and different types of 
physical signals to detect fault states of induction machines, es-
pecially when multiple faults occur. Developed expert system 
was realized as radial basis function neural network and tested in 
real industry environment under real exploitation conditions. 
Advantages of developed system are, in addition to accuracy, 
simplicity of use and real time application. This means that ex-
pert system can be used in plant, on line, and results of fault de-
tection are available immediately after measuring or during the 
measuring conducting. After testing under real exploitation con-
ditions results achieved fully justify the proposed methodology 
and design of Experts' System. 
 

ACKNOWLEDGMENT: This paper is produced as a result 
of work on FP7 project for area of information and communica-
tion technologies named “PRODI – Power plants Robustifica-
tion based on fault Detection and Isolation algorithms” contract 
number 224233, from 1st April 2008 to 31st March 2011, fi-
nanced by European Committee, General Manager for Informa-
tion Community and Media. 

REFERENCES 
Abd Alla A.N. (2006) Three phase induction motor faults 

detection by using radial basis function neural network, Journal 
of Applied Science, 6 (13) 2817-2820. 

Becraft W., Lee P. (1993) An integrated neural network/expert 
system approach for fault diagnosis, Computers and Chemical 
Engineering, 17, 1000-1014. 

Bellini A., Filippetti F., Franceschini G., Tassoni C., Kliman 
G.B. (2001) Quantitative Evaluation of Induction Motor 
Broken Bars by Means of Electrical Signaturec Analysis, IEEE 
Trans. on Ind. Appl. 37 (5) 1248-1255. 

Benbouzid M.E.H. (2000) A Review of Induction Motors 
Signature Analysis as a Medium for Faults Detection, IEEE 
Trans. on Ind. Electronics, 47 (5) 984-993. 

Cruz S.M.A., Cardoso A.J.M. (2001) Stator Winding Fault 
Diagnosis in Three-Phase Synchronous and Asynchronous 
Motors, by the Extended Park’s Vector Approach, IEEE Trans. 
on Ind. Appl., 37 (5) 1227-1233. 

Didier G., Ternisien E., Caspary O., Razik H. (2007), “A new 
approach to detect broken rotor bars in induction machines by 
current spectrum analysis”, Mechanical Systems and Signal 
Processing 21 (27) 1127-1142. 

Janković V., Oros Đ., Vasić V., Nikolovski Z., Predin Svetlana 
(2005) Rekonstrukcija pogona ekstrakcije radi povećanja 



Kulić et al. / Expert System for Induction Motor Fault Detection 

Journal on Processing and Energy in Agriculture 14 (2010) 4 177 

kapaciteta prerade u uljarskom delu proizvodnje, Časopis za 
procesnu tehniku i energetiku u poljoprivredi – PTEP 9 (3-4) 
88-91. 

Kowalski C.T., Kowalska T.O. (2003) Neural network 
application of induction motor faults diagnosis, Mathematics 
and Computers in Simulation, 63, 435-448. 

Martin B., (2003). Mechanical Signature Analysis, School of 
Mechanical Engineering Lecture Notes, Uni. of Adelaide, 
USA. 

Matić D., Kulić F., Bugarski V. (2010) Survey of the methods 
for online broken bar inductionmotor fault detection, Journal 
on Processing and Energy in Agriculture, 14 (2) 90-92. 

McCormick A.C. (1998) Cyclostationary and Higher Order 
Statistical Signal Processing Algorithms for Machine 
Condition Monitoring, Ph.D. Thesis, Department of Electronic 
and Electrical Engineering, University of Strathclyde, UK. 

Riley C.M., Lin B.K., Habetler T.G., Kliman G.B. (1999). Stator 
Current Harmonics and their Causal Vibrations: A Preliminary 
Investigation of Sensorless Vibration Monitoring Applications, 
IEEE Trans. on Ind. Appl., 35 (1), 94-99. 

Sin M.L., Soong W.L., Ertugru W.L. (2003). Induction Machine 
On-line Condition Monitoring And Fault Diagnosis – A 
Survey, Australasian Universities Power Engineering 
Conference, Christchurch, New Zealand, ISBN 0473098679. 

Stone G., Kapler J. (1998) Stator Winding Monitoring, IEEE 
Industry Applications Magazine, 4 (5), 15-20. 

Tarifa E., Scenna N. (1997) Fault diagnosis, direct graphs, and 
fuzzy logic, Computers and Chemical Engineering, 21, 649-
654. 

Thomson W.T., Fenger M. (2001) Current Signature Analysis to 
Detect Induction Motor Faults, IEEE Industry Applications 
Magazine, 7 (4) 26-34. 

Thorsen O.V., Dalva M. (1999). Failure Identification and 
Analysis for High-Voltage Induction Motors in the 
Petrochemical Industry, IEEE Trans. on Ind. Appl., 35 (4), 
810-818. 

Vas P., (1993). Parameter Estimation, Condition Monitoring, 
and Diagnosis of Electrical Machines, Clarendon Press, 
Oxford, UK. 

Widodo A., Yang B.S. (2007) Support vector machine in 
machine condition monitoring and fault diagnosis – Review, 
Mechanical System and Signal Processing, 21, 2560-2574. 

Yazici B., Kliman G.B. (1999) An Adaptive Statistical Time- 
Frequency Method for Detection of Broken Bars and Bearing 
Faults in Motors Using Stator Current, IEEE Trans. on Ind. 
Appl., 35 (2) 442-452. 

 
Received:09.12.2010. Accepted:25.12.2010. 

 


