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Abstract – The research related to fault diagnosis in permanent magnet synchronous motors 
(PMSMs) has attracted considerable attention in recent years because various faults such as permanent 
magnet demagnetization and short-circuited turns can occur and result in unexpected failure of motor 
related system. Several conventional current and back electromotive force (BEMF) analysis techniques 
were proposed to detect certain faults in PMSMs; however, they generally deal with a single fault only. 
On the contrary, cases of multiple faults are common in PMSMs. We propose a fault diagnosis method 
for PMSMs with single and multiple combined faults. Our method uses three phase BEMF voltages 
based on the fast Fourier transform (FFT), support vector machine(SVM), and visualization tools for 
identifying fault types and severities in PMSMs. Principal component analysis (PCA) and t-distributed 
stochastic neighbor embedding (t-SNE) are used to visualize the high-dimensional data into two-
dimensional space. Experimental results show good visualization performance and high classification 
accuracy to identify fault types and severities for single and multiple faults in PMSMs. 
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1. Introduction 
 
Permanent magnet synchronous motors (PMSMs) are 

widely used in electric vehicles, renewable energy generation, 
and many other industries as major electrical machines 
because of their high-speed operation and precise torque 
control [1]. Various types of electrical motor faults may 
occur even though the motor is continuously monitored [2]. 
Faults in PMSMs may lead to degraded motor efficiency 
and related system performance, thereby causing catastrophic 
accidents. Therefore, it is important to monitor or diagnose 
the state of PMSMs. The rotor and stator those are most 
important components of the PMSM decide the performance 
and reliability of the entire motor related system. Permanent 
magnet (PM) demagnetization and short-circuited turns 
are common critical faults in the rotor and stator of 
PMSMs, respectively. These faults arise essentially due 
to manufacturing defects as well as electrical, mechanical, 
thermal, and other environmental influences [3]. Therefore, 
detection and classification of PM demagnetization, short-
circuited turns, and related multiple faults are crucial for 
reliable operation of PMSMs. 

The irreversible demagnetization of the rotor is a serious 
problem that reduces the output torque of the PMSMs 
and degrades the motor characteristics [4]. The major cause 
of this fault is its operating phenomenon. During normal 

operation of the PMSMs, the electrical current produces 
inverse magnetic field that opposes the permanent magnets’ 
remainder induction. The PMs become demagnetized over a 
part of the pole (partial demagnetization) or all over the 
pole (uniform demagnetization) due to this repetitive 
operating state [3]. High temperature may also cause the 
demagnetization of the permanent magnet. The short-
circuited turns, which results in stator winding insulation 
degradation can also occur during operation and is 
recognized as a critical fault in PMSMs. A combination of 
thermal, environmental, and electrical strains such as high 
switching frequency, voltage spikes caused by impedance 
mismatch, etc. cause the short-circuited turns [3]. When 
short-circuited turns occur in the stator winding, the 
symmetry of the motor is damaged, leading to a reverse 
rotating field, which decreases the output torque of the 
PMSMs and increases the current loss. Furthermore, it 
may partially demagnetize the permanent magnet of the 
rotor. Therefore, these two types of faults may occur 
independently or simultaneously. 

Many studies have been reported over the years to 
diagnose PM demagnetization and short-circuited turns. 
For detecting PM demagnetization, conventional methods 
of using a magnetic viewer or gauss meter to measure the 
magnets’ quality are applied due to their high accuracy. 
These methods, however, are executed in stopped and 
disassembled motor conditions. PM demagnetization 
detection via related frequency is also proposed using 
stator current analysis [5, 6]. In [7, 8], back electromotive 
force (BEMF) analysis is also proposed to detect PM 
demagnetization. These methods only use the magnitude 
and signature of BEMF due to their processing in the time 
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domain. To increase the accuracy of fault detection, BEMF 
signature and its harmonic characteristics analysis is also 
suggested [9]. However, these methods only consider not 
multiple combined faults those can be occurred with 
demagnetization of rotor but single fault. 

To detect short-circuited turns, BEMF and stator current 
analysis methods have been used in the industry. In [10], 
BEMF estimator is proposed to identify short-circuited 
turns. It uses average difference between the estimated 
and reference BEMF as a fault index. However, its 
disadvantage is that the reference BEMF is difficult to 
calculate when the detailed motor specifications are not 
given. In [11], magnitude of the stator current is suggested 
for the fault detection as the current through the faulted 
coils increases. Although signal analysis of short-circuited 
turns has been inspected, no fault index (or indicator) 
and classifier has been suggested for identification and 
classification. Harmonics of the phase current spectrum are 
exploited as fault indices using the 5th and 7th harmonics 
[12] and using only the 9th harmonic [13]. Ebrahimi and 
Faiz proposed a stator current frequency pattern using 
fractional harmonics and competent criterion to detect and 
classify the occurrence and number of shorted turns using a 
support vector machine (SVM) as a classifier [14]. Using 
the 3rd, 5th, 7th, and 9th harmonics of the phase current 
spectrum, short-circuited turns were detected depending on 
the winding configuration of the motor [15]. Using the 3rd 
harmonic amplitude of the stator phase current signals as 
the fault index, an artificial neural network (ANN) based 
scheme was proposed to detect short-circuited turns and 
their severities [16]. However, this applies to short-
circuited turns but not PM demagnetization, which is also a 
major fault and has a similar frequency pattern to the stator 
current of PMSMs. 

This paper considers single and multiple combined faults 
in PMSMs such as PM demagnetization, short-circuited 
turns, and multiple combined faults with both PM 
demagnetization and short-circuited turns. We present a 
diagnosis method for fault type and their severity detection 
based on the fast Fourier transform (FFT), SVM, and 
dimensionality reduction tools. The fault detection method 
focuses on the spectrum of BEMF voltage signals and uses 
the amplitudes of fault-related frequency harmonics in 
three phases as fault indices. There are online and offline 
based methods for measuring the BEMF voltage signals of 
the PMSMs. In the online environment where a test motor 
acts as a role of motor, the signals should be measured in 
real time under different load conditions. In the offline 
environment, a simple method to measure the signals is 
based on the condition that the test motor operates as a 
generator. This paper focuses on the offline environment 
and the BEMF signals are measured at no load condition 
of a test motor. The multi-class SVM is used for the 
classification of different fault types and severities in 
motors [17-20]. For dimensionality reduction tools, principal 
component analysis (PCA) and t-distributed stochastic 

neighbor embedding (t-SNE) are considered, where PCA 
is a common statistical technique based on data variance 
preservation for feature extraction and dimensionality 
reduction [21, 22] and t-SNE is another dimensionality 
reduction technique based on topological preservation for 
visualizing high-dimensional data [23]. When reducing the 
dimensionality of data, PCA is the linear technique with 
focus on keeping the low-dimensional representations of 
dissimilar data points far apart and t-SNE is the non-linear 
technique to maintain the structure of different classes 
without class labels. In this paper, PCA and t-SNE reduced 
the dimensionality of fault indices down to 2. The proposed 
diagnostic method can discriminate between different fault 
types and severities under different velocity conditions. 
The following highlights our contributions:  
Ÿ For fault type and their severity detection in PMSMs, 

the proposed approach analyses the harmonics of the 
spectrum of BEMF voltage under PM demagnetization, 
short-circuited turns and multiple combined faults with 
both PM demagnetization and short-circuited turns. 

Ÿ Experimental results show that the fault indices obtained 
from three phases show better classification performance 
than the fault indices from the single phase. 

Ÿ PCA and t-SNE are used to reduce the dimensionality of 
fault indices. Experimental results show that the first 2 
Principal Components from the PCA are effective for 
classification. t-SNE enables the visual inspection of 
important structural characteristics for fault types and 
severities in PMSMs.  
 
 
2. Experimental Set-Up and Faults in PMSMs 
 

2.1 Experimental Set-Up 
 
Experimental tests were performed using PMSM 

(NdFe35 magnet). The specifications of the PMSM are 
summarized in Table 1. The PMSM test system, which 
consists of a test motor, load motor, data acquisition system 
(Data), and an inverter is represented in Fig. 1. The inverter 
is connected to the load motor for BEMF generation of the 
test motor. 

To measure the BEMF, the inverter connected to the load 
motor controls the test motor rotated at 300 and 500 r/min. 
The DAS was set by a sampling frequency of 50 kHz and 
acquisition time of 5.24288 s for the discrete-time signal 

Table 1. Characteristics of the test motor used in 
experiments 

Item Value 
rated power 42.7 kW 

maximum power 81.4 kW 
maximum speed 9800 rpm 
number of poles 8 
number of slot 48 

number of series turns in a phase 20 
number of parallel circuit in a phase 4 
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[ ]sx n , where 1, 2, , s n N= L  and 182sN =  
 

2.2 Faults in PMSMs 
 
Four different types of PMSM conditions were diagnosed: 

a healthy motor, motor with demagnetization, motor with 
short-circuited turns, motor with multiple combined faults 
(demagnetization and short-circuited turns). 

To simulate the demagnetized motor, a disassembled 
rotor was put into the dry oven for high temperature 
influence on the rotor magnet. The demagnetized rotor was 
42% demagnetized compared to the normal condition of 
the rotor. Table 2 represents the average residual magnetic 
flux density of rotors calculated using a magnetic viewer. 
BEMF signature analysis and frequency component of stator 
current can be used for detecting PM demagnetization [5-9]. 
PM demagnetization related frequency component of the 
stator current is given by 

 

 1PMdemag s
nf f
p

æ ö
= ±ç ÷

è ø
 (1) 

 
where sf  is the fundamental frequency, n  is an integer, 
and p  is the number of pole pairs. 

Fig. 2 shows the design of short-circuited turns of the 
motor. The motor has distributed windings with four 
parallel 20 turn windings per phase. Each parallel circuit 
consists of two series 10 turn windings. The motor was 
reconfigured to have access to 1, 3, and 5 of 20 series turns 
in a parallel circuit of phase ‘a’ to simulated the fault. 

Similar to the PM demagnetization detection, BEMF and 
stator current signal analysis have been used for identifying 
the short-circuited turns in motors. When the short-
circuited turns occur, the frequency components of stator 
current appear and are represented as 
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Fig. 2. Test motor with short-circuited turns 

 

 
Fig. 3. Block diagram of the proposed fault diagnosis 

system 
 

where saK  is the constant coefficient. 
The common cause of the short-circuited turns and 

demagnetization is thermal stress. In addition, short-
circuited turn faults generate high temperature to the motor 
and this can lead to the PM demagnetization. Therefore, 
these two types of faults may occur together. To analyze 
the phenomenon of the multiple combined fault motors 
(demagnetization and short-circuited turns), in this paper, 
the motor was designed by assembling the demagnetized 
rotor into the stator that has short-circuited turns. 

 
 
3. Proposed Fault Detection and Classification 
 
The block diagram of the proposed fault detection and 

classification is illustrated in Fig. 3, where the proposed 
scheme consists of frequency domain analysis, feature 
extraction, classification, and visualization. 

 
3.1 Feature extraction 

 
The BEMF voltage signals in phases a, b, c are 

processed by FFT, and peak values of the defect frequency 
and harmonics in the i th measurement, ( )x

kP i , are 
obtained by the amplitude of the maximum peak located in 
the frequency band that is centered at the k th defect 
frequency harmonic,  x

kf with a bandwidth BW. Here, k  
is the number of harmonics in the spectrum and x  
represents phases a, b, and c. The normalized peak values 
of the i th measurement are defined by 

 
Fig. 1. Experimental set-up 

 
Table 2. Average residual magnetic flux density of rotors 

Motor condition Average magnetic flux density (T) 
Normal 2.8 

Demagnetized rotor 1.19 
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where 1, 2, , 1k K= -L , 1,2, ,i M= L , and , ,x a b c= . 

Transformation of the time-domain BEMF voltage signal 
to frequency domain via Fourier transform reduced the 
dimension of each signal from  cN to / 2cN . Feature 
extraction in (3) generated fault diagnostic indices with 
3( 1)k - frequency-domain BEMF signals and 3( / 2)cN  
feature dimension in phases a, b, and c. PCA further reduced 
the dimensionality for classification and visualization. 

 
3.2 Principal component analysis 

 
PCA is a statistical technique for the reduction of the 

high-dimensional data into low-dimensional data. The 
feature data vector ai  from (3) can be defined by 
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The covariance matrix can be obtained by 
 

 
1

1 (a )(a )
N
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where the mean vector μ  is calculated as =μ (1/N)
1

a
N

i
i=
å . 

By using eigenvalue decomposition, the eigenvalues 
And Corresponding Eigenvectors of å  Are Represented 
By ( )1 2 3 1{ }Kλ λ λ -³ ³ ³L and ( )1 2 3 1{ }Ku u u -³ ³ ³L , 
respectively. By taking into account the number of 
principal components d, we can define a transformation 
matrix [ ]1 2

T
du u u= LU associated with the largest d 

eigenvalues. Then, the principal component vector si  in 
the i th measurement can be obtained by 

 
 si = ( )ai -U μ  (6) 

 
The principal component vector si  is considered as 

the fault diagnostic vector to classify fault motors. For 
the purpose of the dimensionality reduction and data 
visualization, only the eigenvectors corresponding to the 
two largest eigenvalues are selected and the input feature 
vectors are projected on them to get a d =2 dimensional 
representation. 

 
3.3 Classification 

 
The classification of the proposed scheme is based on 

linear multi-class SVM classification to detect fault types 
and their severities. The basic idea of the SVM was 

thoroughly developed based on the statistical learning 
theory [17, 18]. The basic SVM deals with two-class 
problems i.e. separating two classes by a hyperplane that 
is defined by a number of support vectors. To classify 
multiple classes, two techniques are implemented: “one-
against-one” and “one-against-all” [24]. One-against-one 
technique classifies the classes in pairs and then uses a 
binary SVM to differentiate each pair of classes. For a 
problem with m  classes, ( 1) / 2m m -  SVMs are trained 
to identify one class from another class and then one 
class is selected using maximum voting, where m is the 
number of classes and each SVM votes for one class. One-
against-all technique is based on the creation of m number 
of SVM binary classifications to separate one class from 
the others. Then, the classification is achieved using the 
maximum output from the results of all SVMs. For multi-
class SVMs, one-against-one technique will be used, as the 
training time is shorter [24]. 

The SVM is trained using the υ -fold cross-validation 
to optimize the parameter C  for the multi-class linear 
SVM, where 0C >  is the penalty parameter of the error 
term and 5 υ = . With the optimal C  value, the entire 
training data set is used to define a hyperplane for the 
linear SVM. Then, the test set is classified to detect the 
motor fault and its severity. 

 
3.4 Visualization 

 
t-SNE is another dimensionality reduction technique 

that was recently developed for data visualization and aims 
to convert high-dimensional data to the low-dimensional 
space while retaining their pair-wise similarities [23]. 
High-dimensional data ai  are projected to the low-
dimensional vector bi  in the projection, where 

1, ,i N= L  and [ ]1( ) ( )b T
i db i b i= L . In the t-SNE, a 

Kullback-Leibler (KL) divergence between the joint 
probability distributions of the low-dimensional embedding 
and the high-dimensional data is defined as 
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p
KL P Q p

q
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where P  and Q  are in high-dimensional and low-
dimensional space, respectively. In (7), ijp  represents the 
pairwise similarities for the pair (a ,a )i j  in the high-
dimensional space and is defined as 
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where 2σ  is the variance of the distribution ijp . In the 
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low-dimensional space, ijq  uses a Student’s-t distribution 
to compute the similarity between the two points and is 
defined as 
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By minimizing the KL divergence in (7), t-SNE reduces 

the dimensionality of the original data and retains their 
pairwise similarities. 

For the visualization of relevance of PMSM faults, t-
SNE reduces the dimensionality from 3( 1)k -  dimension 
to 2 dimensional spaces. 

 
 

4. Experimental Results 
 
To validate the feasibility of the proposed method, 

experimental set-up and faults in PMSMs have been 
shown in Section 2. The conditions of faulty PMSMs are 
described in Table 3. Using experimental results, the 
effects of demagnetization, stator inter-turn, and multiple 
combined faults are analyzed in this Section. 

Fig. 4 shows the normalized BEMF voltage spectrum for 
the healthy and faulty PMSMs when operating at 300 rpm. 
When stator inter-turn faults occur in PMSMs, the stator 
currents spectrum may contain odd harmonics of electrical 
frequency [12, 13, 15]. As shown in Fig. 4, the BEMF 
voltage spectrum contains the third, fifth, and ninth 
harmonics of the electrical frequency in the spectrum for 
the healthy and faulty motors. It is observed that the third 
harmonic amplitude for faulty motors is lower than that for 
healthy motors. In addition, the seventh harmonic of the 
electrical frequency appears in case of demagnetization 
faults (demagnetization faults and multiple combined faults 
with demagnetization and turn-short). However, the 
fractional harmonics predicted by (1) and (2) are not 
present in the BEMF voltage spectrum. From the voltage 
spectrum, the healthy motors are distinguished from faulty 
motors using the third harmonic, but it is not possible to 

find any fault index for diagnosing fault types. 
Fig. 5 shows the cumulative distributive functions 

(CDFs) of the variations of BEMF voltage amplitudes of 

Table 3. Description of faulty PMSMs 

Class Number 
(Representation) Fault conditions 

1 (Healthy) Healthy motors 
2 (Turn#1) 1 short-circuited turn 
3 (Turn#3) 3 short-circuited turns 
4 (Turn#5) 5 short-circuited turns 

5 (DM) Demagnetization 

6 (DM&Turn#1) Combined faults with demagnetization and 
1 short-circuited turn 

7 (DM&Turn#3) Combined faults with demagnetization and 
3 short-circuited turns 

8 (DM&Turn#5) Combined faults with demagnetization and 
5 short-circuited turns 

 

 
(a) Healthy motor 

 
(b) Motor with 1 short-circuited turn 

 
(c) Motor with demagnetization 

 
(d) Motor with multiple combined faults with 

demagnetization and 1 short-circuited turn 

Fig. 4. BEMF voltage spectrum of PMSMs operating at 
300 rpm 



Young-Woo Youn, Don-Ha Hwang, Sung-ju Song and Yong-Hwa Kim 

 http://www.jeet.or.kr │ 1619

harmonics in phase a  when operating at 300 rpm. We see 
that the third harmonic amplitude for the healthy motor is 
larger than that of the faulty motor [15, 16]. As expected, 
the spectrum around the seventh harmonic is clear enough 
to detect a group of healthy and stator inter-turn short 
motor faults from a group of demagnetization and multiple 
combined faults [12, 15]. However, there is no specific 
harmonic amplitude to classify all types of faults separately. 
In this paper, the amplitudes of harmonics in phases a, b, 
and c are used as fault diagnostic indices. 

The SVM-based classification results with fault 
diagnostic indices are summarized in Table 4. In the 
training processes, to optimize the parameter C for the 
linear SVM, we use five-fold cross-validation to test all 
values of { }15 14.9 152 , 2 , , 2C - -= L . Using the training set, 

five-fold cross-validation accuracies are obtained by the 
grid search, where the cross-validation accuracy is the 
percentage of data that are correctly classified. The values 
corresponding to the best cross-validation accuracies are 
then selected. With the optimal parameters, the entire 
training data set was trained again to define hyperplane 
for multi-class SVM classifiers. It is observed that the 
diagnostic performance with 12 harmonics from three 

phases improves compared with those with four harmonics 
from a single phase. In the case of 300 and 500 rpm, the 
accuracy results are increased by 19.58% and 6.25%, 
respectively, compared to the results using four harmonics 
from single-phase a. Maximum values of the classification 
using 12 harmonics in three phases reach 99.58% and 
99.17% for 300 and 500 rpms, respectively. Furthermore, 
PCA can reduce the dimensionality from 12 to 2 for 
visualization and classification. 

Fig. 6 shows the first two principal components (PCs) 
using 12 harmonics from three phases operating at 500 rpm. 
The selected PCs are given by the linear combination of 12 

     
 (a) The third harmonic          (b) The 5th harmonic  

     
 (c) The 7th harmonic (d) The 9th harmonic 

Fig. 5. CDFs of amplitudes of fault harmonics operating at 300 rpm 

Table 4. Classification results using harmonics by multi-
class SVM 

Speed 
(rpm) Phase Feature types 

(harmonics) 
Accuracy 

(%) 
C  

Value 
300 a,b,c 12 99.5833 1024 
300 a 4 80 1176.3 
300 b 4 77.75 13512 
300 c 4 90.8 222.8609 
500 a,b,c 12 99.1667 3.0518e-5 
500 a 4 92.91 64 
500 b 4 85 1351.1761 
500 c 4 96.67 39.3966 
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harmonics and the 3rd harmonic components in phases a, b, 
and c are the most significant components to from the 
considered PCs. It can be observed that three fault types 
for healthy, stator inter-turn, and PM demagnetization and 
combined multiples faults are well separated. Nevertheless, 
the separation for demagnetization and multiple combined 
faults is not adequate and in fault severity cases, they 
overlap. 

Fig. 7 shows the confusion matrix obtained from the 
proposed algorithm with PCA-based two principal 
components operating at 300 rpm, where the true class 
labels are along the x-axis and the class predictions of the 
proposed algorithm are along the y-axis. The diagonal are 
the correct classifications, whereas all the other entries 
show misclassifications. The bottom right cell shows the 
overall accuracy of 97.5%. It can be seen that one sample 
for class 1 (demagnetization) is wrongly predicted as 
class 7 (combined faults with demagnetization and 3 
short-circuited turns) and five samples for the class 7 are 
wrongly predicted as class 5. The detailed PCA-based 
classification results of each condition are shown in 
Table 5. It is evident that the proposed approach delivers 

superior diagnostic performance using two principal 
components from three phases compared to the case using 
four harmonics from single phase. 

Fig. 8 shows how t-SNE groups all training samples 
operating at 500 rpm on the 2D representation, where t-
SNE reduces the dimensionality from 12 to 2 for 
classification. This technique makes it possible to embed 
these 12 dimensional vectors in a two-dimensional plot 
in such a way that the vectors that are close together in 
the 12 dimensional spaces are also close together in the 
two-dimensional plot. Classes such as healthy motor, 
stator inter-turn faulty motors, and demagnetization 
faulty motors are clearly separated from the other classes. 
Multiple combined faults are difficult to classify from 
demagnetization faults, one short circuited-turn is close to 
three short circuited turns and 5 short circuited-turns is a 
different cluster from one short circuited turn and three 
short circuited turns, which support the feature extraction 
results using PCA as shown in Fig. 6. For visualization, there 
is a significant improvement over the PCA visualization 
results in Fig. 6. In contrast to PCA, t-SNE has a non-
convex objective function and the objective function is 
minimized using a gradient descent optimization with 
random initialization, so different runs can generate 
different results. Therefore, t-SNE has been used for the 
visualization analysis of fault characteristics. 

 
 

5. Conclusion 
 
PM demagnetization, stator inter-turn, and multiple 

combined faults with stator inter-turn fault and PM 
demagnetization may severely deteriorate PMSM 

 
Fig. 6. Feature extraction using PCA 
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Fig. 7. Confusion matrix using PCA by multi-class SVM 

Table 5. Classification results using PCA by multi-class 
SVM 

Speed (rpm) Accuracy (%) C Value 
300 92.5 3565 
500 97.5 2702.3522 

 

 
Fig. 8. t-SNE representation of the feature vectors of the 12 

harmonics in the training data set 
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performance. In this paper, based on harmonic analysis 
of BEMF voltage spectrum, we have proposed the fault 
diagnosis method based on the FFT, SVM, and 
dimensionality reduction tools (PCA and t-SNE) for 
detecting and classifying various types and severities of 
faults in PMSMs. The analysis of the experimental results 
showed that the diagnostic performance with 12 harmonics 
from BEMF voltages of three phases was higher than that 
with four harmonics from BEMF voltages of single phase. 
The proposed PCA-based method efficiently provides more 
accurate classification results of different fault types and 
severities in PMSMs, compared to four harmonics in a 
single phase. In PCA, the 3rd harmonic components in 
the phases a, b, and c are the most significant components 
to from the considered principle components. In addition, 
t-SNE exhibits better visualization performance over 
PCA for discriminating between different fault types and 
severities in PMSMs. The proposed visualization approach 
will be useful to analyze features from other motor-related 
faults detections such as eccentricity fault and bearing 
faults. In future, the proposed method will be investigated 
in partial demagnetization of PMSMs by performing 
further analysis and experiments. For a robust detection 
of fault type and their severity in PMSMs, several 
experiments for partial demagnetization and more short 
circuited turns should be included in the experimental 
setup. 
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