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Abstract  

In BLDC motor applications, stator failure is a common occurrence. Therefore, this study presents a method 

to diagnose stator failure in BLDC motor when it is operated at a different speed. Furthermore, this study 

examined the motor in normal condition and the motor with a stator fault. The vibration and current signals are 

measured from BLDC motor operating at 400 rpm, 450 rpm and 480 rpm. The signals are recorded at a sampling 

rate of 10 kHz, and the time and frequency domain features are extracted from the sample signals. The distance 

evaluation technique is used to select the features with the highest effectiveness factor, and a combination of 

features in the time and frequency domains is used as a predictor in the Least Square Support Vector (LSSVM) 

model. The results show that the LSSVM model performs very well in diagnosing BLDC stator failure at 

different speeds using both vibration and current signals. The classification accuracy is 96.5% and 98.83% for 

vibration and current data, respectively. With its high prediction accuracy, the proposed method has the 

potential to be developed as a maintenance tool in the industry. 
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1. INTRODUCTION 

 

BLDC motors are widely applied as a primary 

source of power for electric vehicles due to their 

numerous advantages such as its durability, great 

dynamic response, high efficiency, good speed and 

torque characteristics, noiseless operation, high-

speed range, and large torque to weight ratio (1). The 

motor along with the battery is the heart of the 

electric vehicle, and it is crucial to monitor and 

diagnose the working condition of these components 

to prevent failure and ensure the safety of the 

vehicle. 

Frequent failures in BLDC motors include stator 

faults, such as current leakage of winding, open 

circuit of winding, and change of resistance, as well 

as rotor faults, such as eccentricity, rotor unbalance, 

permanent magnet damage, and bearing fault, along 

with inverter faults (2). These failures are caused 

mainly by high working temperature, overload, 

improper armature current, corrosion, metal fatigue, 

improper installation, and unbalance (3). The 

existence of failures will change the working 

condition of the motor, and monitoring the condition 

is carried out using certain sensors that can be used 

to identify the faults. Therefore, maintenance 

management can determine what actions are 

necessary to address the issue. 
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The method of identifying faults in mechanical 

systems can be divided into three approaches. These 

are the model-based method, the signal-based 

method, and the intelligent method based on the 

measurement data (4). The model-based method 

involves building a composite model of a specific 

fault based on physical laws. This is done by 

comparing the predicted output of the model with the 

output that is actually detected. By comparing the 

two outputs, maintenance personnel can determine 

whether a fault has occurred in the motor.  

In order to classify the inter-turn fault in BLDC 

motors, several modeling techniques have been 

explored, including Electrical Equivalent Circuit 

(EEC), Improved Winding Function Theory 

(IWFT), Magnetic Equivalent Circuit (MEC), and 

Numerical Method (NM) (5). Additionally, a model 

has been presented in (6). that evaluates a set of 

residuals calculated based on the systematic 

redundancy relationship. Although the model-based 

method can effectively identify motor faults by 

penetrating the internal laws and physical nature of 

the motor, it requires an accurate motor model to 

achieve optimal results.  

Signal-based methods used signals obtained 

from the mechanical system to identify the existence 

of the faults. Subsequently, features are extracted 

and analyzed using prior experience or knowledge to 

determine the occurrence of a fault, and a signals 
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commonly used in fault diagnosis are current and 

vibration signals. For example, a park vector 

analysis spectrum from a motor current signal is used 

to diagnose electrical and mechanical faults in an 

induction motor (7). In addition, rotor faults in 

BLDC motors under nonstationary conditions are 

analyzed based on stator current using Winger-Ville 

distribution, Windowed Fourier Ridges, and 

Wavelet Transform, as described in (8,9). The 

current signal analysis is also used to detect inter-

turn faults in BLDC motor (10), while vibration 

signals are used for diagnosing rolling element 

bearing faults (11). and bearing faults in an induction 

motor (12) and detecting rotor motor faults (13). A 

combination of vibration and current signals is also 

applied to diagnose short circuit faults in BLDC 

stator (14). The main advantage of signal-based 

methods is that they do not require accurate 

modeling of the mechanical system, as they only use 

the output signal, ignoring the impact of the input. 

However, the signal processing stage that converts 

the signal into information stating the existence of a 

failure requires complex analysis and a high level of 

expertise. 

AI model-based failure diagnosis of mechanical 

systems offers easy modeling through a 

straightforward computational method that does not 

require an in-depth understanding of system 

behavior. In fault diagnosis, the most commonly 

used approaches include artificial neural networks 

(ANN) (15–18), random forest (19,20), support 

vector machine (SVM) (21–26), and deep learning 

(27–29). Among these methods, ANN and SVM 

have received the most attention from researchers, 

given their high accuracy in fault diagnosis. SVM is 

more straightforward, faster, and requires fewer data 

samples than ANN (30). However, in some 

applications, SVM outperforms ANN, such as in 

rolling bearing fault diagnosis (31,32), and 

centrifugal pump (33). LSSVM is a variation of the 

standard SVM algorithm. It modifies the traditional 

SVM by reformulating the optimization problem, 

replacing the inequality constraints with equality 

constraints. This results in a linear system of 

equations that can be solved more easily than the 

quadratic programming problem in traditional 

SVMs. The LSSVM technique has been applied in 

machine diagnostics, as demonstrated in (26,34,35),. 

which showed that it is simpler and requires less 

computational time. Therefore, this study aims to 

apply the LSSVM method to diagnose BLDC stator 

faults under varying operating conditions. 

 

2. METHODOLOGY 

 

The aim of this study is to diagnose stator faults 

in BLDC motors using vibration and current data 

based on the LSSVM learning machine. The 

laboratory testing involved simulating healthy and 

faulty BLDC motors on a motor test rig to obtain 

motor damage data. Figure 1 illustrates the test 

apparatus, which includes a BLDC motor, motor 

controller, DC power supply, an accelerometer, a 

current sensor, a tacho sensor, and data acquisition 

system. Table 1 shows BLDC motor specifications. 

 
Table 1. The BLDC motor spesification 

Rated voltage 48 VDC 

Rated power 750 – 1,000 W 

Rotor speed 2,800 rpm 

Output speed 400, 450, 485 rpm 

Gear ratio 1:6 

Rated torque 15.36 N.m 

  

 

Fig. 1. BLDC motor tes-rig 
 

Fig. 2 below depicts the flowchart for diagnosing 

a BLDC motor faults. 

 

Fig. 2. Flowchart of the BLDC motor fault 

diagnosis 

 

The BLDC motor used in the test rig comes from 

a tricycle conversion set. It was equipped with a 

planetary gear set and a motor control, achieving 

output speeds of 400 RPM, 450 RPM, and 485 RPM. 
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The stator fault was simulated by connecting two 

adjacent phases of the stator winding, as proposed by 

(36). To capture the vibrational signals, an 

accelerometer was attached radially to the motor 

casing at the output shaft, and the signals were 

recorded at a sampling rate of 10,000 Hz. At the 

same time, the motor controller's current from the 

DC power source was detected by the current sensor. 

Data were recorded using a Dewesoft 4-channel data 

acquisition system, and the time and frequency 

domains of the features were extracted. Features 

were selected using the distance evaluation method 

suggested by (37), and the two characteristic curves 

with the highest efficiency were used as predictors. 

 

2.1. The Least Square Support Vector Machine 

In this study, the signals obtained from BLDC 

motor are being classified using the LS-SVM 

method to analyze the motor faults. LS-SVM is a 

variation of support vector machines (SVM), and its 

theory is being presented in this section, as described 

by Suykens and Vandewalle (38). The classification 

problem is being reformulated to create a least-

squares version of the SVM classifier, which is as 

follows: 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
𝑤,𝑏,𝑒

1

2
𝒘𝑇𝒘 + 𝛾

1

2
∑ 𝑒𝑖

2𝑁
𝑖=1           (1) 

Subject to the equality constraints, 

𝑦𝑖[𝑤
𝑇𝜙(𝑥𝑖) + 𝑏] = 1 − 𝑒𝑖, 𝑖 = 1, . . . , 𝑁     

(2) 
The solution of the LS-SVM is found  by 

defining the Lagrangian first as: 

𝐿(𝑤, 𝑏, 𝑒, 𝛼) =
1

2
𝑤𝑇𝑤 + 𝛾

1

2
∑ 𝑒𝑖

2𝑁
𝑖=1 −

∑ 𝛼𝑖{𝑦𝑖[𝑤
𝑇𝜑(𝑥𝑖) + 𝑏] − 1 +𝑁

𝑖=1

𝑒𝑖}                                          (3) 

where αi are Lagrange multiplier. 

The prerequisites for optimality are: 

𝜕𝐿

𝜕𝑤
= 0 ⇒ 𝑤 = ∑⬚

𝑁

𝑖=1

𝛼𝑖𝑦𝑖𝜙(𝑥𝑖) 

𝜕𝐿

𝜕𝑏
= 0 ⇒ ∑𝛼𝑖𝑦𝑖 = 0

𝑁

𝑖=1

 

𝜕𝐿

𝜕𝑒𝑖

= 0 ⇒ 𝛼𝑖 = 𝛾𝑒𝑖 , 𝑖 = 1, . . . , 𝑁 

𝜕𝐿

𝛼𝑖
= 0 ⇒ 𝑦𝑘[𝑤

𝑇𝜙(𝑥𝑖) + 𝑏] − 1 + 𝑒𝑖 = 0, 𝑖 =

1, . . . , 𝑁  (4) 

The following set of linear equations can be 

solved quickly using the circumstances mentioned 

above:  

[

𝐼 0 0 −𝑍𝑇

0 0 0 −𝑌𝑇

0 0 𝛾𝐼 −𝐼
𝑍 𝑌 𝐼 0

] [

𝑤
𝑏
𝑒
𝛼

] = [

0
0
0

1⃗ 

]          (5) 

where Z = [(x1)T y1; ... ;(xN)T yN], Y = [y1; ...;yN], 

 = [1; ...;1], e = [e1; ...;eN], α = [α1; ... ; αN]. 

The solution is also given by: 

[
0 −𝑌𝑇

𝑌 𝑍𝑍𝑇 + 𝛾−1𝐼
] [

𝑏
𝛼
] = [

0

1⃗ 
]              (6) 

Mercer’s condition  is  applicable to the matrix  

 = Z ZT, where: 

𝛺𝑖𝑗 = 𝑦𝑖𝑦𝑗𝜙(𝑥𝑖)
𝑇𝜙(𝑥𝑗) 

= 𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗)                          (7) 

(xk . xl) is the kernel function that typically   has 

the following choices: linear, polynomial, or radial 

basis function kernel. As a result, instead of the 

quadratic programming used in the original SVM 

formulation, the classifier is determined by solving 

the linear set of equations (6) and (7).  

The Radial Basis Function (RBF) kernel offers 

several advantages. Some of them are its ability to 

handle non-linearity, its flexibility and power to 

capture very intricate patterns and decision 

boundaries, the fact that the process of modal tuning 

is straightforward, effective for high-dimensional 

data, and its robust performance. Therefore, the RBF 

kernel will be used as the kernel function. 

 

2.2. Feature Extraction 

Various types of features are identified based on 

their ability to reveal the system's state, which can be 

in the time, frequency, or time-frequency domains. 

Examples of features in the time domain include 

mean, root mean squares (RMS), variance, 

skewness, kurtosis, among others. In contrast, 

features in the frequency domain consist of content 

at the feature frequency, the amplitude of the FFT 

spectrum, and others. Additionally, features in the 

time-frequency domain include statistical properties 

of the short-time Fourier transform (STFT), the 

Wigner-Viller distribution, the wavelet transform, 

among others. For this study, 13 characteristics from 

the vibration signal are considered, including three 

features in the frequency domain and ten in the time 

domain. These features include the mean, the RMS 

value, the shape factor, the skewness, the kurtosis, 

the crest factor, the entropy estimation value, the 

entropy estimation error, the upper and lower bounds 

of the histogram, the RMS frequency, the frequency 

center value, and the root variance frequency value. 

With the aid of the distance evaluation (DET) 

method, the features were selected.  

 

2.3. Distance Evaluation Technique 

The features for classification input are selected 

using DET. Three considerations led to the use of 

these feature selection techniques: 

• simplified model for easier interprestation, 

• reduced training time,  

• improved generalization by eliminating 

overfitting. 

By selecting a portion of the original features that 

still has enough information for classification, the 

feature selection procedure directly reduces the 

quantity of the original features. A lot of unnecessary 

features are typically included in large feature sets. 

Such characteristics are not only useless for 

classification but can occasionally affect a 

classifier's performance since they are built using a 

limited number of training samples. In this situation, 

eliminating the useless features can increase 

→

1
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classification accuracy. The four steps in this method 

are as follows: 

Step 1: The average distance of the same condition 

data (dij) is calculated, then the average distance of 

all conditions is obtained (dai). The following is a 

definition of the equation: 

𝑑𝑖,𝑗 =
1

𝑁 ⥂ 𝑥 ⥂ (𝑁 − 1) ⥂
∑ |𝑝𝑖,𝑗(𝑚)

𝑁

𝑚,𝑛=1

− 𝑝𝑖,𝑗(𝑛)| ; 

(𝑚, 𝑛 = 1,2, . . . , 𝑁,𝑚 ≠ 𝑛)                    (8) 

where N is the total number of the same 

condition, pi, j is its eigenvalue, di, j is its average 

distance, and i and j are the total number of the 

conditions and parameters, respectively. . 

 

𝑑𝑎𝑖 =
1

𝑀
∑ 𝑑𝑖,𝑗

𝑀
𝑗=1                                                         (9) 

where M denotes the number of different 

conditions. 

 

Step 2: The average distance between various 

condition data is calculated (dai). 

 

𝑑𝑎𝑖
′ =

1

𝑀𝑥(𝑀−1)
∑ |𝑝𝑎𝑖,𝑚 − 𝑝𝑎𝑖,𝑛|

𝑀
𝑚,𝑛=1 ; (𝑚, 𝑛 =

1,2, . . . , 𝑀;𝑚 ≠ 𝑛)                        (10 ) 

where d’ai  is the average distance of different 

conditions data,  pai,j is the average value of the same 

condition data. 

𝑝𝑎𝑖,𝑗 =
1

𝑁
∑ 𝑝𝑖,𝑗(𝑛); (𝑛 = 1,2, . . . , 𝑁)𝑁

𝑛=1    (11) 

Step 3: The ratio dai / d’ai  is calculated 

Step 4: The feature parameters are chosen between 

high values and low values. The better dai is the 

smaller, whereas the superior d’ai is the bigger. So, 

bigger represents the feature well. 

𝛼𝑖 = 𝑑𝑎𝑖
′ /𝑑𝑎𝑖                                                        (12) 

Where αi is the feature’s effectiveness factor. 

 

3. RESULTS AND DISCUSSIONS 

 

The BLDC motor is operated in 2 conditions at 

three different speeds. Therefore, there are six 

classes of data as shown in Table 2. 

 
Table 2. The BLDC motor Classes 

Classes Conditions 

Class 1 Normal motor at 400 rpm 

Class 2 Normal motor at 450 rpm 

Class 3 Normal motor at 485 rpm 

Class 4 Faulty motor at 400 rpm 

Class 5 Faulty motor at 450 rpm 

Class 6 Faulty motor at 485 rpm 

 

The problem of diagnosis becomes a multiclass 

classification task. The data collected from the motor 

measurement consists of the vibration and current 

data, these data are then processed to develop the 

LSSVM diagnosis model. The results are presented 

in the next sections. 

3.1. Diagnosis using Vibration Data 

The vibration signal’s samples are showed in  

Figs. 3 to 8. 

 
Fig. 3. Vibration signal of normal motor at 

400 rpm 

 
Fig. 4. Vibration signal of normal motor at 

450 rpm 

 
Fig. 5. Vibration signal of normal motor at 

485 rpm 

 
Fig. 6. Vibration signal of faulty motor at 400 

rpm 
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Fig. 7. Vibration signal of faulty motor at 450 

rpm 

 
Fig. 8. Vibration signal of faulty motor at 485 

rpm 

 

In order to develop the classification model, 50% 

of the data was utilized for training while the 

remaining 50% was used for testing. A total of 200 

samples were collected for each motor state, and 

features were calculated in both the time and 

frequency domains from the sample data. The 

following features were sorted in the following 

order: 

1. Mean; 

2. RMS value; 

3. Shape factor; 

4. Skewness; 

5. Kurtosis;  

6. Crest factor;  

7. Entropy estimation value;  

8. Entropy estimation error;  

9. Histogram upper bound;  

10. Histogram lower bound;  

11. RMS frequency;  

12. Frequency center value;  

13. Root variance frequency value. 
Features no 1 to 10 are time domain features, 

while features no 11 to 13 are frequency domain 

features. Combination of features in time and 

frequency domain will be chosen as the 

classification predictor. The feature selection is 

based on their effectiveness factor.  

 
Fig. 9. Effectiveness factor of the features of 

the vibration signal 

 

Fig. 9 shows the feature’s effectiveness factor. 

Entropy estimation error has the highest 

effectiveness factor in the time domain feature, 

whereas frequency centre value is the highest among 

frequency domain features. As a result, these two 

features were chosen as predictors to build the 

LSSVM model for multi-class classification with a 

one-vs.-one strategy and RBF kernel. The RBF 

kernes was selected to handle non-linearly separable 

data. By mapping the input space to a higher-

dimensional space, the LSSVM model can find a 

linear separating hyperplane in the transformed 

space. Fig. 10 shows the result. 

 
Fig. 10. The LSSVM model for multiclass 

classification of BLDC motor with stator fault 

using vibration data 

 

Fig. 10 shows the accuracy of the model in 

identifying different motor states, with distinct areas 

representing various speeds and conditions of the 

motor. The regularisation parameter g and the kernel 

parameter σ2 are found by using a combination of 

coupled simulated annealing (CSA) and the standard 

simplex method. After fifteen iterations, the values g 

= 1.1063 and σ2 = 1.0801 are obtained. 5-fold cross-

validation is used to validate the LSSVM model. The 

model is then evaluated using test data, resulting in 

96.5% accuracy in predicting motor conditions. 

Subsequently, out of the 600 recordings, 21 were 

misclassified and are listed below as the 

misclassified data. 

1. 9 data in class 3 are misclassified; 



DIAGNOSTYKA, Vol. 25, No. 3 (2024)  

Susilo DD, Ubaidillah U, Prabowo AR: Stator fault diagnosis of BLDC motor at varying speed operation … 

 

6 

2. 2 data in class 4 are misclassified; 

3. 1 data in class 5 is misclassified; 

4. 9 data in class 6 are misclassified. 

 

3.2. Diagnosis using Current Data 

The samples of the current signals of healthy 

motors at 400 rpm, 450 rpm, and 485 rpm are 

depicted in Figs. 11 to 13, while Figs. 14 to 16 show 

the current signals of faulty motors at 400 rpm, 450 

rpm, and 485 rpm. 

 
Fig 11. Current signal of normal motor at 400 

rpm 

 

Fig 12. Current signal of normal motor at 450 

rpm 

 
Fig 13. Current signal of normal motor at 485 

rpm 

 
Fig 14. Current signal of faulty motor at 400 

rpm 

 
Fig 15. Current signal of faulty motor at 450 

rpm 

 
Fig 16. Current signal of faulty motor at 485 

rpm 

The process for extracting and choosing features 

is the same as the process for diagnosing vibration 

signals. Fig. 17 depicts the output of the feature 

selection process. 

The effectiveness of features in the time and 

frequency domains is evaluated. It is found that RMS 

has the highest effectiveness factor in the time 

domain feature, whereas frequency centre value is 

the highest among frequency domain features. As a 

result, these two features were chosen as predictors 

to build the LSSVM model using current signals. 

The LSSVM model is constructed using these two 

features as a predictor, and the resulting model is 

shown in Fig. 18. 
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Fig 17. Effectiveness factor of the features of 

the current signal 

 

 
Fig 18. The LSSVM model for multiclass 

classification of BLDC motor with stator fault 

using current data 

 

Fig. 18 shows the result of the LSSVM model 

classification for various speeds and conditions of 

the motor using current signals. The regularisation 

parameters g = 1.6162 and σ2 = 1.691 are obtained 

after fifteen iterations. The motor condition is 

classified into six different classes in different areas. 

Samples from classes 1 and 4, i.e., motors with 

normal and stator faults operating at 400 rpm, are 

clearly observed. Meanwhile, samples from the 

motor operating at 450 and 485 rpm are closely 

located but in different areas. Furthermore, the 

model's performance is being evaluated using the 

testing data, and the accuracy of the prediction is 

98.83%. Only 7 data points out of 600 are 

misclassified. They are as follows: 

1. 4 data in clas3 are misclassified; 

2. 1 data in class 5 is misclassified; 

3. 2 data in class 6 are misclassified. 

The results demonstrate the effectiveness of the 

LSSVM approach in diagnosing the BLDC winding 

stator defect using both vibration and current data. 

The proposed model accurately detects the presence 

of faults at various operation speeds, with an 

accuracy that exceeds the required methodology 

threshold of 90%. The diagnosis accuracy using the 

current signal is slightly higher than the vibration 

signal. However, the diagnosis using a vibration 

signal allows for better separation and visualisation 

of each class of motor condition. 

 

4. CONCLUSSION 

 

In this study, the LSSVM method has been shown to 

be effective in detecting stator faults in BLDC 

motors operating at various speeds using vibration 

and current signals. By combining features from the 

time and frequency domains with the highest 

effectiveness factor, the proposed method achieved 

excellent performance in motor state diagnosis with 

high classification accuracy of 98.83% and 96.5%, 

respectively. Due to its excellent prediction 

accuracy, the proposed method has potential as an 

industry maintenance tool. A future study will 

investigate the LSSVM method's performance in 

diagnosing multiple BLDC motor faults and the size 

of the testing data. 
 

Source of funding: The authors express their gratitude to 

Sebelas Maret University for funding this research 

through Fundamental Research Grant with Contract 

Number 254/UN27.22/PT.01.03/2022. 

 

Author contributions: research concept and design, 

D.D.S; Collection and/or assembly of data, U.U.; 

Data analysis and interpretation, U.U., A.R.P.; 

Writing the article, D.D.D., U.U., A.R.P.; Critical 

revision of the article, D.D.S.; Final approval of the 

article, D.D.S.  

 

Declaration of competing interest: The authors declare 

that they have no known competing financial interests 

or personal relationships that could have appeared to 

influence the work reported in this paper. 

 

 

REFERENCES  

 
1. Sutar AR, Bhide GG, Mane JJ. Ijesrt international 

journal of engineering sciences & research technology 

implementation and study of Bldc motor drive system. 

International Journal of Engineering Sciences & 

Research Technology 2016; 5(5): 57–64.  

2. Tashakori A, Ektesabi M. Inverter switch fault 

diagnosis system for BLDC motor drives. Engineering 

Letters 2014; 22(3): 118–24.  

3. Da Y, Shi X, Krishnamurthy M. Health monitoring, 

fault diagnosis and failure prognosis techniques for 

brushless permanent magnet machines. 2011 IEEE 

Vehicle Power and Propulsion Conference, VPPC 

2011. https://doi.org/10.1109/VPPC.2011.6043248. 

4. Chen Y, Liang S, Li W, Liang H, Wang C. Faults and 

diagnosis methods of permanent magnet synchronous 

motors: A review. Applied Sciences. 2019; 9(10). 

https://doi.org/10.3390/app9102116. 

5. Usman A, Rajpurohit BS. Modeling and classification 

of stator inter-turn fault and demagnetization effects in 

BLDC motor using rotor back-EMF and radial 

magnetic flux analysis. IEEE Access 2020; 8: 118030–

49. https://doi.org/10.1109/ACCESS.2020.3005038. 

6. Blesa J, Quevedo J, Puig V, Nejjari F, Zaragoza R, 

Rolán A. Fault diagnosis and prognosis of a brushless 

DC motor using a Mmodel-based Approach. Phme 

2020 2020: 1–8.  

7. Roczek K, Rogala T. Induction motor diagnosis with 

use of electric parameters. Diagnostyka 2019; 20(4): 

65–74. https://doi.org/10.29354/diag/113000. 

https://doi.org/10.1109/VPPC.2011.6043248
https://doi.org/10.3390/app9102116
https://doi.org/10.1109/ACCESS.2020.3005038
https://doi.org/10.29354/diag/113000


DIAGNOSTYKA, Vol. 25, No. 3 (2024)  

Susilo DD, Ubaidillah U, Prabowo AR: Stator fault diagnosis of BLDC motor at varying speed operation … 

 

8 

8. Rajagopalan S, Aller JM, Restrepo JA, Habetler TG, 

Harley RG. A novel analytic wavelet ridge detector for 

dynamic eccentricity detection in BLDC motors under 

dynamic operating conditions. IECON Proceedings 

(Industrial Electronics Conference) 2005; 2005: 1443–

8. https://doi.org/10.1109/IECON.2005.1569117. 

9. Rajagopalan S, Aller JM, Restrepo JA, Habetler TG, 

Harley RG. Detection of rotor faults in brushless DC 

motors operating under nonstationary conditions. 

IEEE Transactions on Industry Applications 2006; 

42(6):1464–77. 

https://doi.org/10.1109/TIA.2006.882613. 

10. Jafari A, Faiz J, Jarrahi MA. A simple and efficient 

current-based method for interturn fault detection in 

BLDC motors. IEEE Transactions on Industrial 

Informatics 2021; 17(4): 2707–15. 

https://doi.org/10.1109/TII.2020.3009867. 

11. Kumar V. A review of fundamental shaft failure 

analysis. International Research Journal of 

Engineering and Technology 2016: 389–95.  

12. Tabasi M, Ojaghi M, Mostafavi M. Vibration analysis 

as useful domain for detection of bearing fault signals 

in induction motors. International Journal of 

Engineering, Transactions B: Applications 2021; 

34(8): 2010–20. 

https://doi.org/10.5829/ije.2021.34.08b.22. 

13. Kanović Ž, Matić D, Jeličić Z, Petković M. Induction 

motor fault diagnosis based on vibration analysis: A 

case study. Journal on Processing and Energy in 

Agriculture 2013; 17(1): 47–50.  

14. Shifat TA, Hur J wook. An Effective Stator Fault 

Diagnosis Framework of BLDC Motor Based on 

Vibration and Current Signals. 2020(June). 

https://doi.org/10.1109/ACCESS.2020.3000856. 

15. Zurita G, Sánchez V, Cabrera D. a Review of 

Vibration Machine Diagnostics By Using Artificial 

Intelligence Methods. Investigacion & Desarrollo 

2016; 16(1): 102–14. 

https://doi.org/10.23881/idupbo.016.1-8i. 

16. Bhattacharyya S, Sen D, Adhvaryyu S, Mukherjee C. 

Induction motor fault diagnosis by motor current 

signature analysis and neural network techniques. 

Journal of Advanced Computing and Communication 

Technologies (ISSN: 2347 - 2804) 2015; 3(1): 12–8.  

17. Chouhan A, Gangsar P, Porwal R, Mechefske CK. 

Artificial neural network based fault diagnostics for 

three phase induction motors under similar operating 

conditions. Vibroengineering Procedia 2020; 30: 55–

60. https://doi.org/10.21595/vp.2020.21334. 

18. Lee CY, Wen MS, Zhuo GL, Le TA. Application of 

ANN in induction-motor fault-detection system 

established with MRA and CFFS. Mathematics 2022; 

10(13). https://doi.org/10.3390/math10132250. 

19. Yang BS, Di X, Han T. Random forests classifier for 

machine fault diagnosis. Journal of Mechanical 

Science and Technology 2008; 22(9): 1716–25.  

https://doi.org/10.1007/s12206-008-0603-6. 

20. Cabrera D, Sancho F, Sánchez RV, Zurita G, Cerrada 

M, Li C, et al. Fault diagnosis of spur gearbox based 

on random forest and wavelet packet decomposition. 

Frontiers of Mechanical Engineering 2015; 10(3): 

277–86. https://doi.org/10.1007/s11465-015-0348-8. 

21. Mishra RK, Choudhary A, Mohanty AR, Fatima S. 

Multi-domain Bearing Fault Diagnosis using support 

vector machine. 2021 IEEE 4th International 

Conference on Computing, Power and 

Communication Technologies, GUCON 2021. 

https://doi.org/10.1109/GUCON50781.2021.9573613. 

22. YANG BS, WIDODO A. Support vector machine for 

machine fault diagnosis and prognosis. Journal of 

System Design and Dynamics 2008; 2(1): 12–23. 

https://doi.org/10.1299/jsdd.2.12. 

23. Widodo A, Kim EY, Son JD, Yang BS, Tan ACC, Gu 

DS, et al. Fault diagnosis of low speed bearing based 

on relevance vector machine and support vector 

machine. Expert Systems with Applications 2009; 

36(3 PART 2): 7252–61. 

https://doi.org/10.1016/j.eswa.2008.09.033. 

24. Glowacz A. Fault diagnostics of DC motor using 

acoustic signals and MSAF-RATIO30-EXPANDED. 

Archives of Electrical Engineering 2016; 65(4): 733–

44. https://doi.org/10.1515/aee-2016-0051. 

25. Tuerxun W, Chang X, Hongyu G, Zhijie J, Huajian Z. 

Fault diagnosis of wind turbines based on a support 

vector machine optimized by the sparrow search 

algorithm. IEEE Access 2021; 9: 69307–15. 

https://doi.org/10.1109/ACCESS.2021.3075547. 

26. Fan Y, Zhang C, Xue Y, Wang J, Gu F. A Bearing fault 

diagnosis using a support vector machine optimised by 

the self-regulating particle swarm. Shock and 

Vibration 2020. 

https://doi.org/10.1155/2020/9096852. 

27. Shao SY, Sun WJ, Yan RQ, Wang P, Gao RX. A Deep 

learning approach for fault diagnosis of induction 

motors in manufacturing. Chinese Journal of 

Mechanical Engineering (English Edition) 2017; 

30(6): 1347–56. https://doi.org/10.1007/s10033-017-

0189-y. 

28. Jiang W, Wang C, Zou J, Zhang S. Application of deep 

learning in fault diagnosis of rotating machinery. 

Processes 2021; 9(6). 

https://doi.org/10.3390/pr9060919. 

29. Techane AW, Wang YF, Weldegiorgis BH. Rotating 

machinery prognostics and application of machine 

learning algorithms: Use of deep learning with 

similarity index measure for health status prediction. 

Proceedings of the Annual Conference of the 

Prognostics and Health Management Society, PHM 

2018: 1–7.  

30. Alshorman O, Alshorman A. A review of intelligent 

methods for condition monitoring and fault diagnosis 

of stator and rotor faults of induction machines. 

International Journal of Electrical and Computer 

Engineering 2021;11(4):2820–9. 

https://doi.org/10.11591/ijece.v11i4.pp2820-2829. 

31. Patel JP, Upadhyay SH. Comparison between artificial 

neural network and support vector method for a fault 

diagnostics in rolling element bearings. Procedia 

Engineering. 2016;144:390–7. 

https://doi.org/10.1016/j.proeng.2016.05.148. 

32. Tyagi S, Panigrahi SK. A DWT and SVM based 

method for rolling element bearing fault diagnosis and 

its comparison with Artificial Neural Networks. 

Journal of Applied and Computational Mechanics 

2017; 3(1): 80–91. 

https://doi.org/10.22055/jacm.2017.21576.1108. 

33. Saberi M, Azadeh A, Nourmohammadzadeh A, 

Pazhoheshfar P. Comparing performance and 

robustness of SVM and ANN for fault diagnosis in a 

centrifugal pump. MODSIM 2011 - 19th International 

Congress on Modelling and Simulation - Sustaining 

Our Future: Understanding and Living with 

Uncertainty. 2011:433–9. 

https://doi.org/10.36334/modsim.2011.a5.saberi. 

34. Birame M, Taibi D, Bessedik Sa, Benkhoris MF. Least 

square support vectors machines approach to diagnosis 

https://doi.org/10.1109/IECON.2005.1569117
https://doi.org/10.1109/TIA.2006.882613
https://doi.org/10.1109/TII.2020.3009867
https://doi.org/10.5829/ije.2021.34.08b.22
https://doi.org/10.1109/ACCESS.2020.3000856
https://doi.org/10.23881/idupbo.016.1-8i
https://doi.org/10.21595/vp.2020.21334
https://doi.org/10.3390/math10132250
https://doi.org/10.1007/s12206-008-0603-6
https://doi.org/10.1007/s11465-015-0348-8
https://doi.org/10.1109/GUCON50781.2021.9573613
https://doi.org/10.1299/jsdd.2.12
https://doi.org/10.1016/j.eswa.2008.09.033
https://doi.org/10.1515/aee-2016-0051
https://doi.org/10.1109/ACCESS.2021.3075547
https://doi.org/10.1155/2020/9096852
https://doi.org/10.1007/s10033-017-0189-y
https://doi.org/10.1007/s10033-017-0189-y
https://doi.org/10.3390/pr9060919
https://doi.org/10.11591/ijece.v11i4.pp2820-2829
https://doi.org/10.1016/j.proeng.2016.05.148
https://doi.org/10.22055/jacm.2017.21576.1108
https://doi.org/10.36334/modsim.2011.a5.saberi


DIAGNOSTYKA, Vol. 25, No. 3 (2024)  

Susilo DD, Ubaidillah U, Prabowo AR: Stator fault diagnosis of BLDC motor at varying speed operation … 

 

9 

of stator winding short circuit fault in induction motor. 

Diagnostyka 2020;21(4):35–41. 

https://doi.org/10.29354/diag/130283. 

35. Dong S, Luo T. Bearing degradation process 

prediction based on the PCA and optimized LS-SVM 

model. Measurement: Journal of the International 

Measurement Confederation 2013; 46(9): 3143–52. 

https://doi.org/10.1016/j.measurement.2013.06.038. 

36. Shifat TA, Hur JW. ANN assisted multi sensor 

information fusion for BLDC motor fault diagnosis. 

IEEE Access 2021;9:9429–41. 

https://doi.org/10.1109/ACCESS.2021.3050243. 

37. Susilo DD, Widodo A, Prahasto T, Nizam M. Fault 

diagnosis of roller bearing using parameter evaluation 

technique and multi-class support vector machine. AIP 

Conference Proceedings 2017;1788. 

https://doi.org/10.1063/1.4968334. 

38. Suykens JAK, Vandewalle J. Least squares support 

vector machine classifiers. Neural Processing Letters 

1999; 9(3): 293–300. 

https://doi.org/10.1023/A:1018628609742 

 

Didik Djoko SUSILO  

Obtained his Doctoral Degree in 

Mechanical Engineering  from 

Diponegoro University (2021). 

He is a lecturer in Mechanical 

Engineering Department of 

Sebelas Maret University. 

Currently, he is the head  

of the vibration laboratory of 

the Mechanical Engineering 

Department of Sebelas Maret 

University. His research interest is in fault diagnosis and 

prognosis of rotating machinery based on machine 

learning. 

e-mail: djoksus@staff.uns.ac.id 

 
UBAIDILLAH  
Received his Ph.D. in 

Mechanical Engineering in 2016 

from Universiti Teknologi 

Malaysia (UTM). He is now a 

full professor in Mechanical 

Engineering of Sebelas Maret 

University. He is also Chief 

Technical Officer in Mursmedic 

Group, a medical device 

company. His research interests 

are vibration damping and product development fields, 

especially electromedical devices 

e-mail: ubaidillah_ft@staff.uns.ac.id 

Aditya Rio PRABOWO  

Received his Dr.Eng. Program 

in Marine Convergence 

Design (2018) from Pukyong 

National University, Busan, 

South Korea. Currently He is a 

lecturer in Mechanical 

Engineering Department of 

Sebelas Maret University. His 

research interest is focussed on 

Engineering System Design, 

marine and offshore-based. 

e-mail: aditya@ft.uns.ac.id 

 

https://doi.org/10.29354/diag/130283
https://doi.org/10.1016/j.measurement.2013.06.038
https://doi.org/10.1109/ACCESS.2021.3050243
https://doi.org/10.1063/1.4968334
https://doi.org/10.1023/A:1018628609742
mailto:djoksus@staff.uns.ac.id
mailto:ubaidillah_ft@staff.uns.ac.id
mailto:aditya@ft.uns.ac.id

