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Abstract: In this research, electric motors faults and their identification is reviewed. Brushless direct‐
current (BLDC) motors stator fault identification using long short‐term memory neural networks
were analyzed. A proposed method of vibration data acquisition using cloud technologies with high
accuracy, feature extraction using spectral entropy, and instantaneous frequency and
standardization using mean and standard deviation was reviewed. Additionally, model training
with raw and standardized data was compared. A total model accuracy of 97.10 percent was
achieved. The proposed methods could successfully identify the motor stator status from normal,
to loss of stator winding imminent and arcing, and lastly to open circuit in stator winding—motor
needing to stop immediately—by using gathered data from real experiments, training the model
and testing it theoretically.
Keywords: brushless DC motor; stator; vibrations; classification; long short‐term memory networks;
deep networks; neural networks

1. Introduction
Brushless DC motors are becoming notorious in wide range adaptability, from electric cars and
scooters to production plants. However, more of those types of motors means more analysis needs
to be done to make them even more reliable and require less maintenance. Vibration analysis is one
of the oldest and most reliable diagnostic tools for machinery. Vibration helps to detect various faults
including mostly mechanical and many electrical defects. The most popular and successfully used
for these types of diagnostics are bearing fault detection. In [1], the authors talk about a few
techniques for processing raw data, like wavelet transform or a more common technique that is used
in the work called fast Fourier transform or FFT, where the waveform is divided into the whole
spectrum of frequencies. Both [2] and [3] discuss other mechanical causes of abnormal vibrations:
rotor imbalance, shaft bow and misalignment, and discrepancies in bearing operations, as well as in
the conditions of couplings, sheaves, belts and other mechanical rotating elements of the assembly,
and also other faults such as mechanical looseness, foundation problems, and structural resonances.
There are two types of vibrations: mechanical and electromagnetic. There are not many
publications talking about electromagnetic vibrations compared to mechanical vibrations, because it
is easier to identify mechanical faults, especially using vibration monitoring. Most of the works there
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rely on FFT [4–6], but they lack a system of identifying the cause of vibrations without human
intervention. There are some publications where some form of automation is used, for example [7].
Authors there applied a discrete wavelet transform for feature extraction and a multinomial logistic
regression to identify the motor’s condition. This is a good approach to modeling problems. Feature
extraction helps to improve the model performance and identify the three conditions of the motor.
Additionally, the authors there used the Wald test to eliminate data that does not have a significant
weight on the model.
Machine learning is also one of the methods for fault detection and identification. It is becoming
more popular and widely used outside of the IT sector, especially with advances in computer
technologies. With its unlimited range of possibilities and adaptability, it is also used in the
technology sector. There is a lot of research in this field including fault identification and monitoring.
Neural networks can be used as pattern recognition for the classification of faults from electrical or
mechanical data (mostly from oscilloscopes).
There are also regression models used for forecasting the faults and calculating the exact
moment when the motor must be stopped as discussed in research [8]. The authors proposed a
method to detect and identify motors’ inner turn short circuits using torque signals. The authors
apply discrete wavelet transform and two types of neural networks: GRNN (generalized regression
neural network) and the more standard MLP (multilayer perceptron) models. MLP neural networks
are quite fundamental and widely used, because of their simple and effective algorithm. In the
research of [9] where authors identified the bearing conditions of the motor by using MLP neural
networks and by designing their model to classify vibration signals to three different classes— broken
outer ring, broken inner ring of the bearing, and healthy. This model used standard parameters
including the Levenberg‐Marquardt training algorithm. Although this algorithm may achieve
accurate results, when dealing with lots of complex data, the accuracy of MLP tends to drop.
There is a lot of research in the diagnostic field that applies long short‐term memory networks
(LSTM). They are a novel type of deep neural networks and are applied quite widely in recent
research. Mostly, LSTM networks are applied for condition monitoring and fault detection or
identification for induction machines, such as asynchronous motors and permanent magnet
synchronous motors. For example, [10], where authors investigate the application of LSTM networks
for temperature prediction in permanent magnet synchronous motors. They were able to successfully
predict the temperature of four different points in the motor by using a quite simple LSTM model
with 35 hidden units, under dynamic conditions with variable speed and torque and measuring
performance by cross‐validation. In research [11], the authors constructed an LSTM neural network
to monitor all three‐phase currents and angle of the permanent magnet synchronous motor. They
state that they can accurately predict the current signals of the motor after training the neural network
including varying the speed and torque. According to the research, it is possible to accurately predict
the motor breakdown by using LSTM and current monitoring. This includes faults such as loss of
winding, short circuits between windings, single‐phase short circuits, and so on. Unfortunately, the
method proposed can hardly be applied in real conditions as there is no long term monitoring, the
motor is working fine, but the error is induced instantly in the experiments. There is some research
like [12], where authors detect inter‐turn faults for induction motors in general. The authors used a
more complex LSTM network, which was four layers deep with a Softmax layer at the end and 1000
hidden units in each of the LSTM layers. An accuracy of 0.8 for both training and testing was
achieved. However, the authors achieved higher performance by using a one‐dimensional
convolutional neural network—1D‐CNN. According to research [13] and [14], an LSTM neural
network can be applied to almost any defect monitoring for induction machines, especially in [13]
where authors use raw vibration signals to monitor for faults, such as voltage imbalance, faulty
bearing, rotor imbalance, bowed rotor, and broken rotor bar. This is novel work to pursue a self‐
diagnosing induction machine by using only one monitored parameter and no signal transformation,
eliminating processes and simplifying the diagnostics, although some form of feature extraction
could further increase the performance of the model and training speed. Feature extraction would
allow the use of more data samples for a more robust model.
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Unfortunately, there is little research on brushless direct‐current (BLDC) motor fault detection,
especially stator faults. So for this research, a novel neural network—LSTM—will be applied for
BLDC motor fault detection. The data for training will be used as in [13], where raw signals were
used.
Main contributions of this paper are as follows:
Fast and very detailed results with advanced and sensitive vibration sensors combined with a
data‐gathering device with a high sampling rate and cloud technologies used, compared to other
research that measured vibrations, for example, [15], [16], and [17].
A highly accurate LSTM model used with two‐part feature extraction with spectral entropy and
instantaneous frequency combined with mean and standard deviation standardization used,
allowing the training of an LSTM network only on CPU, which is faster than training raw data on
GPU. This feature allows a very wide application of LSTM, especially for those that are limited in
their computer performance.
BLDC stator monitoring with neural networks. There was little research found on neural
networks used for BLDC motor condition monitoring particularly for bearing diagnostics. The stator
condition monitoring and fault identification lack publications. This motor is being quite widely
applied and should be analyzed more.
2. Materials and Methods
2.1. The Experiment
For this research, a small test bench was designed. This bench is displayed in Figure 1.

Figure 1. Test bench for the experiment.

In Figure 1, two brushless DC motors (number 1 on the Figure) can be seen, with their drivers
(number 2 on the Figure) and two I/O PROFINET modules (number 3 on the figure). For this
experiment, only one motor was used, with a state of the art vibration sensor (number 4 on the
picture) connected to it. The main parameters of the vibration sensor are given in Table 1, and of the
motor in Table 2. For the rest of the equipment, product references are given in [15]. The I/O modules
were used to send the vibration signals to the monitoring device—S7 Programmable locgic controller
(PLC hereinafter) by PROFINET, which in turn sends the recorded vibration signal to the SIEMENS
“Mindsphere” cloud for further processing. The parameters for the monitoring device used in the
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experiment are given in Table 3. From the cloud, the user can extract the data in the form of a CSV
file with acceleration and time data. In Figure 2, the data acquisition devices of the experiment are
displayed.
Table 1. Technical parameters of the vibration sensor.

Manufacturer

Measuring

Model

Operating

Range

Range

(Min)

(Max)

0.5 Hz

15.000 Hz

Principle

Measurement

Measurement

Range

Range

(Acceleration,

(Acceleration

Max)

(Min)

50 gn

0.002 gn

Sensitivity

Piezo‐quartz

SIPLUS

recorder

CMS2000
Siemens

Operating

with

VIB‐

integrated

Sensor

100 mV/gn

evaluation

S01

electronics

Table 2. Technical parameters of the motor, used in the experiment.

Manufacturer

Model

Nominal
Voltage

Power supply
Range

Idle
Current

Maximum Inrush
Current

Rulmeca
Group

RDR
BL3

24 VDC

18–26 VDC

0.8 A

4.5 A

Table 3. Technical parameters of the monitoring device.

Manufacturer

Model

Frequency
Range

Siemens

CMS
1200

0.1 Hz–10
kHz

Sampling
Frequency
(Max)

Speed
Input

Speed
Range

Monitoring

46 kHz

1 × digital
DC 24 V
pulse

3 rpm–
16.000
rpm

Motors,
generators,
fans, pumps…

Figure 2. Data acquisition devices.

This electrical box contains the SIMATIC S7 PLC used in this experiment (top left) and the
“Mindsphere” gateway (top right). The vibration sensor can measure acceleration in 3 axes. It
communicates directly with the PLC which is connected to the local Ethernet, the same as the
gateway. The gateway then acquires data and sends it to the cloud, where user‐friendly apps can
display the interactive data and also detect anomalies, although only using a threshold. This accurate
monitoring system can pick up 1 million samples of vibration data in just 10 seconds. The
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manufacturers reference for the vibration sensor, motor, I/O module, data gathering device and
Mindsphere gateway are given in [18], [19], [20], [21] and [22] respectively. The experiment was done
in 3 cases to classify: a healthy motor, arcing stator (the motor requires maintenance but does not
have to be stopped immediately), and an open circuit in one of the stator windings. So, 3 different
signals, equal in length were monitored. A brushless DC motor is usually driven by a so‐called three‐
phase DC signal. This is a pulse wide modulation signal (PWM) which is switched to the windings,
which in turn acts in a similar way to a three‐phase motor. This signal is displayed in Figure 3. One
open circuit in the winding means that the motor cannot start, but if it is spinning and the fault
happens, it still works with lots of vibrations and torque ripples. After some time, the motor stops
and needs new windings.

Figure 3. Control signal and back EMF (electromotive force) of brushless direct‐current (BLDC)
motor.

From Figure 3 it can be seen that the signal is shifted 120 degrees between phases. Though it
shares some similarities with the 3 phase permanent magnet synchronous motor, it is quite different,
especially when monitoring vibrations. In the healthy motor FFT spectrum, the usual peaks,
especially at 50 Hz, is missing in BLDC vibrations. The FFT of a healthy motor (1) and defective motor
(2) are given in Figure 4. So, to conclude, deep networks here could achieve more accurate results,
because in FFT analysis, only the amplitudes are higher for all three fault classes, which could be
used for identification of fault existence itself, but not the identification of fault type. The form of the
FFT is almost identical for healthy and for motors with an open circuit in the stator winding. This
could be because FFT only applications are on stationary conditions. Fourier transform of the signal
is obfuscation rather than a recovery of the information under dynamic conditions like in [17], where
authors applied a recurrent neural network to detect BLDC motor bearing faults under non‐
stationary conditions (variable speed and torque). For this training, the information needed will be
extracted from the static sequence of parameters, except for one class, arcing stator winding, which
is hard to forecast and is unpredictable, but the speed or torque of the motor will be static. The neural
network will be used to classify signals by the signal itself varying in the time domain. For the model
to be fully applied for dynamic conditions though, it should be trained with variable‐speed or torque.
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(a)

(b)
Figure 4. Fast Fourier transform (FFT) of the vibrations of healthy (a) and defective (b) BLDC
motors.

As can be seen from the first graph in Figure 4, most of the vibration peaks are at 1000–1200 Hz
range. As previously mentioned, most of the peaks are the same, just with higher amplitude in the
broken FFT.
2.2. Data Acquisition
The raw data acquired in the experiment described above is given in Figure 5.
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Figure 5. Measured vibration signal.

Measurement was done for a total of 10 seconds for each of the motor conditions. The total
training data contains 69 measurement samples with almost 50,000 points each, totaling more than 3
million points across all measurement samples. As can be seen from Figure 5, three characteristics of
vibrations can be distinguished. The first part consisting of arcing winding, thus variable vibration
amplitude can be seen in the graph. The middle part consists of normal vibrations with healthy motor
characteristics and the last part consists of an open circuit in one winding. This is only one
measurement with 50,000 samples where after an arc occurred, the motor lost one of the three phases.
2.3. Training Model
The typical architecture of an LSTM network is given in Figure 6. An LSTM is a deep network
and a type of recurrent neural network (RNN), that is capable of learning long‐term dependencies.
They are widely used for signal, speech, and sound analysis and classification.

Figure 6. Architecture of long short‐term memory networks (LSTM) network nodes [12].

The training model will be done according to the nodes in Figure 6. There, yellow boxes
represent hidden layers, pink ones are operational nodes, and arrows are vector transfers. The
training model equations were used from [23] and [24]. In Neural Computation. the first step, the
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information goes through the forget gate layer, where xt and ht‐1 are either kept or deleted by a
sigmoid layer, this is done with Equation (1).
𝑓

𝜎 𝑊 ∙ ℎ

,𝑥

𝑏

(1)

where ft—decision to keep or discard data (equals to either 1 or 0),
ℎ , 𝑥 —information from previous nodes,
𝜎—hidden layer,
𝑏 —weight matrices and bias vector parameters for learning,
𝑊 —weight matrices and bias vector parameters for learning.
In the second part of the training, it will be decided what information to store in the cell state. It
is a two‐part equation, where the sigmoid layer decides which values will be updated and then a new
vector of values is created by a tanh layer. Then these two layers are combined to create an update.
The combination is done in the X operational node in Figure 6. The calculations for this process are
presented in Equations (2) and (3).
𝑖

𝜎 𝑊∙ ℎ
tanh 𝑊 ∙ ℎ

𝐶

𝑏

,𝑥

(2)
𝑏

,𝑥

(3)

where 𝑖 —values that will be updated,
𝐶 —vector of new candidate values,
𝑊 —weight matrices and bias vector parameters for learning,
𝑊 —weight matrices and bias vector parameters for learning,
𝑏 —weight matrices and bias vector parameters for learning,
𝑏 —weight matrices and bias vector parameters for learning.
Then, the old cell state from the last LSTM layer Ct‐1 is updated to a new cell state C. The update
itself is described in the formulas above. The old state is multiplied by ft, and the other information
is deleted (forgot), which was also decided in the first layers of the network, that is why this network
is called short‐term memory. Then the new candidate values are added and scaled by the amount,
and decided to update each state value. This is described in Equation (4).
𝐶

𝑓 ∙𝐶

𝑖 ∙𝐶

(4)

where 𝐶 —new cell state,
𝑖 ∙ 𝐶 —new, scaled candidate values,
𝐶 —old cell state,
𝑓 —decision whether to keep or discard data from the previous layer.
The last process of the training is where the output is decided. This process is divided into two
parts with two equations. Firstly, which parts of the cell state are going to be outputted is decided by
a sigmoid layer. Then the cell state goes through the tanh to push the values through −1 and 1 and is
multiplied by the output of the sigmoid gate, so only parts that are relevant are outputted. This
process is displayed in Equations (5) and (6).
𝑜

𝑊 ℎ
ℎ

,𝑥

𝑏

𝑜 ∙ tanh 𝐶

(5)
(6)

where, 𝑜 —decided outputs,
𝑊 —weight matrices and bias vector parameters for learning,
𝑏 —weight matrices and bias vector parameters for learning,
ℎ —the output to the next layer.
2.4. Feature Extraction
Now when the training process itself is described, the feature extraction from raw data for
increasing model performance will be used. It was decided to use spectrograms of the signals for the
feature extraction, for their great accuracy. The spectrogram is a visual representation of a signals
frequencies spectrum as it varies in time. The spectrogram is generated using the Fourier transform.
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The data chunks are Fourier transformed to calculate the magnitude of the frequency of each
part. Each part corresponds to a vertical line in the image, this is a measurement of magnitude versus
frequency for the specific time. These spectrums are then laid side by side to form an image. This
process corresponds to the computation of the squared magnitude of the short‐time Fourier
transform of the signal. This is described in Equation (7).
𝑠𝑝𝑒𝑐𝑡𝑟𝑜𝑔𝑎𝑚 𝑡, 𝜔

|𝑆𝑇𝐹𝑇 𝑡, 𝜔 |

(7)

where, t—time,
𝜔—window width,
STFT—short‐time Fourier transform.
After the spectrograms are generated, the features from them are going to be extracted in two
ways: spectral entropy and instantaneous frequency. Spectral entropy measures how spiky flat the
spectrum of a signal is. Low spectral entropy means that a signal has a spiky spectrum (like a sum of
sinusoids). A signal with a flat spectrum has high spectral entropy. The spectral entropy was
calculated using Equations (8) and (9) from [25].
𝑋

𝑥

∑

𝑋

𝑓𝑜𝑟 𝑖

1 𝑡𝑜 𝑁
(8)

where, 𝑋 —the energy of 𝑖 ℎ frequency component,
𝑥 —is the probability mass function of the spectrum.
The Equation (8) is used for sub‐band normalization before doing the entropy computation as
suggested in [25]. After sub‐band normalization, the spectral entropy was calculated using Equation
(9).
𝐻 𝑥

𝑋 ∙ 𝑙𝑜𝑔 𝑥

(9)

∈

Then, the instantaneous frequency will be applied to the same spectrograms. This function
estimates the time‐dependent frequency of a signal as the first moment of the power spectrum. This
function is quite similar to previous computes spectrograms using short‐time Fourier transforms over
time windows. The function time outputs correspond to the centers of time windows. This function
is calculated using Equations (10) from [26].
𝜑 𝑡

arg 𝑠 𝑡

arg 𝑠 𝑡

𝑗𝑠̂ 𝑡

(10)

where, 𝜑 𝑡 —instantaneous frequency,
arg—complex argument function,
𝑠 𝑡 —complex‐valued function.
2.5. Feature Standardization
After eature extraction in two ways, it may mean that the data might differ too much and
increase model bias. In order to use both of these features in one training model, their means have to
be similar. When a network is fit on a large mean and large range of values, these large inputs could
slow down network convergence and the model could lose effectiveness. After the extraction, their
means will be calculated and checked if standardization is needed. The standardization or z‐scoring
will be done by the mean and standard deviation. Standardization will be done using Equations (11)
and (12) from [27].
𝜎 𝑋
𝑍

𝑉𝑎𝑟 𝑋
𝑋

where, 𝜎 𝑋 —standard deviation,
𝐸 𝑋 —expected value (mean of the variable).

𝐸𝑋
𝜎 𝑋

(11)
(12)
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3. Results
3.1. Training with Raw Data
At first, the model was trained with raw data to get an idea of the complexity of the model
needed. Additionally, it could be possible that raw data are easily interpreted and the model may
achieve high accuracy.
For this training, an LSTM neural network model was constructed using a 5 × 1 layer array,
which included:
1. One sequence input layer—this is an input layer with one input dimension (amplitude of
the vibration);
2. BiLSTM—bidirectional long short‐term memory layer described in Section 2.3. The layer
was designed with 200 hidden units (neurons) in the layer. This command instructs the layer
to map the input time series into 200 features and prepares the output to the fully connected
layer;
3. Three fully connected layers—this layer instructs the model to specify the output into three
classes;
4. Softmax layer—where the exponential of the input vector is computed in order to normalize
the data set into a probabilistic distribution with values that sum to one.
5. A classification layer
For this training, the ADAM—adaptive moment estimation solver was used. ADAM is better
with LSTMs than a standard stochastic gradient descent with momentum solver.
For this training, 150 epochs were used to extend the training, since it is expected to take some
time, because of the big proportions of data.
The initial learning rate of 0.02 was selected with a piecewise training function to drop the
learning rate by a factor of 0.1, decreasing the learning rate to 0.002 after 30 epochs. The learning rate
is one of the most important factors to consider because a learning rate that is too high means that
the model may train too rapidly, jumping between low and high errors. A learning rate that is too
low could mean that the model may take too long to increase performance and reach the max epochs
before achieving good training. This parameter is usually guessed from experience and modified by
trial and error.
The gradient threshold was set to 1, to stabilize the training process by preventing the gradients
from getting too large.
Lastly, after doing some test runs on the training, it ran out of graphics card memory, so to
prevent that, the data was split into the minibatch size of 5. Meaning one train epoch will take 12
iterations each.
The training process is given in Figure 7 and the results are represented in the form of a
confusion matrix in Figure 8. The confusion matrix is obtained after the training process itself and is
a very good classification result summary. Mainly the trained model is used again to test the
classification against real data. If the model classifies the output the same as the target, then it
appoints the result to the green diagonal cubes of the matrix, thus counting as correct classification.
If the model classifies incorrectly, then it goes to red cubes, according to incorrect classes that they
were classified, meaning that the total accuracy equals to the sum of all true positives and true
negatives (correct classifications), subtracted by the sum of true positives, true negatives, false
positives, and false negatives. The training process was done using Equations (1)–(6).
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Figure 7. Training process with raw data.

Figure 8. Training results with raw data in the form of a confusion matrix.

As can be seen from the results, the training performed with a very high error. It averaged
around 20–30 percent accuracy, until the learning rate drop at 30 epochs. The drop rate only slightly
increased the accuracy to around 30%. However, it also induced rapid changes in the training process
as mentioned above. The learning rate drop made the training accuracy jump from 18 to 42% accuracy
from iteration to iteration.
The training results are summarized in the form of a confusion matrix in Figure 8. There, the
target and output results are shown. As can be seen, the model misinterpreted the data and classified
all of it as class 3—open contact in one of the windings. This can happen because of the immense size
of the raw data set and also because of the complexity of the data itself. The change of parameters
did not submit more accurate results than the training mentioned above.
Because of the low performance of the training, a method to decrease complexity and extract the
features from the data will be used in the next chapter.
3.2. Training with Feature Extraction and Standardization
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After achieving mediocre results with raw data, it was decided to try and improve training
performance with feature extraction, a useful and widely used data processing tool for machine
learning applications. The raw data given in Figure 9 was first converted into spectrograms using
Equation (7). The resulting spectrograms of each of the classes for one 50,000 sample signal each are
presented in Figure 10.

Figure 9. Raw signal with 50,000 samples for each of the classes.

Figure 10. Spectrograms of each of the signal classes.
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From Figure 10, there is no great difference between classes, compared with raw signals in
Figure 9. However after features are extracted, the difference can be seen. Spectral entropy was
applied to the training dataset using Equations (8) and (9), also the instantaneous frequency
calculations were applied to the whole dataset using Equation (10) and the results of both calculations
of the signals for each of the classes are given in Figure 11.

(a)

(b)
Figure 11. Three signals with features extracted, using spectral entropy (a) and instantaneous
frequency (b).
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For the new training, two datasets are prepared, one with instantaneous frequency and the other
with spectral entropy applied. With the two datasets combined, a signal with two amplitudes can be
created instead of one, adding an extra feature to the training. Now the dataset contains two one‐
dimensional signals. This can significantly improve the training.
After the feature extraction, the data must be standardized. This means that both of the signals’
amplitudes must be on the same order of magnitude. Both of the signals means are calculated and
the results are given below:
Mean of instantaneous frequency signal—1.0684
Mean of spectral entropy signal—0.3644
It is clear that the signals must be standardized. For standardization, the mean and standard
deviation will be used to standardize all of the signals in the training dataset. This was done using
calculations from Equations (11) and (12). The results are given below:
Mean of instantaneous frequency signal—−0.6006
Mean of spectral entropy signal—−0.6089
Now, since the signals are on the same order of magnitude, the training itself can be repeated,
using the same parameters as previously. The only thing that must be changed in the model itself is
another sequence input layer added, totaling a number of two layers. This is because now the dataset
consists of two signals.
Additionally, after a few test runs, it was decided to lower the number of hidden units in the
BiLSTM layer to a total of 120, since the training data after the feature extraction consist of 69 samples
(23 for each of the classes), each with two one‐dimensional signals consisting of 255 sample points
instead of 50,000 each. This should also significantly increase the speed of the training process, which
in turn allows us to increase the minibatch size. The training process is given in Figure 12.

Figure 12. Training process with standardized data.

From Figure 12 it can be seen that the training reached maximum performance at 40 epochs. For
this training, a learning rate of 0.01 was used, with a piecewise training algorithm that drops the
learning rate by a factor of 0.1 after 30 epochs. Because of that, after 30 epochs, the actual learning
rate was 0.001. It learned much faster and more accurately because of the successful feature extraction
and standardization, also it required significantly fewer computer resources, even allowing us to
perform the training on the computer’s central processor instead of the graphics unit. The training
reached a performance of 97.10%. The results in the form of a confusion matrix are given in Figure
13.
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Figure 13. Confusion matrix of training with 97.10% accuracy.

From Figure 13, an assumption can be made that the model accurately classified the data into
correct classes, except for two samples, that were classified incorrectly as class 1 instead of class 2.
That may happen if there were no arcs in the stator and it worked correctly, thus confusing the model.
That may happen when the data set is quite small. In this case, 23 signals for each of the classes is not
that much, but nonetheless, the training achieved quite high accuracy, which can be advanced to
further research.
4. Conclusions and Discussions
A vibration dataset containing three classes of normal, arcing, and open circuit in BLDC motors
stator was gathered using vibration sensors, data gathering devices and cloud technologies.
A one dimensional dataset consisting of 69 signal measurements, 23 for each class with 50,000
sample points of amplitude, totaling more than 3 million sample points were prepared for training.
In response to poor training with raw data, to increase the training performance, feature
extraction and standardization were applied to the dataset. This included producing spectrograms
for all signals in the dataset and extracting the features, using instantaneous frequency and spectral
entropy. The two one‐dimensional signals produced were then consolidated to one signal as two‐
dimensional data, in order to produce 69 datasets with two feature signals for each, thus increasing
training performance. To prepare the data for training after feature extraction, the datasets were
standardized using mean and standard deviation, to level the magnitudes of the signals, avoiding
model confusion during training. The number of hidden units in the BiLSTM layer was reduced to
120 and another sequence input layer added, adding up to two layers in total, to use both signals as
two‐dimensional data. The learning rate was reduced to 0.01 with a piecewise training algorithm to
drop the learning rate by a factor of 0.1 to a total of 0.001 after 30 epochs. The training achieved a
97.10 training error, with two samples of data incorrectly classified.
Although two sets of data were classified incorrectly, which could happen if the motor was
working correctly at the time. That means if sparking happens, the model would still classify it
correctly. The model, however, stillachieved very high performance and an assumption can be made
that it would correctly classify BLDC motor stator status. This research can be further enhanced by
applying the trained model for the real experiment and testing it in a real environment.
Additionally, the sampling rate and sensitivity of the vibration sensor allowed us to achieve very
detailed vibration graphs. This high‐performance technology could ease the process of fault detection
and classification, allowing the detection of all possible faults and anomalies at both static and
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dynamic conditions by using only one measurement. As high detailed data must be preprocessed
before modeling because of the size of data sets, not only the training process becomes very slow, but
it is hard to work with that much data. Feature extraction helps to reduce the size of datasets, not
only increasing performance and training speed but also allowing to train the deep network on CPU.
Because there are not many publications regarding this topic, it should generate a lot of interest
in BLDC analysis, since this type of motor is widely used. It is also quite different from traditional
induction machines, which indicates a need for more research and also different diagnostic
approaches. Predicting stator faults is a very important topic because it is one of the most occurring
defects. It could happen instantly, where prediction is not necessarily needed, or it can occur slowly
by firstly only arcing, where correct prediction could mean saved resources by cheaper repairs and
guarantee of a nonstop production process.
Unfortunately, because of the lack of resources for practical experiments for this research, it was
not possible to apply the working model to the experiment and an assumption had to be made that
model can classify the data in theory correctly. Further enhancements can be made by combining this
vibration analysis model with other fault detection using vibration analysis techniques. For example,
bearing condition monitoring and fault detection, or other faults described in the introduction of this
research. The combination of these fault diagnostic models could lead to a self‐diagnosing motor by
using only vibration analysis. The authors are pursuing this research and are planning to design this
combined model and publish another article in the near future.
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