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Abstract
Bearings are one of themost widely used components of rotarymachines. To keep these bearings running in the best condition,
several techniques for the early diagnosis of faults are applied to enable continuous monitoring of their condition and avoid
unexpected faults that may cause damage to humans and materials. Several works have focused on the development of such
technologies, including those that apply artificial intelligence, in the classification and diagnosis of faults. This work reports
on a multi-layer perceptron (MLP) to classify the conditions of faulty bearings, using the envelope analysis method to extract
the faulty features of the bearings. The proposed architecture is implemented on a field programmable gate array (FPGA)
board, where the Digilent Zybo Z7-20 platform with a Zynq-7000 FPGA circuit from Xilinx was selected as the target.
The Case Western Reserve University (CWRU) dataset, which is considered the standard reference for testing bearing fault
classifications, is used to evaluate the performances. The results of the implemented embedded system are first compared to
those obtained through MATLAB simulations and then to those obtained from the literature. These practical results provide
an average accuracy of 95 and 89% for the fault-type identification and fault-severity identification, respectively.

Keywords Bearing fault classification · FPGA · Embedded system · Envelope analysis · Multi-layer perceptron (MLP)
classifier

1 Introduction

Electrical machines are utilised extensively in diverse indus-
try applications. These machines sometimes operate under
unfavourable conditions, such as high ambient temperature,
high moisture and overload. These unfavourable conditions
produce malfunctions in these machines that result from var-
ious faults, such as drive inverter failures, stator winding
insulation breakdowns and bearing faults. Almost half of
motor failures are due to the bearing [1].

Several techniques are used for diagnosing bearing faults,
such as acoustic measurement, current and temperature
monitoring, noise monitoring, wear debris detection, and
vibration measurement [2, 3]. Amongst these techniques,
the most effective is the vibration measurement because it
can detect, locate and differentiate between different types
of defects [4].
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The diagnosis of bearing defects is based on several sig-
nal processing techniques to extract the features of the faults
in the bearings. In the time domain, several characteristics,
such as the peak value, root mean square, skewness, kurto-
sis, shape and crest factor [5, 6], are considered as the main
statistical features to detect bearing defects. Although these
statistical features have the advantage of simple calculations
and the ability to evaluate the bearing performance, their lim-
itations include their limited success in detecting early-stage
faults, deeply distributed defects and the location of faults.
In addition, many features are used to detect an easy and
clear fault. In the frequency domain, the fast Fourier trans-
form (FFT) is considered a popular and efficient tool in the
spectrum analysis if the signal is under stationary conditions.
The vibration signal that is obtained from the rolling bear-
ing is often nonlinear and non-stationary [7]. As a result,
FFT is inefficient at detecting these types of faults [8]. For
these cases, other methods are proposed, such as envelope
[9] and cepstral analyses [10, 11]. A cepstral analysis is used
to detect bearing faults because it notices the periodic fami-
lies in the frequency spectrum and represents them through
specific peaks in the cepstrum. However, the disadvantage
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of this method is that it generates many unwanted big peaks
at the zero point. Once a localised defect emerges in the
inner or outer race of the bearing, an impact occurs every
time the rolling element crosses the defected area of the
bearing race. This generates impulsive and modulating type
signals, which are distinguished by the periodic repetition of
sharp peaks that are modulated by high-frequency resonance
components. For this reason, the envelope analysis is a well-
known technique to demodulate these types of signals [12].
Moreover, numerous approaches have been suggested in the
time–frequency domain, including wavelet transform (WT)
[13, 14] and empirical mode decomposition (EMD) [15, 16].
The advantage of this domain is that it can handle both sta-
tionary and non-stationary vibration signals. However, this
domain has several limitations. For example, the main lim-
itation of the WT is how to select the appropriate wavelet
function,which is important because of the existence ofmany
wavelet functions that can be used to detect and diagnose
bearing faults [17]. Another limitation is that this approach
suffers from energy leakage. Moreover, the EMD has several
weaknesses, such as end effects, sifting stop criterion and
mode mixing [18, 19]. In general, although time–frequency
techniques are successful when dealing with non-stationary
signals, they are usually complicated, not totally independent
and are complement one another in many cases.

The envelope analysis was demonstrated to be effective
for the diagnosis of bearings faults. Guo et al. [20] proposed
a solution based on the Hilbert transform (HT) method for
extracting the envelope. In addition, they used three support
vector machines (SVM) classifiers to classify the follow-
ing defects: the ball, outer and inner. Tyagi and Panigrahi
[21] used an envelope analysis and particle swarm optimi-
sation (PSO) to identify the bearing faults. PSO was used
to calculate the central frequency and optimal bandwidth of
a bandpass filter. In [22], Amini et al. applied an envelope
analysis of acoustic emission signals to detect and evaluate
the damage on the bearings of freight wagons. The research
by Smith and Randall in a reference study [23] used three
diagnostic techniques (envelope analysis of the raw signal,
cepstrum pre-whitening and a benchmark method) to clas-
sify the diagnosis outcomes of the Case Western Reserve
University (CWRU) data in six categories.

In addition to the envelope analysis, machine-learning
algorithms can play a key role in the classification of bear-
ing faults, and several studies have been proposed in the
literature [24] that aim to improve the classification results.
Unal et al. [25] suggested a technique based on an enve-
lope analysis accompanied by the HT, FFT and an artificial
neural network (ANN) that was optimised by a genetic
algorithm. Ben et al. [26] proposed using the EMD energy
entropy for feature extraction and an ANN network to clas-
sify the bearing condition in seven different states (healthy,
degraded inner race, degraded outer race, degraded roller,

failure inner race, failure outer race and failure roller). A
new approach to extracting bearing fault features was pro-
posed by Kuncan et al. [27], which is based on a statistical
method that uses patterns that are obtained by comparing
the different neighbours of each of the values that appear in
a one-dimensional vibratory signal. In addition, the authors
use SVM, BayesNet, Random Forest, ANN network and k-
nearest neighbour (KNN) to classify the ball, inner and outer
bearing defects. According to Li et al. [28], three entropy
approaches are used with time and frequency features to
classify the bearing defects using six classifiers, including
back-propagation neural network (BPNN), extreme learn-
ing machine (ELM), KNN, softmax regression (SR), logistic
regression (LR) and SVM. The aim of this research study is
to identify the type and severity of each defect from the vibra-
tion signals that are obtained from the CWRU dataset [29].
Laala et al. [30] proposed a method that combined wavelet
package decomposition (WPD) and ANN to detect bearing
faults. The WPD is used to decompose the vibration signal
into a set of sub-signals, where the energy that is related to
the most sensible coefficients that contain the greatest domi-
nant fault information is selected as a distinctive feature fault.
These features are used as the input of ANN to identify the
bearing fault type. Sikder et al. [31] proposed a technique that
involves extracting power features from the motor vibration
data using power spectral density (PSD) and ELM to classify
the bearing faults. They used the multitaper method (MTM)
to estimate the PSD of the vibration signal and five different
learning methods for the ELM, where they concluded that
the “modular” learning method performs best. An approach
to identify the type and level of failure that may occur in
bearings and rotor bearings or in the foot of the motor in a
single-phase capacitor motor was developed by Bicakci et al.
[32]. This approach defined the frequency and amplitude val-
ues of the first five harmonics of the FFT of the vibration
signal and two different ANNs that were customised sepa-
rately and developed to determine the type and rate of the
motor failure. Meserkhani et al. [33] used different param-
eters and features in the time domain that were extracted
from the signal, and four states (one healthy and three faulty
states) were identified based on these. An ANN was used to
separate, detect and classify defect sizes.

Because of the complexity of the approaches that have
been proposed to detect and classify bearing faults, which
generally require complex and specific pre-processing to
determine the signatures of the faults, their implementa-
tion in systems on a chip (SoC) represents a challenge for
researchers. There aremultiple challenges to achieve efficient
implementations in the hardware of embedded intelligence
(EI), such as the necessity for the following: (1) low power
consumption; (2) high computational processing; and (3)
scalability to accommodate diverse network topologies and
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sizes [34]. The fast growth of ANNs has sped up the develop-
ment of several implementation architectures through several
platforms, such as graphics processing units (GPUs), central
processing units (CPUs) and FPGA. However, large-scale
deep-learning topologies require a large amount of parallel
processing, memory resources, important processing power
and high throughput, due to the structure and function of
ANNs. In addition, in the context of real-time hardware sys-
tems, it is important to find the right trade-off between energy
efficiency, performance, cost and fast development (e.g. by
using fixed-point computations and appropriate quantised
memory representations in place of floating-point compu-
tations). Although limited in resources and size, numerous
approaches have indicated that FPGAs deliver a strong start-
ing point for the future implementation of architectures.
Consequently, implementing the solutions on an FPGA cir-
cuit is considered a promising approach, as the circuit is a
specific embedded system that effectively replaces the pro-
cessing of personal computers (PCs) because of its small size,
portability, low cost, low power consumption and real-time
applications [35, 36].

In [37], Kang et al. proposed an algorithm that makes it
possible to make reliable decisions on the state of bearings.
This algorithm is based on the extraction of signatures by
a time–frequency analysis and the SVM. Due to the com-
putational complexity that prevents the use of the proposed
technique in real-time applications, the authors proposed
an FPGA implementation of a multicore architecture that
allows an online fault diagnosis. Camarena-Martinez et al.
[38] offered an approach based on EMD, combined with
adaptive linear element (ADALINE) neural network and
feed-forward neural network (FFNN) classifier, to identify
several motor faults, such as broken rotor bars, bearing
defects and unbalance. The whole system is implemented on
FPGA for real-time operations to analyse the characteristics
of motor signals and detect the different states of the induc-
tion motor. In [39], Contreras-Hernandez et al. proposed
using a quaternion signal analysis (QSA) to characterise the
behaviour of temporal signals (accelerometer and current)
while using a reduced number of samples. The decision tree
algorithm is used to classify several types of faults, including
bearing faults,which thenmust be implemented on anFPGA-
type platform to validate its effectiveness under real operating
conditions. Cabal-Yepez et al. used information entropy
merged with ANN to detect the faults that occur in induction
motors. The authors proposed the FPGA-based implemen-
tation of the neural networks for the automatic diagnosis of
faults using the analysis of vibrational signals from a three-
axis accelerometer [40]. In [41], Bengherbia et al. developed
an FPGA-basedwireless sensor node for amachine vibration
monitoring system and fault diagnosis. The suggested wire-
less node is based on a Xilinx Artix7-XC7A35T circuit and
connected via a serial peripheral interface to the nRF24L01+

transceiver as a low-power and low-cost wireless radio mod-
ule. In continuous work [42], the authors replaced the FFT
processing of vibrational signals with an ADALINE neural
network to extract the harmonics and identify the faults in
rotating machines.

In this work, we designed and implemented an embed-
ded intelligent system to diagnose bearing faults. The system
includes a bearing state signature extraction through enve-
lope analysis and reliable decision-making using a multi-
layer perceptron (MLP), which significantly decrease the
FPGA’s hardware resource utilisation while maintaining
acceptable accuracy. In this context, we implement the pro-
posed architecture on the Digilent Zybo Z7-20 platform with
a low-cost and low-energy consumption FPGA circuit from
Xilinx. This approach provides an intelligent system that
has been tested with the CWRU bearing data, following the
recommendations by the two benchmark studies [23, 28],
where they conclude that some combinations of data from
this dataset make it easy to classify the fault types or fault
severities, while several combinations are difficult for pat-
tern identification. In addition, most existing fault diagnosis
research works using this dataset have several limitations,
such as the absence of a comprehensive analysis of bearing
fault variations and diversity and only focusing on certain
bearing fault combinations. This led to the saturation of the
classification accuracy (almost 100%).

The proposed method initially extracts the envelope of the
raw signal through the HT, and the envelope spectrum is cal-
culated by applying FFT. This makes it possible to determine
the amplitude of the frequency peaks, which characterise
the fault type. The determined peak’s amplitudes are used
as input features for the MLP classifier. The computational
complexity in the suggested system limits its use in real-time
applications. To address this issue, we propose an FPGA
implementation that provides a high processing capacity and
a low computation time by exploiting the hardware/software
co-design approach. This amounts to optimally embedding a
processor in the FPGA and custom IP-cores for the envelope
analysis and MLP network. A program that is written in C
is executed to manage the various tasks in the system. The
aims are to keep the flexibility of the processor while taking
advantage of the hardware resources that are available in the
FPGA to improve the real-time performance.

The remainder of the paper is organised as follows: Sect. 2
focuses on the theories regarding the bearing fault char-
acteristic frequencies, envelope analysis and MLP; Sect. 3
presents the architectural design of the proposed algorithms;
Sect. 4 describes the CWRU dataset; Sect. 5 presents the
experimental tests and results; and Sect. 6 provides the con-
clusion.
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Fig. 1 Flowchart of the proposed fault diagnosis method

2 ProposedMethod

This section presents the proposed method. Figure 1 illus-
trates the flowchart for the suggested method. First, the
raw vibration signal of the bearing is segmented into sub-
signals. Second, the envelope spectrum is calculated. Third,
the amplitudes corresponding to the bearing fault frequency
characteristics are determined. Finally, the MLP classifier is
used to diagnose the bearing fault type and its severity fault.
The principle of each step is discussed in detail in the fol-
lowing sections.

2.1 Bearing Fault Frequencies

Most rolling bearings consist of an inner and outer ring.
Between these two rings, the rolling elements are kept at
an equal distance from each other by a cage that guides
them and facilitates their rotation, thus preventing contact
between them. The standard shapes of the rolling elements
include the following two categories: balls and rollers. The
rollers are classified according to their forms and we distin-
guish between the symmetrical and asymmetrical cylindrical,
taper and needle rollers. Because bearings are composed
of multiple parts, they are the most fragile components in
rotating machinery, where a characteristic fault frequency is
associated with each of the four parts that make up the bear-
ing. Defects that appear on the bearings are manifested by
the appearance of periodic shocks at certain frequencies. To
achieve a reliable diagnosis from the spectrum of the vibra-
tion signal, we can use a certain number of characteristic
frequencies. These frequencies are noted as follows:

• Ball pass frequency inner (BPFI) or inner race failure
frequency. We assume a given point of the inner track,
and this frequency corresponds to the number of balls (or
rollers) that pass through this point each time the shaft
makes a complete rotation.

• Ball pass frequency outer (BPFO) or outer race failure
frequency. We assume a given point of the outer track,
and this frequency corresponds to the number of balls (or
rollers) that pass through this point each time the shaft
makes a complete rotation.

• Ball spin frequency (BSF) or rolling element failure fre-
quency. This corresponds to the number of turns that a
bearing ball (or roller) makes each time the shaft makes a
complete rotation.

• Fundamental train frequency (FTF) or cage failure fre-
quency. This corresponds to the number of turns that the
bearing cage makes each time the shaft makes a complete
rotation.

The different frequencies depend on the rotation speed,
and the geometric dimension can be calculated using the fol-
lowing equations:

BPFI = nfr
2

(
1+ d

D
cosα

)
(1)

BPFO = nfr
2

(
1− d

D
cosα

)
(2)

BSF = Dfr
2d

(
1−

(
d

D
cosα

)2
)

(3)
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FTF = fr
2

(
1− d

D
cosα

)
(4)

where n is a number of ball (rolling) elements, fr is the shaft
speed, d is the ball bearing diameter, D is the pitch bearing
diameter and α is the bearing contact angle.

2.2 Envelope Analysis

The envelope analysis is an efficient method of extracting the
fault features from impulsive andmodulating signals and can
be found inmany electrical machinery components, such as a
bearing [21]. This type of signal has an amplitudemodulation
(AM) effect on the characteristic frequencies of the bearing.

The following three steps illustrate the envelope analy-
sis methodology: bandpass filtering, envelope extraction and
envelope spectrum calculation. The bandpass filter is used to
eliminate random noises outside the bandpass, in addition to
the low frequency, high amplitude signals that are created by
unbalancing or misalignment, which allows one to obtain a
good signal-to-noise-ratio (SNR) [43]. The envelope extrac-
tion step is performed via the HT, as its implementation in
the frequency domain is the most efficient method for this
step [44]. In this case, the analytic signal of the input x is
processed using Eqs. (5)–(7) as follows:

Z in = fft(x) (5)

Za(n) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

Z in(n) , i f n = 0,
N

2

2Z in(n) , i f 0 < n <
N

2

0 , i f
N

2
< n < N

(6)

za = ifft(Za) (7)

where Z in is theFast FourierTransfer of x , za is the InversFast
Fourier Transfer of Za, and n is the index of data sequence
with the length of N [45].

At the end, a complex signal is created, where the real part
is the original signal and the imaginary part is the HT of the
original signal. The envelope of the signal can be calculated
using Eq. (8).

zenv =
√
za × conj(za) (8)

Finally, the spectrum of the envelope can be computed by
Eq. (9).

Zenv = |fft(zenv)| (9)
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Fig. 2 Structure of the MLP

2.3 MLP

ANNs considered an important classification method in the
field of machine monitoring. Their use in industrial super-
vision applications has proven to be effective in the early
detection ofmachine failures and avoids unpredictable break-
downs in the production chain. Several architectures forANN
have been proposed, and the most usable one for the classi-
fication of machine faults is the MLP architecture [40].

MLP networks are composed of the following three essen-
tial layers: input, output and one or more hidden layers. Each
layer is composed of a certain number of neurons. The struc-
ture is illustrated in Fig. 2. InMLP networks, each product of
the input elements (xi ) and weights (wi ) is fed to summing
junctions and summedwith the neuron bias (b). The resulting
sum passes through an activate function ( f ), which gener-
ates an output (y) that is like that shown in Eq. (10). Although
there are several activation functions, the most common ones
are as follows: hyperbolic tangent (Eq. 11), logistic sigmoid
(Eq. 12), and linear functions (Eq. 13).

y = f

(
I∑

i=1

wi xi + b

)
(10)

f (n) = 1− e−2n

1+ e−2n (11)

f (n) = 1

1+ e−n
(12)

f (n) = n (13)

The MLP is trained by the back-propagation (BP) algo-
rithm, which follows a learning procedure based on iterative
adjustments of the weights and biases to minimise the error
between the actual and predicted values (target values) of the
ANN model. The training process continues until the error
decreases to an acceptable value. The error function that is
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applied for this purpose is usually the mean square error
(MSE), which is presented in Eq. (14).

e = 1

2

Q∑
k=1

(t(k) − y(k))2 (14)

where t is the target, y is MLP output, Q is the sample size
and k is the sample number [25].

Finally, the updated weights are provided by the Eq. (15)
as follows:

wi, j(k + 1) = wi, j(k) −
[
η

∂e

∂wi, j
+ β�wi, j(k − 1)

]
(15)

where η is the learning rate and β is the momentum term, β
is used to increase the speed of convergence.

3 Design, Implementation and Test
of the Proposed Diagnosis System

To meet the requirements of a monitoring system for the
fault diagnosis in rotating machines in terms of rapidity and
reliability, we have chosen an FPGA platform. This helps us
to achieve our objectives due to its hardware architecture that
offers a high performance in digital signal processing.

We selected a hybrid architecture, the ZynQ from Xilinx.
This circuit category offers mixed architecture, which con-
sists of two main sections. The first is a processing system
section (PS), which includes an ARM Cortex A9 dual-core
processor, and the second is a programmable logic section
(PL),which includes configurable hardware resources. In this
work, we have used the Digilent Zybo-Z7-20 platform to
implement the complete proposed system. As we have cho-
sen the hardware/software co-design technique, the functions
to be accelerated, such as the envelope analysis and MLP
classifier, are implemented in hardware in the logical section
of the FPGA, while the other tasks in the proposed architec-
ture are implemented in the software and will be executed by
the ARM processor.

3.1 Envelope Analysis Design

As the envelope analysis is based on FFT/inverse FFT (IFFT)
processing, we have chosen to use the FFT block that is avail-
able as the custom intellectual property (IP) core in theXilinx
Vivado software library. This block offers several possible
configurations. Amongst them, the pipeline-streaming con-
figuration allows continuous data processing and is suitable
for real-time processing. To ensure such a configuration and
guarantee a fast data transfer, a DMA IP-core has been used.
Another advantage is that the same block is used for FFT
and IFFT processing. To switch between the two functions,

Table 1 Resources consumption of the MLP IP-core

Available resources Consumed resources

Fixed point Floating point

LUTs (53,200) 16,260 26,496

DSPs (220) 68 112

Registers 2200 3232

a software configuration has been designed and executed by
the ARMprocessor. In addition, we have chosen to configure
the block for 8192 points coded in a 32-bit fixed point.

3.2 MLP Design

As part of this work, the design of the MLP block is car-
ried out using Xilinx System Generator (XSG) software.
This fast development tool from Xilinx is integrated into the
MATLAB-Simulink environment to allow the user to create
highly parallel systems for FPGA.Figure 3 illustrates the pro-
posed architecture, which comprises a single input layer, in
which its inputs are the peak’s amplitudes at the BPFI, BPFO
and BSF frequencies. In addition, the structure includes one
hidden layer that is composed of four neurons and an output
layer that provides four outputs that correspond to the con-
dition of the bearing (normal, ball fault, inner race fault and
outer race fault), where this output layer is one-hot encoding.
Figure 4 shows that each neuron is composed of sets of addi-
tion and multiplication blocks and memory units to store the
weights and biases that were previously obtained by MAT-
LAB offline training. The best performances are obtained
using a hyperbolic tangent function for the hidden neurons
and a linear function for the output neurons. Figure 5 shows
the proposed architecture of the hyperbolic tangent function.

To ensure maximum accuracy, a floating-point configu-
ration is chosen in the settings of the different blocks of the
proposedMLP (Table 1).Although this choice implies a huge
consumption in terms of resources (almost double compared
to a fixed-point configuration), it remains an important choice
to reduce diagnostic errors.

The designedMLP is first testedwith simulation viaMAT-
LAB and then retested by co-simulation using the Zynq
platform as a target. These tests are performed to verify
the performance of the hardware block for operation at a
high processing frequency and reduced time processing (low
latency). At the end of this phase, we obtain a fully opera-
tional IP-core, which will be added to the overall architecture
of the complete proposed embedded diagnosis system.

123



Arabian Journal for Science and Engineering

Fig. 3 Architecture of the proposed MLP using Xilinx System Generator

Fig. 4 Architecture of a single neuron model
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Fig. 5 Architecture of the hyperbolic

Fig. 6 Hardware Block diagram of the proposed system

3.3 Test and Results of the Complete Proposed
System

The hardware system is designed with Xilinx’s Vivado
2018.2. The different blocks that constitute the architecture
are added in the form of IP-cores in the PL section, either
from the library of the IP-cores of Xilinx, such as for the
FFT block, or built beforehand and added in the architecture,
such as for the MLP (Fig. 6).

The Zynq processing system that is integrated into the
FPGA is used as a kernel that manages all the blocks by
executing the software. These blocks in the PL section can
be controlled and monitored using memory-mapped regis-
ters, which can be accessed by processors via the AXI-bus.
The code is implemented using the software development kit
(SDK) of Xilinx in the C language.

Table 2 FPGA resources consumption

Resource Used/available Utilisation (%)

LUT 34,875/53,200 65.55

LTURAM 1877/17,400 10.79

FF 17,822/106,400 16.75

BRAM 37/140 26.43

DSP 209/220 95

BUFG 1/32 3.13

The implementation results are summarised in Table 2.
The results show that the resource requirement is approx-
imately 95% of digital signal processing (DSP) slices and
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65.55% of LookUp Tables (LUTs). This is due to using sev-
eral multiplication blocks in the MLP architecture and the
system configuration in the floating point.

To evaluate the overall performance of the FPGA imple-
mentation for the envelope analysis, the implemented full
system of 8192 points of CWRU data is processed. A sim-
ilar processing is also executed on the PC using MATLAB,
and the results that are obtained at each step are compared
with those that are obtained using the FPGA. First, the origi-
nal temporal signal is processed in FFT to obtain the spectral
representation of the signal, followed by an IFFT process that
is carried out on the one-sided spectrum of the signal to take
advantage of the symmetry in the spectrum of the original
signal. Finally, the signal from the second step is processed
in FFT to obtain the envelope spectrum, which characterises

the fault. Figures 7, 8 and 9 illustrate the results. As shown,
the signals that are obtained by the FPGA processing are like
those of MATLAB.

4 Dataset Description

The vibration signals that are used in this study come from
the CWRU Data Centre. This dataset has been considered
in several works as a benchmark for testing and evaluating
the effectiveness of new proposed techniques for diagnosing
bearing defects and comparing them to existing ones. The
used test bench is shown in Fig. 10 and has a 2 hp motor
that reaches a maximal rotational speed of 1797 rpm on its
left side. A dynamometer is placed in the right side, and a
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Fig. 10 CWRU bearing test rig [29]

torque transducer/encoder is placed between them. To sup-
port themotor shaft, test bearingswere usedwith parameters,
as shown in Table 3. During the experiments, single-point
defects were caused in the test bearings by electro-discharge
machining. To collect the vibration data, two sensors were
fixed vertically to the drive end (DE) of the motor housing
and the fan end (FE) of the bearing housing. The third was
attached to the engine baseplate (BP) [29].

The data are recorded in sequences of more than 121,200
and 484,483 points for sampling rates of 12 and 48 kHz,
respectively. The test bench collects vibration data for the
following three types of faults: inner race, outer race and in
the ball. The frequencies are shown in Table 4.

In this work, we are interested in identifying the type of
defect and its severity. In both cases, the data obtained from
measurements that were made on the bearings on the DE (12
and 48 kHz) and FE. Regarding the outer race defect, we
adopted the tests that were conducted in the load area, where
the sensor was positioned in the centre (6 o’clock) for the DE
data and orthogonal (3 o’clock) in the load zone for the FE
data.

First, each dataset’s signals are segmented on data sam-
ples of 2048 and 8192 points for the sampling rate of 12 and
48 kHz, respectively, which results in a set of almost 60 data
samples for each fault signal. From these 60 samples, 40 are
randomly selected and divided into two groups. One group
of 20 samples is reserved for training, and the second one
is selected for testing. This segmentation method is like that
proposed by Li et al. [28], which enables us to compare our
work with theirs. In addition, we have adopted the following

four fault-type identification labels: ‘1’ (normal); ‘2’ (ball
fault); ‘3’ (Inner race fault) and ‘4’ (outer rate fault). For the
fault-severity identification five labels, we used the follow-
ing: ‘1’ (normal); ‘2’ (0.007 in fault); ‘3’ (0.014 in fault); ‘4’
(0.021 in fault) and ‘5’ (0.028 in fault).

Regarding the DE data, for the outer race defect with a
0.028 in defect diameter, data were not collected, which lim-
its the fault-type identification to the following three labels:
normal, ball defect, inner defect. The fault-severity identifi-
cation was limited to the following four labels: normal, 0.007
in, 0.014 in and 0.021 in. Regarding the FE data, for the
outer race defect with a 0.021 in defect diameter and load of
zero, data were not collected, which makes it possible to dis-
tinguish the following three possible cases in the fault-type
identification: normal, ball defect, inner defect. Similarly,
the following three cases were distinguished in the fault-
severity identification: normal, a fault of 0.007 in and 0.014
in. Regarding DE data with a 48 kHz sampling rate and load
of zero, only 14 data samples were selected for each fault due
to the short recording of the signals, which provided 56 data
samples in total. This set is reduced to only 42 in the case of
0.014 in defect diameter, because the inner race defect data
were not collected. Finally, regarding the FE and DE data
(48 kHz), the fault-type identification does not include the
case of 0.028 in fault width because no signal was collected.

5 Experimental Results

We performed the following two categories of experimen-
tal tests (Fig. 11): fault-type identification and fault-severity
identification. In addition, the results thatwere obtainedusing
the FPGA board were validated by those that were simulated
on a PC using MATLAB.

In the following subsections, to clarify the value of the
BPFO, a red dash line is established; for the BSF, a green
dash line is established; and for the BPFI a magenta dash
line is established.

5.1 Fault-type Identification

Table 5 shows the classification accuracy results for each
load, the different bearing defect diameters (0.007 in, 0.014
in, 0.021 in and 0.028 in) and the three datasets.

Table 3 Bearings size (in) [29]
Bearing model number Inside diameter Outside diameter Ball diameter Pitch diameter

6205-2RS JEM SKF
(DE)

0.9843 2.0472 0.3126 1.537

6203-2RS JEM SKF
(FE)

0.6693 1.5748 0.2656 1.122
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Table 4 Defect frequencies
(multiple of shaft speed in Hz)
[29]

Position on rig BPFI BPFO FTF BSF

Drive end (DE) 5.4152 3.5848 0.39828 4.7135

Fan end (FE) 4.9469 3.0530 0.3817 3.9874

CWRU dataset

Identify fault type Identify fault severity 

Drive end bearing 
(DE) 

(Sampling rate (12
KHz)) 

Fan end bearing 
(FE) 

(Sampling rate (12
KHz)) 

Drive end bearing 
(DE) 

(Sampling rate (48
KHz)) 

Drive end bearing 
(DE) 

(Sampling rate (12
KHz)) 

Fan end bearing 
(FE) 

(Sampling rate (12
KHz)) 

Drive end bearing 
(DE) 

(Sampling rate (48
KHz)) 

(a)
normal

ball 
inner race
outer race  

(b)
normal

ball 
inner race
outer race  

(c)
normal

ball 
inner race
outer race  

(a)
normal
0.007 in 
0.014 in 
0.021 in 
0.028 in   

(b)
normal
0.007 in 
0.014 in 
0.021 in    

(c)
normal
0.007 in 
0.014 in 
0.021 in    

Fig. 11 Tests process flowchart

Table 5 Result of classification
accuracy of fault-type
identification

Fault
width
(in)

Load
(hp)

DE (12 kHz) dataset FE (12 kHz) dataset DE (48 kHz) dataset

Using
MATLAB

Using
FPGA

Using
MATLAB

Using
FPGA

Using
MATLAB

Using
FPGA

0.007 0 100 100 86.25 72.5 100 100

1 100 100 85 76.25 98.75 100

2 100 100 86.25 72.5 100 98.75

3 100 98.75 78.75 76.25 98.75 100

Mean 100 99.69 84.06 74.37 99.37 99.69

0.014 0 85 78.75 98.75 100 88.10 80.95

1 98.75 93.75 100 98.75 87.5 83.75

2 95 91.25 100 100 83.75 82.5

3 96.25 87.5 100 98.75 86.25 82.5

Mean 93.75 87.81 99.69 99.37 86.40 82.42

0.021 0 100 96.25 100 80 100 87.5

1 100 100 93.75 91.25 100 97.5

2 100 100 92.5 91.25 100 97.5

3 100 91.25 95 90 100 92.5

Mean 100 96.87 95.31 88.12 100 93.75

0.028 0 100 95

1 100 95

2 100 93.33

3 100 96.67

Mean 100 95
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(a) DE bearing (12 kHz) dataset case
The obtained results show that the MLP classifier can
easily classify the type of defect, with a test accuracy
exceeding 95% in most cases. However, we recorded
a minimum accuracy of 78.75% for the bearing with
a defect of 0.014 in and a load of zero using FPGA.
It should be noted that this result is slightly less than
that obtained with MATLAB (85%). In this case, the
results are shown in Fig. 12. Although the number of
misclassified samples in the case of a ball fault is very
large, it is not the case for the inner and outer race faults.
By representing the envelope spectrum (Fig. 13) of such
a situation, we can see that it is difficult to detect the
peak’s amplitude that corresponds to the BSF andBPFO
frequencies (Fig. 13a, b, e), which justifies the difficulty
that was encountered regarding the classification.

(b) FE bearing dataset case
We can observe that the defects of 0.014 in and 0.021
in could easily be identified with a test accuracy that
exceeds 80%. In addition, the testing accuracy for the
0.007 in fault type decreased, with a lower test accuracy
of 72.5%, which is recorded in loads zero and two using
the FPGA.
To explain this, we have analysed the least accurate
result for both implementations (FPGA andMATLAB).
Figure 14 shows the classification results using FPGA
for load two and MATLAB for load three. We note that
several samples are misclassified in the case of the ball
and outer faults. To explain this, Fig. 15a, b shows that
the peak’s amplitude at the BSF for the type of ball
defect is unclear, and Fig. 15e, f shows that the peak’s
amplitude at theBPFO for the type of outer defect is also
unclear. Therefore, we cannot identify the ball and outer
defects. However, concerning the inner defect, Fig. 15c,
d shows that the peak amplitude at the BPFI is clear.

(c) DE (48 kHz) dataset case
These results are in accordance with those found for the
12 kHz sampling frequency and show that the defect of
0.007 in and 0.021 in can easily be classified. However,
for the bearing with a defect of 0.014 in, a minimum
accuracy of 80.95% is recorded with load zero using
FPGA. Figure 16 shows that some samples are mis-
classified in the case of the ball defect. To explain this
phenomenon, Fig. 17 shows the envelope spectrum rep-
resentation in the case of loads zero and 0.014 in for
the defect type, which shows that is difficult to detect
the peak’s amplitude that corresponds to the BSF fre-
quency (Fig. 17a). Meanwhile, concerning the outer
defect, Fig. 17c, d shows that the peak amplitude at the
BPFO is clear.

To further clarify our approach, we present another exam-
ple containing three types of defects. For this example, we

have chosen load one and a defect of 0.014 in. The classifica-
tion results are presented in Fig. 18. These results show the
number of misclassified samples in the case of the ball defect
and demonstrate that the outer defect is very large. In addi-
tion, we can see that some of the samples are misclassified in
the case of the outer defect. Figure 19 presents the envelope
spectrum in the case of a defect of 0.014 and load one. We
can observe that it is hard to detect the peak’s amplitude that
corresponds to the BSF and the BPFO frequencies as shown
in Fig. 19a, b, e, f. This explains the lower testing accuracy.

5.2 Fault-severity Identification

Table 6 shows the classification accuracy results for each load
with different bearing defect types (ball, inner, outer) for the
three datasets.

(a) DE bearing (12 kHz) dataset case
The inner and outer race faults can be clearly classified
using FPGA and MATLAB, with a testing accuracy of
more than 92%. However, for the ball defect bearing,
the testing accuracy decreased. The classification result
is presented in Fig. 20 for load zero. In this worst case,
a testing accuracy of 66% is obtained using FPGA.
The number of misclassified samples in the case of a
0.014 in defect is very high using both MATLAB and
FPGA. Additionally, the number of misclassified sam-
ples in the case of a 0.028 in defect using FPGA is large
compared to that obtained using MATLAB. To explain
this decrease in precision, the representation of the enve-
lope spectrums is presented in Fig. 21. It is difficult to
detect the peak’s amplitude that corresponds to the BSF
frequency for the defects of 0.014 in (Fig. 21c, d). In
addition, for the 0.028 in defect, the peak’s amplitude
of theBSF frequency usingMATLAB is clear compared
to the peak’s amplitude using FPGA.

(b) FE bearing dataset case
These results are similar to the results that were obtained
in the case of the DE bearing fault-severity identifica-
tion, where the inner and outer faults can be classified
easily (with a test accuracy of over 88.75%), while
the MLP classifier performs worse for the ball fault.
Figure 22 presents the classification results of the ball
fault for load zero. As these results show, most sam-
ples are misclassified in all cases of ball defects for both
implementations (FPGA andMATLAB). To understand
the poor performance in this case, the envelope spectrum
of the ball fault in load zero is shown in Fig. 23. It can
be observed that all the peak’s amplitudes in the BSF
are unclear for the different cases of ball faults (0.007
in, 0.014 in, and 0.021 in). This explains the difficulty
that was encountered in the classification.

(c) DE (48 kHz) dataset case
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Fig. 12 Classification results in the case of DE bearing (12 kHz), 0.014 in, load 0: a using FPGA, b using MATLAB
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Fig. 13 Envelope spectrum (DE (12 kHz), 0.014 in, load 0): a ball fault (FPGA), b ball fault (MATLAB), c inner fault (FPGA), d inner fault
(MATLAB), e outer fault (FPGA), f outer fault (MATLAB)

The results that were obtained for this experience cor-
respond to those obtained from previous experiences,
where the outer and inner defects can easily be iden-
tified, whereas the ball defect is difficult to detect. The
minimum testing accuracy is achieved for load three and
the ball fault. The classification results of this case are
displayed in Fig. 24. Many samples are misclassified
for the bearing, with defects of 0.007 in, 0.014 in and
0.021 in. Figure 25 presents the envelope spectrum of
the ball fault and shows that the peak’s amplitude that
corresponds to the BSF frequency is unclear.

5.3 General Discussion of the Results Obtained
Using the Implemented System on FPGA

In this subsection, we discuss the results that were obtained
using FPGA implementation concerning the two tests that
were cited in detail previously, which can easily diagnose
many datasets.

First, regarding the DE (12 kHz) dataset, only two cat-
egories of the 0.014 in fault width (loads zero and three)
recorded a testing accuracy of less than 90% (78.75 and 87.5,
respectively). Second, concerning the FE dataset, the 0.007
in category recorded the worst testing accuracy of 70% in all
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Fig. 14 Classification results in the case of FE bearing, 0.007 in: a using FPGA, load 2, b using MATLAB, load 3
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Fig. 16 Classification results in the case of DE bearing (48 kHz), 0.014 in, load 0: a using FPGA, b using MATLAB
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Fig. 18 Classification results in the case of DE bearing (48 kHz), 0.014 in, load 1: a using FPGA, b using MATLAB

cases. Third, the results of the DE (48 kHz) dataset were like
those obtained at 12 kHz. However, a lower accuracy in the
case of the 0.014 in category was recorded at 80% in most
cases. Fourth, regarding the fault-severity identification of
the three datasets, the inner and outer fault types were easily
detected. Nevertheless, it is difficult to identify the ball fault.

In addition, the results of the implementation on FPGA
show that they are lower than those obtained with MATLAB
simulations due to using fixed-point computations during the
features parameters extraction phase to minimise the con-
sumption of physical resources on the FPGA circuit. This
results in less energy consumption and faster computing.

5.4 Comparison with PreviousWork

In this subsection,we compare our resultswith others that use
the CWRU database in the same way as presented above and
the same testing scenarios. In this context, the recent study in
[28] adopted similar benchmark methodology. The compari-
son is limited to the BPNN-type classifier, which is similar to

ours. In addition, it should be noted that their study is limited
to simulations, whereas ours targets a physical implementa-
tion of FPGA.

Tables 7 and 8 show that the simulation results usingMAT-
LAB of the proposed method provide an average accuracy
approximately 98.4 and 94% for fault-type and fault-severity
identifications, respectively, which are better than thosemen-
tioned in [28]. In Figure 26a, the boxplots show that 75%
of our results have an accuracy greater than 99.4%, while
75% for the TFF method have an accuracy greater than 93%
for the fault-type identification. In addition, regarding the
fault-severity, Fig. 26b shows the superiority of our pro-
posedmethod.Therefore, 75%of the results have an accuracy
greater than 91%, while 75% for the MPE method have an
accuracy greater than 90%.

Our results using FPGA provide an average accuracy of
94.84% for fault-type identification and 88.81% for fault-
severity identification. The boxplots in Fig. 26 show that
75% of the results provide an accuracy of over 92.3% for
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Fig. 19 Envelope spectrum (DE (48 kHz), 0.014 in, load 1). a ball fault (FPGA), b ball fault (MATLAB), c inner fault (FPGA), d inner fault
(MATLAB), e outer fault (FPGA), d outer fault (MATLAB)

Table 6 Result of classification
accuracy of fault-severity
identification

Fault
width
(in)

Load
(hp)

DE (12 kHz) dataset FE (12 kHz) dataset DE (48 kHz) dataset

Fault
type

Using
MATLAB

Using
FPGA

Using
MATLAB

Using
FPGA

Using
MATLAB

Using
FPGA

Ball 0 83 66 70 61.25 89.25 85.71

1 86 67 76.25 78.75 77.5 67.5

2 91 75 86.25 76.25 78.75 68.75

3 91 68 93.75 87.5 73.75 53.75

Mean 87.5 69 81.56 75.93 79.82 68.92

Inner
race

0 92 98 92.5 91.25 90.48 92.86

1 95 99 100 95 100 100

2 99 99 100 98.75 100 100

3 93 95 100 95 82.5 83.75

Mean 94.75 97.75 98.12 95 93.24 94.15

Outer
race

0 100 100 100 95 100 98.21

1 100 100 95 98.75 100 98.75

2 100 100 98.75 88.75 100 98.75

3 100 98.75 98.75 95 100 95

Mean 100 99.69 98.12 94.37 100 97.68
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Fig. 20 Classification results in the case of DE ball fault (12 kHz), load 0: a using FPGA, b using MATLAB
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in fault (MATLAB), e 0.021 in fault (FPGA), f 0.021 in fault (MATLAB), g 0.028 in fault (FPGA), h 0.028 in fault (MATLAB)

the fault-type identification and 71.5% for the fault-severity
identification.

5.5 Processing Time Results

In this subsection, the results of the processing timemeasure-
ments are presented for the two implementations (MATLAB

on PC and the FPGA). Regarding the first implementation,
the MATLAB 2018a software is run on a laptop with a
2.6 GHz i5-7300U processor and 8 GB of random-access
memory (RAM). Regarding the second implementation, a
timer is added to measure the processing time. The results
that are presented in Table 9 show that in the case of the
FPGA, the maximum time that is required to complete the
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Fig. 22 Classification results in the case of FE ball fault, load 0: a using FPGA, b using MATLAB
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Fig. 23 Envelope spectrum (FE, ball fault, load 0): a 0.007 in fault (FPGA), b 0.007 in fault (MATLAB), c 0.014 in fault (FPGA), d 0.014 in fault
(MATLAB), e 0.021 in fault (FPGA), f 0.021 in fault (MATLAB)

processing of all samples is less than 1.6 s, which remains
promising for embedded systems, and approximately 259ms
for the MATLAB implementation.

6 Conclusion

In this research, an embedded intelligent system has been
designed to identify the bearing fault types (ball, inner race
and outer race faults) and the degree of severity.

Our first contributionwas to propose a system that used the
envelope analysis to process the raw vibration signals that are
obtained from the CWRU dataset to obtain the amplitudes of
peaks that correspond to the bearing fault frequencies that are
used as inputs for the MLP network classifier. The obtained
results that were simulated by MATLAB show that it is pos-
sible to achieve an average accuracy of approximately 98.4
and 94% for the fault-type and fault-severity identifications,
respectively, for the DE (12 kHz) dataset, which provides
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Fig. 24 Classification results in the case of DE bearing ball fault (48 kHz), load 3: a using FPGA, b using MATLAB
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Fig. 25 Envelope spectrum (DE (48 kHz), ball fault, load 3). a 0.007 in fault (FPGA), b 0.007 in fault (MATLAB), c 0.014 in fault (FPGA), d 0.014
in fault (MATLAB), e 0.021 in fault (FPGA), f 0.021 in fault (MATLAB)

better accuracy rate compared to other similar works in the
literature.

The second contribution of this work is the implementa-
tion of our diagnosis system on a low-cost and low-energy
consumption FPGA circuit using a co-design approach,
where different blocs are added as personalised IP-cores
(FFT bloc, MLP), and a C language code executed by the
ARMprocessor, whichmanages the different tasks inside the
embedded system. The MLP network classifier is designed
using the XSG software tool and integrated into the architec-
ture as a co-processor, where the different parameters of the
network had already been obtained from offline training.

The obtained practical results provide an average accu-
racy of 95 and 89% for the fault-type and the fault-severity
identifications, respectively, for the DE (12 kHz) dataset. In
addition, the results show that the implementation consumes
approximately 65% of LUTs resources. Therefore, future
studies could use the rest of the resources to add a com-
munication module to realise a wireless sensor node. Several
nodes can forman industrialwireless sensor network (IWSN)
as a diagnostic system, which constitutes the main part of the
industrial internet of things (IIoT). Further work could com-
bine the bearing faults with other mechanical and electrical
faults.
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Table 7 Comparison results of classification accuracy test of fault-type identification using DE (12 kHz) bearing data

Fault width (in) Load
(hp)

Proposed
method
using
MATLAB

Proposed method
using FPGA

BPNN
[28]
(MFE
method)

BPNN
[28]
(MSE
method)

BPNN
[28]
(MPE
method)

BPNN
[28]
(TFF
method)

0.007 0 100 100 91.25 92.5 95 100

1 100 100 95 81.25 96.25 100

2 100 100 98.75 92.5 95 100

3 100 98.75 92.5 88.75 97.5 100

Mean 100 99.69 94.38 88.75 95.94 100

0.014 0 85 78.75 85 73.75 88.75 73.75

1 98.75 93.75 87.5 76.25 90 87.5

2 95 91.25 98.75 75 92.5 80

3 96.25 87.5 91.25 80 88.75 76.25

Mean 93.75 87.81 90.63 76.25 90 79.38

0.021 0 100 96.25 91.25 90 100 98.75

1 100 100 97.5 87.5 91.25 98.75

2 100 100 95 81.25 96.25 100

3 100 91.25 96.25 92.5 100 98.75

Mean 100 96.87 95 87.81 96.88 99.06

0.028 0 100 95 100 98.33 100 100

1 100 95 100 98.33 100 100

2 100 93.33 100 98.33 96.67 98.33

3 100 96.67 100 100 100 100

Mean 100 95 100 98.75 99.17 99.58

Total
mean

98.44 94.84 95 87.89 95.5 94.5

Table 8 Comparison results of
classification accuracy test of
fault-severity identification using
DE (12 kHz) bearing data

Fault
type

Load
(hp)

Proposed
method
using
MATLAB

Proposed
method
using
FPGA

BPNN
[28]
(MFE
method)

BPNN
[28]
(MSE
method)

BPNN
[28]
(MPE
method)

BPNN
[28]
(TFF
method)

Ball 0 83 66 54 61 70 54

1 86 67 76 61 91 61

2 91 75 62 71 90 84

3 91 68 89 64 93 58

Mean 87.5 69 70.25 64.25 86 64.25

Inner
race

0 92 98 87 72 87 99

1 95 99 90 51 92 89

2 99 99 87 80 99 81

3 93 95 72 74 100 88

Mean 94.75 97.75 84 69.25 94.5 89.25

Outer
race

0 100 100 97.5 72.5 92.5 98.75

1 100 100 97.5 96.25 100 100

2 100 100 93.75 83.75 96.25 98.75

3 100 98.75 95 91.25 95 100

Mean 100 99.69 95.94 85.94 95.94 99.38

Total
mean

94.08 88.81 83.4 73.14 92.15 84.29
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Fig. 26 Boxplots of the obtained results, a case of fault-type identification, b case of fault-severity identification

Table 9 Maximum time
processing required (ms) 2048 points 8192 points

Using FPGA Using MATLAB Using FPGA Using MATLAB

Envelope spectrum 3.122 1.654 14.484 5.614

MLP processing 13.439 9.965 13.439 9.691

Entire sample processing 16.499 11.456 27.902 14.923

All data samples 972.290 220.517 1593.795 259.076
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