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Abstract—This paper discusses a new framework for Machine
Health Diagnosis in the field of Structural Health Monitoring. A
physics-based approach has been combined with a data-driven
methodology to classify structural defects using vibration data
from Fiber Bragg Grating (FBG) sensors. Three system ar-
chitectures were developed comprising physics-based modeling,
feature extraction via different data processing techniques and
end-to-end defect classification algorithms for an in-house built
bearing test-rig. A test rig consisting of a bearing-motor-shaft
assembly was developed in-house for data generation and for
real-time implementation of the defect detection and classifi-
cation algorithms. In order to place the sensors in the right
locations, a simplified Finite Element (FE) Model of the test rig
was developed. Using the data from this FE model, the FBG
sensors were installed on the test rig. Data processing algorithms
were developed in time as well as frequency domains to extract
features from the vibration data collected using these sensors.
This includes developing Wavelet algorithms to generate two-
dimensional spectral energy data. These features were then
used with a developed Convolutional Neural Network (CNN)
model which outputs the classification labels corresponding to
the different types of bearing defects and defect intensities.
Based on the algorithm evaluation, accuracies of 98% and
98.9% were achieved for bearing defect detection and defect
intensity, respectively. As a next step, these algorithms will
be implemented in an additive manufacturing environment to
detect and classify part defects as they are being built.

TABLE OF CONTENTS

1. INTRODUCTION .t ttttteerenrencsnssssssssscascescnsss 1
2. FINITE ELEMENT ANALYSIS (FEA) ..ccvvnaee...... 2
3. EXPERIMENTAL SETUP ...iviietiereecaocaccascnnans 3
4. DATA PROCESSING ..cuventenrencencencancancancanans 4
5. MACHINE LEARNING MODEL DEVELOPMENT ..... 6

978-1-6654-3760-8/22/$31.00 ©2022 IEEE

Rajvardhan Nalawade
Center for Tire Research (CenTiRe)
Virginia Tech
rajvardhan @vt.edu

Vahid Sotoudeh
EXIR Principal
vahidsmail-exir @yahoo.com

William Price
Intelligent Fiber Optic Systems Corporation (IFOS)

wp @ifos.com
Saied Taheri
Center for Tire Research (CenTiRe)
Virginia Tech
staheri@vt.edu

6. DEFECT INTENSITY CLASSIFICATION ...cvvenaens 8
7. CONCLUSIONS AND FUTURE WORK ...evvvevnnnnnns 9
REFERENCES +.0vtiuteeceecescsssessnssnssssssssnsonae 11
BIOGRAPHY tittttteeeeeeeeeeeeeeeeeeeesasaasasnnnnnns 11

1. INTRODUCTION

Condition based maintenance (CBM) is a maintenance strat-
egy which essentially suggests maintenance decisions based
on the information collected through health monitoring. This
information is collected through an array of sensors both
exteroceptive - which give information of the surrounding
relative to machine body and proprioceptive - which give
information regarding the machine itself.

Two important aspects of CBM lie in defect classification and
Remaining Useful Life (RUL) estimation which essentially
corresponds to structural health monitoring and machine
prognosis [1]. In this paper, emphasis has been given on
developing a framework for defect classification for a rotary
bearing based test rig. Rolling element bearings play a
crucial role in various mechanical engineering assemblies
ranging from small gearboxes to heavy industrial equipment.
A defect in any portion of the bearing may result in the
overall breakdown of the machine and hence it is of prime
importance to detect these defects early during the machine
operation. In order to sense these vibration signals, different
sensors can be used, the selection of which depends upon
various parameters such as frequency range, resolution and
the required sensitivity amongst others.

In [2], piezoelectric based accelerometers along with a load
cell have been used for bearing defect classification via time
and frequency domain features. To overcome the inherent
frequency range limitation of accelerometers, Fiber Bragg



Gratings (FBG’s) have just being started to use for condition
health monitoring.

In [3], a review consisting of an experimental setup com-
prising of a network of FBG sensors for temperature and
strain monitoring is discussed. The sensors also provide
information on the loading and traffic status of the passenger
cars, temperature-induced stresses and deformations on rails
and carriages, dynamic axle vibrations due to corrosion and
bearing wear, and other parameters relevant to rail road health
monitoring. A key outcome of this work is that the FBG
sensors can easily capture high frequency dynamic strains.

For defect classification, different approaches have been
considered which make use of time, frequency and time-
frequency domain features, to extract meaningful information
from the vibration data ([4], [5], [6]).

Researchers in [7] extracted time domain based statistical
features from the vibration signals and trained multi-class
Support vector Machines (SVM’s) to classify between the
different bearing defects. In accordance with this, [8] de-
veloped Artificial Neural Networks (ANN’s) combined with
genetic algorithms to select the most significant input param-
eters from a larger set of input features for bearing defect
monitoring.

In [9], statistical features from time and frequency domains
were used in combination with Hilbert transforms to get a fea-
ture matrix and further using Principal Component Analysis
(PCA) for dimensionality reduction. This approach extended
further from the previous work wherein features from both
domains were used and a Fuzzy C-means clustering method
to determine the classification efficacy.

In a study [10], degradation signals considered focused on
the evolution of the Root Mean Square (RMS) vibration level
over time. This information was then used to train neural
network models on predicting bearing operating times. The
proposed methodology in [11] uses time domain features
extracted from vibration signals as health indicators. The
degradation states in bearings are detected by an unsuper-
vised classification technique called artificial ant clustering.
The imminence of the next degradation state in bearings is
given by hidden Markov models, and the estimation of the
remaining time before the next degradation state is given by
the multi-step time series prediction and the adaptive neuro-
fuzzy inference system.

Studies have also been conducted in using time-frequency
domain based approach by utilizing wavelets for feature
extraction. In [12], the authors show the use of complex
wavelet analysis for feature extraction and further developing
SVM and ANN for bearing defect classification. Research
has also been carried out in defect identification in gears by
using genetic algorithms for selecting the optimum mother
wavelet and carrying out comparison studies between differ-
ent wavelet types([13], [14], [15]).

Along with using standard machine algorithms, Convolu-
tional Neural Networks (CNN’s) have also been used to
identify different types of bearing faults. Vibration data
acquired from accelerometers have been stacked together to
form 2-D matrices and then passed to different convolution
and pooling layers. Use of scaled-Fourier Transforms and
adaptive CNN’s have also been developed for better feature
extraction and classification([16], [17], [18], [19].

Table 1. FEA Simulation Conditions

Property Value
Shaft Material Hardened Steel
Bearing Material Chrome Steel
Mesh Size 2x2
Element Type 4-node iso-parametric quadrilateral strain

U, Magnitude
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Figure 1. FEA - Normal Bearing Condition

In this paper, algorithms have been developed encompass-
ing time, frequency and wavelet based signal processing
techniques and using end-to-end machine learning models
for bearing defect classification. In coordination with this,
similar algorithms have been implemented for classifying
between the different intensities of a single bearing defect.

This paper is structured as follows: Section (2) consists
of the Finite Element Model (FEM) development, Section
(3) contains information regarding the experimental test rig
and the sensor subsystems, Section (4) comprises of the
different data processing techniques, Section (5) consists of
the machine learning model development and Section (6)
includes the implementation of algorithm for defect intensity
classification and Section (7) comprises of conclusions and
future scope of the project.

2. FINITE ELEMENT ANALYSIS (FEA)

The first subsystem of the complete architecture comprises
of developing a physics-based numerical model of the test-
rig. This has been completed by developing a Finite Element
Model (FEM) in Abaqus software.

A 3-dimensional FEA model has been constructed compris-
ing of the test rig components - shaft, bearing inner race,
bearing outer race and the intermediate ball bearings. The
material properties and the simulation conditions have been
enlisted in Table 1.

The FEA model consists of 3 different case scenarios -
Normal Bearing, Inner Race Defect Bearing and Missing Ball
Bearing. This has been done for analyzing the locations
on the bearing which is most sensitive to defects and can
capture their vibration characteristics. The FEA stress and
displacement analysis for each of the following cases can be
seen in Figures 1, 2 and 3, respectively.

Following this, Dynamic analysis was done in FEA by giving
a predefined angular velocity to the bearing. The nodes on
the outer casing on the Plummer block were observed for dis-
placement (Figure 4) and velocity (Figure 5) characteristics
in different operating conditions. With this, it was seen that
the outer casing of bearing is a suitable location for observing



X

e
=
p2

7y
X5
vi"‘”,

AN
VoY)
VaYAY

AN
A

Figure 2. FEA - Inner Race Bearing Defect

S, Mises
(Avg: 75%)

+1.588e+09
+1.455e+09
+1.323e+09
+1.191e+09
+1.058e+09
+9.261e+08
+7.938e+08
+6.615e+08
+5.292e+08
+3.969e+08
+2.646e+08
+1.323e+08
+0.000e+00

Figure 3. FEA - Missing Ball Bearing Defect

varying bearing vibration characteristics. In addition to this,
the location was geometrically suitable to place a sensor and
collect data easily. The study concluded with the identified
sensor location being the outer race casing of the bearing for
optimal signal sensing.

3. EXPERIMENTAL SETUP

An experimental test rig has been developed consisting of a
bearing-motor-controller assembly. The test rig can be seen
in Figure 6. Different bearing defect cases were tested on this
test rig and the data was collected via Fiber Bragg Grating
(FBG) sensors and the corresponding data acquisition system.
Based upon the FEA analysis, the plummer block of the
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Figure 4. Nodal Displacement for different bearing
conditions

Velocity Plot for normal and defective bearing
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Figure 6. Experimental Setup - Bearing Test Rig

bearing was decided as the optimal location for mounting the
FBG sensor.

The experimental setup consists of the components shown in
Table 2.

FBG Sensor

The FBG sensor is essentially an optical fiber sensor that
operates by acting as a wavelength selective optical filter that
reflects an ultra narrow spectral band centered at a wavelength
called as the Bragg wavelength. The spectral width defined
by the passband of such a grating forms a channel that
reflects the narrow slice of optical spectrum centered at the
characteristic Bragg wavelength, allowing the remainder of
the spectrum to pass through the fiber with negligible optical
loss. The key advantages of using FBG sensors in this work
have been listed below:

Table 2. Experimental Setup Components

Number Component
1 FBG Sensor
2 FBG Interrogator
3 Plummer block ball bearing
4 DC Motor and Driver
5 Shaft and coupling pair
6 Variable DC Power Supply




Figure 7. FBG Sensor mounted on bearing plummer
block

e The wideband (from DC to at least hundreds of kHz)
response of FBG’s makes them excellent acoustic emissions
detection sensors. This helps in capturing high and low
frequency vibration characteristics.

o Compared to conventional PZT-based (Lead zirconium ti-
tanate) sensors, FBG’s and the optical fiber in which they
reside are extremely low mass and minimally thermally con-
ductive, electrically passive, chemically inert, and highly
multiplexable.

The FBG sensor used has a sampling rate of 1.3MHz and it
was mounted on the plummer block of the bearing for data
collection. Figure 7 shows the FBG sensor mounted on the
plummer block of the bearing.

FBG Interrogator

The FBG interrogator is essentially a data acquisition system
for collecting and analyzing the FBG data.

Plummer block ball bearing

A plummer/pillow block ball bearing has been used as the
primary component for defect classification. The bearing
consists of the following major components:

Inner Race

Outer Race

Ball and Cage arrangement
Plummer block

A bearing with an 8mm bore diameter has been selected with
Zinc alloy being the inner and outer race material.

DC Motor and Driver

A 12V Permanent Magnet DC motor has used been used for
driving the bearing mounted on the shaft. The motor has been
controlled via speed controller to obtain data for different
shaft rotational velocities ranging from 1000 - 2700 RPM.

Shaft and coupling pair

An 8mm solid aluminum shaft has been used for mounting
the bearing. This shaft is connected to the motor shaft via a
flexible coupling. The use of a flexible coupling over rigid
flange coupling allows for taking into account geometrical
central inaccuracies between the two shafts.

Testing Conditions

Data has been collected for two different testing scenarios for
classifying both - different bearing defects and different in-
tensities of a single bearing defect. The following subsections

Minor
Indentations

Figure 8. Bearing with Inner Race Defect

give a insight into the two different test scenarios:

Bearing Defect Classification—Defects were induced in dif-
ferent components of the bearing as discussed in the previous
subsection which corresponds to the common bearing failure
regions. Defects, in the form of minor indentations, were
induced to have the following 4 defect classes:

o Bearing Inner Race Defect

« Bearing Outer Race Defect

o Bearing Hybrid Defect - Corresponding to defects induced
in both inner and outer race

o Normal Bearing

Figure 8 shows the indentations produced on the inner race of
the bearing.

Bearing Defect Intensity Classification—Along with classi-
fying different types of defects, the levels of intensity of a
particular defect were also analyzed by progressively increas-
ing the depth of the indentation/cut on the inner race of the
bearing. Six different depth defects were developed on the
inner race of the bearing which can be seen in Figure 9.

4. DATA PROCESSING

Three different data processing techniques have been applied
on the FBG vibration data in order to extract relevant fea-
tures which have been further used to develop and train the
machine learning models for defect classification.

Figure 10 shows the time series plot of the different defect
conditions of the bearing. From this Figure, we can see that
each of the operating conditions have a different vibration sig-
nature. Along with this, the data has been further normalized
to keep uniformity during analyzing and processing the data.,

The following subsections entail the working of all the three
data processing techniques:

Time Domain

The vibration data corresponding to different bearing defects
can be better analyzed by computing statistical features of
this data which gives better insights in the data variations
between these different defect types. These time domain
statistical features along with their description have been
listed in Table 3.
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Time series data for different bearing conditions
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Figure 10. Time Domain Raw Bearing Data for different
bearing conditions

The FBG raw data has been normalized to remove any bias in
the data and has been converted to micro-strain values via a
scaling factor. This data has been further sub-sampled into
smaller batch sizes and the above statistical features have
been computed for each of the batch sizes.

Figure 11 shows the variations of the statistical features for
each of the bearing defect. Significant differences between
these statistical features can be evaluated. These features have
then been given as inputs to the classification algorithm for
distinguishing between different bearing defect types.

Frequency Domain

The defects developed in different components of the bearing,
as mentioned above, have their own characteristics frequency
i.e., these defects tend to occur at the harmonics of this

Table 3. Time Series Statistical Features

Number Component

Mean Average value of vibration signal

Standard Deviation Measure of signal deviation from
mean value

Skewness Measure of lack of symmetry in the
signal

Kurtosis Measure of whether the given distri-

bution consists of extreme values

Root Mean Square | Quadratic Mean of the signal

(RMS)

Crest Factor Peak value divided by the RMS.
Faults often first manifest them-
selves in changes in the peakiness of
a signal before they manifest in the
energy represented by the signal root

mean squared.

Mean

Range %10

Mean
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Figure 11. Time Domain Statistical Features

characteristic frequency.

These frequency harmonics can be derived analytically and
they depend on the geometrical properties of the bearing
along with the shaft rotation speed. For defects developed
in the outer race and inner race, two such frequencies exist,
which are described below.

« BPFO (Ball Pass Frequency Outer): This frequency corre-
sponds physically to the number of balls or rollers that pass
through a given point of the outer race each time the shaft
makes a complete rotation.

D
BPFO = f,, * g # (1= = x cos(B)) (1)
o BPFI (Ball Pass Frequency Inner): This frequency corre-
sponds physically to the number of balls or rollers that pass

through a given point of the inner track each time the shaft
makes a complete rotation.

BPFI = f,, * g (14 % % cos(B)) @)

where



fm = Shaft Rotation Speed

n = Number of balls

[ = Contact Angle

D = Ball Diameter

d = Pitch Circle Diameter of the Bearing

Fast Fourier transform of the signal is calculated by using
Welch’s method to see the frequency domain characteristics
of the FBG data. As the conversion of a signal from time
domain to frequency domain is sensitive to effects of noise, it
is necessary to have a method that would not be affected by
the presence of stochastic noise in the signal. Hence, instead
of extracting the Fourier coefficients of the time domain
signal, Welch’s method involving averaging and Hamming
windowing is used. Equation 3 shows the Welch’s equation.

w(n) = 0.54 — O.46cos(27r%) 3)

where,

0<n<N

N is the total number of points

w are the coefficients of the Hamming window

The power spectrum values corresponding to the BPFO and
BPFI harmonics have been extracted and have been fed as
feature vectors to the machine learning algorithm for defect
classification.

Time-Frequency Domain

The third approach for the defect classification lies in the
time-frequency domain based analysis. As opposed to the
previous approach, in which time domain signal were studied,
having a spectral approach enables to gain useful insight
on the information available in both the time-frequency and
spatial space. A wavelet based approach is proposed over
using Short Term Fourier Transforms (STFT) as the required
window length can be changed by dilating and translating the
wavelets, which provides the freedom to choose the time and
frequency resolutions, respectively. The frequency resolution
is better at lower frequencies and the time resolution is
enhanced at high frequencies for a wavelet transform.

Based on an extensive literature review, continuous Morlet
wavelet has been selected, having equal variance in both time
and frequency domains, for defect classification.

An important reason for going with this approach is that the
bearing failure, due to these defects, can be further classified
based on different frequency bands. This helps in determining
what type of failure occurs at what frequency level. These
zones are listed as follows:

« Stage 1: Acoustic emission: During the bearing operation,
bursts of acoustic emissions (AE) result from the passage of
the defect through the roller and raceway contacts. Defects
at different locations of a bearing (inner race, roller and
outer race) have characteristic frequencies at which bursts
are generated — above 100kHz. The data corresponding to
these frequency ranges can identify subtle defects like lack of
lubrication.

o Stage 2: Ultrasonic frequencies: In ball bearings, as the
metal in the raceway, roller or ball elements begins to fatigue,
a subtle deformation begins to occur. This deforming of the
metal produces irregular surfaces, which cause an increase in
the emission of ultrasonic sound waves (24 to 100kHz).

Off - Morlet wavelet

oy (Hz)
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Figure 12. Scalograms for different bearing defect types

" Chop the data into
Raw FBG Data »| Zero Mean the data (Convert to microstrain| »| batches of 10000
to remove bias values dala points

Morlet Wavelet
Analysis

Classification Time Frequency
Algorithm (CNN}) Matrix

Figure 13. Time-Frequency Methodology

o Stage 3: Rotational harmonics: Defects start to ring at
the bearing’s natural frequencies. This generally occurs
between 500 and 5,000 Hz. These natural frequencies may be
resonances of either bearing support structures or components
of the bearings themselves such as races or rolling elements.
Side-band frequencies also start to appear above and below
these frequencies.

Figure 12 shows the scalograms for different defect condi-
tions of the bearing. From this Figure, we can see that, espe-
cially at lower frequencies, there is a substantial difference in
the energy content between the different test conditions

The overall process followed for the time-frequency analysis
can be seen in Figure 13. Initially the raw FBG data is
normalized and converted to micro-strain values for better
evaluation. The entire data is then sub-sampled into smaller
batch sizes of 10000 data points each and the continuous
Morlet wavelet transformation is performed for each of these
batch sizes. The resulting time-frequency matrices was given
as input to the machine learning based classification algo-
rithm

5. MACHINE LEARNING MODEL
DEVELOPMENT

Based on the three different data processing techniques used,
two classes of machine learning models have been developed:

o Physics Based: Multi-layered Perceptron (MLP) models
have been developed which uses the time-domain based sta-
tistical features and the Power spectrum values in frequency
domain as inputs and computes the classification metrics for
the defect identification.

o An end-to-end deep CNN based classification model has
been developed which takes the time-frequency matrix as



input and outputs the classification metrics.

Time Domain Classification Model

The statistical features extracted from the time domain signal
have been fed to the MLP algorithm as input vectors and
after extensive tuning of the hyper-parameters using the Grid
Search Method, a testing classification accuracy of 86.84 %
was obtained. The model architecture can be seen in Fig-
ure 14.

Furthermore, in order to analyze the classification perfor-
mance, confusion matrix was plotted which can be seen in
Figure 15. From this matrix we can see that the model makes
the main diagonal has the maximum number of samples
indicating that each class is correctly identified with less
number of mis-classifications as is evident from the small
number of non-diagonal samples.

Frequency Domain Classification Model

The Power Spectrum density (PSD) values corresponding to
the BPFO and BPFI harmonics have been taken as inputs
for the MLP classification algorithm and the performance
of the model has been evaluated by analyzing the confusion
matrix. The corresponding model architecture can be seen in
Figure 16.

The confusion matrix for the frequency domain based classi-
fication can be seen in Figure 17. The classification accuracy
improved slightly than the time domain based approach to
88.57% indicating that the energy content at the harmonics
of fault frequencies act as important features in bearing defect
classification.

End-to-end Learning Framework

As discussed in Section 4, continuous Morlet wavelet has
been used to generate spectral maps for the four defect
classes which have been then fed as input tensors to a CNN
architecture. Deep learning based CNN framework has been
selected because by keeping the time-frequency image as a
matrix, the spatial variation is preserved, which otherwise
would have been lost by flattening the data.

The input feature is the time-frequency matrix, which is
essentially a grayscale image, and the output is the condition
of the bearing. In order to characterize the noise within the
system, FBG data was also collected when the test rig was
in an idle condition and this scenario has been treated as
a separate class while performing the defect classification.
Since there are 5 classes — Normal bearing, Inner race defect,
outer race defect, hybrid defect, and static noise (bearing not
running), this is a 5-class classification problem.

The architecture of the CNN model is described below:

o The input feature vectors are grayscale images of size
221x221.

o These feature images are then fed to a convolution layer
with a 3x3 Gaussian kernel and 10 filters in each convolution
layer.

« The activation function used is ’Rectified Linear Unit’ due
to its reduced likelihood of the gradient to vanish, being
computationally efficient (as only max’ operation needs to
computed) and having better convergence performance.

o The resulting feature map is then fed to a Max pooling
layer to generate a feature map containing the most prominent
features of the previous feature map.

« This has been repeated for three convolution layers fol-

input: | [(None, 6)]
dense_4_input: InputLayer
output: | [(None, 6)]
input: None, b6
dense_4: Dense P ( )
output: | (None, 1024)
input: | (None, 1024)

activation_4: Activation

output:

(None, 1024)

 J

input:

(None, 1024)

dropout_2: Dropout
output:

(None, 1024)

i

input:
dense_5: Dense

(None, 1024)

output:

(None, 512)

l

activation_5: Activation

input:

(None, 512)

output:

(None, 512)

l

input:

(None, 512)

dropout_3: Dropout

output:

(None, 512)

l

input:

(None, 512)

dense_6: Dense

output:

(None, 512)

l

o o input: | (None, 512)
activation_6: Activation
output: | (None, 512)
input: | (None, 512)
dense_7: Dense
output: | (None, 4)
input: | (None, 4)
activation_7: Activation
output: | (None, 4)

Figure 14. Time domain based MLP architecture
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lowed by a flatten layer and fully connected dense layers to dense 5- Dense input: | (None, 1024)
make classifications. - output: | (None, 512)
A Key point to notice is that the entire time-frequency matrix
is given to the CNN architecture in the form of an image
input. In this way, the model can focus on all 3 frequency input: | (None, 512)
zones and can identify the slight damages in a bearing. activation_5: Activation - ’
This also makes the approach very scalable. CNN’s help output: | (None, 512)
preserve the spatial variation of time and frequency data. The
input image can be transformed into various domains, by l
multiplying with kernels, and better features can be extracted.
The model automatically understands which frequencies to q 4D input: | (None, 512)
i i i i ropout_4: Dropout
focus on, corresponding to the severity of defect in bearing. pout_ P output: | (None, 512)

Figure 18 shows the confusion matrix and the corresponding

precision and recall scores for the 5-class classification algo-

rithm. A classification accuracy of 98% was obtained using :
this approach. This is significantly higher than the previous dense 6- Dense input: | (None, 512)
two approaches indicating that the wavelet based approach, - output: | (None, 256)
due to its ability of focusing on all frequency ranges, gives a ’
higher classification performance.

input: | (None, 256)
output: | (None, 256)

6. DEFECT INTENSITY CLASSIFICATION activation_6: Activation

Based on an in-depth analysis of the three defect classification
algorithms developed, it can be seen that the time-frequency

based approach has the highest values of classification perfor- Y
mance metrics. A key reason for this is that the physics based input: | (None, 256)
models of time and frequency domain do not necessarily dropout_5: Dropout
capture the non-linear effects created by the defects in the output: | (None, 256)
bearing. Hence, the same framework has also been used to
characterize an inner race bearing defect of varying intensity i
and classify between these intensities of defect.

q 7 Dense input: | (None, 256)
Figure 19 shows the time series plot of the six different ense_sz )
intgensities of the inner race defectpdiscussed in Section 3. output: | (None, 4)
Levels 1-6 indicate progressively higher intensities of the
defect.
A wavelet process similar to that for classifying the different activation 7: Activation input: | (None, 4)
defect types has been followed. Figure 20 shows the scalo- - output: | (None, 4)

grams for the 6 levels of the intensity of the defect. From
this Figure, it can be seen that as the defect size increases, the

; . Figure 16. Frequency domain based MLP architecture
energy content increases in the lower frequency ranges.
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Figure 18. Confusion Matrix - Time Frequency Domain
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The CNN algorithm developed for classifying the bearing
defect types has been re-implemented for defect intensity
classification. Figure 21 shows the confusion matrix for
intensity classification along with the corresponding preci-
sion, recall and F1-scores for the different damage levels. A
classification accuracy of 98.9 % has been obtained for defect
intensity classification using this approach.

7. CONCLUSIONS AND FUTURE WORK

In this paper, a framework has been developed for classi-
fying different bearing defect types and different intensities
of bearing defects. A three system architecture has been

Progressive damage - bearing
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Datapoints w104

Figure 19. Varying Defect Intensity Time Series Plot

implemented comprising of first developing a physics based
Finite Element Model for identifying potential sensor loca-
tions on the test rig to collect meaningful vibration data.
Second, three different data processing techniques have been
developed in time, frequency and time-frequency domains
to extract key feature vectors from this FBG data. Third,
end-to-end machine learning model has been developed for
classifying different bearing defect types. Based on the
evaluation of each of these models, it has been found that the
time-frequency based approach has the highest classification
performance metrics and hence this model has further been
used to classify between defects of varying intensity.

The next steps in this research consist of extending this frame-
work in identifying potential defects in 3D printed products
while they are being additively manufactured and locating the
corresponding defects within the part structure.
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