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1 Introduction

Modern technical diagnostics plays an important role in maintenance
engineering and the industrial production. It applies wide range of condition
monitoring methods such as vibration diagnostics, acoustic emission
measurements, thermography, endoscopy, chemical oil analysis which are
integrated in Expert Systems using artificial intelligence methods.

Vibration analysis is crucial part of diagnostics that can be used for
continuous as well as intermittent condition monitoring with the best sensitivity
and immediate response to structure change. Vibration analysis refers to
processing and analysing machine vibration signals obtained with vibration
transducers like proximity probes, velocity pickups, accelerometers, shaft
encoders and laser vibrometers. Vibration analysis is by far the most prevalent
method for machine condition monitoring, especially for rotating equipment.
Vibration signals contain a significant amount of information related to the
machine components. This field of engineering originates in 1970’s in the
production industry answering the requirements of predictive maintenance and
developed parallel to informatics. The diagnostics toolset was always
determined by the actual capacity of the available IT tools. As an integration of
data acquisition, data processing, process and equipment evaluation and
automatic intervention to the processes, technical diagnostics can be considered
as an important source of knowledge applied today in digital manufacturing in
the framework of cyber physical systems as part of the Industry 4.0 revolution.
Potential advantages of condition monitoring include increased machine
availability and reliability, improved efficiency, reduced costs, extended
operational life, and improved safety.

Certain types of faults create short time impulses, called transients and
results in strong harmonics of the fault frequencies in the spectrum of vibration
signals. These fault frequencies are sometimes masked by adjacent frequencies
in the spectra due to their little energy. Fourier transform is useful in identifying
periodic and harmonic components of signals but not for transient detection. To
reduce drawbacks of traditional FFT analysis it is well advised to search for more
precise and efficient methods such as wavelet transform.

Wavelets-based representations offer an important option for capturing
localized effects in many signals. This is achieved by employing representations
continuous transforms or discrete transforms which contain the scaling and
shifting of a mother function. Over a period of several decades, wavelet analysis
has been set on a rigorous mathematical framework and has been applied to
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quite diverse fields. Wavelet families associated with specific mother functions
have proven quite appropriate for a variety of problems. In this context, fast
decomposition and reconstruction algorithms ensure computational efficiency
over rival classical spectral analysis algorithms such as the fast Fourier
transform. Wavelet transform provides powerful multi-resolution in time-
frequency analysis for characterizing the transitory features of non-stationary
signals. Moreover, wavelet transform can decompose an inspected signal into a
family of elementary functions. This ability renders the analysis of the inspected
signal easier for machine operators.

To make the decision process faster automatic fault classification is
developed applying machine learning tools, namely Support Vector Machine
(SVM) which is supervised learning model and artificial neural network (ANN)
that are also efficient tools for bearing fault classification.

Methods based on IT tools can be integrated in an Expert System that can be
used for bearing fault diagnostics in industrial applications as the part of
Industry 4.0 activities.

1.1 Overview of researches in the field of bearing fault
diagnostics

Literature overview focus on the relevant publications in connection with
bearing fault diagnostics besides methods of signal analysis, feature extraction
with wavelet analysis and automatic fault detection using machine learning
techniques.

Patel et al. [1] used envelope methods to reveal local faults on the races of
deep groove ball bearings. This paper deals with detection of local defects
existing on races of deep groove ball bearing in the presence of external
vibrations using envelope analysis and Duffing oscillator. Experiments have been
carried out using a test rig for capturing the vibration signals of test bearing. The
external vibration has been imparted to the housing of the test bearing through
electromechanical shaker. In envelope analysis the centre frequency has been
selected using the spectral kurtosis for the filters length of 32 and 64 for different
bandwidths. The spectra of selected centre frequency with several bandwidths
have been studied and compared for identification of defective frequency. The
system defined by the Duffing equation entered into the periodical state from the
chaotic state at the critical value of disturbing periodic force in the presence of
defective bearing signal.

Kalman and H filter were applied by Khanam et al. [2] to measure bearing
faults especially in noisy condition with low signal-to-noise ratio when it was
difficult to identify the useful components of the vibration signal. This work
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attempts to examine the scope of applying Kalman filter and Hoo filter
individually on the vibration signal acquired for identifying local defects in a
rolling element bearing. This is essentially a system dynamic approach, which is
another choice, examined to be a better one in comparison with few other signal
analysis approaches reported in the literature. Kalman and Hoo filters are
optimal state estimators; Kalman filter is the minimum variance estimator while
Ho, filter minimizes the worst case estimation error. Experiments have been
carried out to investigate the performance of Kalman and H., filters each with the
Envelope Analysis technique, a popular one for identification of bearing faults, in
a noisy environment. Envelope Analysis is performed by taking a Hilbert
transform of the band pass filtered signal, whose centre frequency and
bandwidth are to be properly selected for satisfactory performance of the
algorithm.

Acoustic emission measurement is a powerful method to detect cracks inside
the bearing material which are the initial reasons of fatigue spalling. Al-Ghamd
and Mba [3] applied this method combined with the traditional vibration
analysis to determine the bearing outer race defect width directly from the raw
signal. The experimental investigation reported in this paper was centred on the
application of the AE technique for identifying the presence and size of a defect
on a radially loaded bearing. An experimental test rig was designed such that
defects of varying sizes could be seeded onto the outer race of a test bearing.
Comparisons between AE and vibration analysis over a range of speed and load
conditions are presented. In addition, the primary source of AE activity from
seeded defects is investigated. It is concluded that AE offers earlier fault
detection and improved identification capabilities than vibration analysis.
Furthermore, the AE technique also provided an indication of the defect size,
allowing the user to monitor the rate of degradation on the bearing;
unachievable with vibration analysis.

Elforjani and Mba [4] emphasized the effectiveness of acoustic emission
method in the case of slow-speed bearings. This paper presents results of an
investigation to assess the potential of the Acoustic Emission(AE) technology for
detecting and locating natural defects in rolling element bearings. To undertake
this task a special purpose test-rig was built that allowed for accelerated natural
degradation of a bearing race. It is concluded that sub-surface initiation and
subsequent crack propagation can be detected using a range of data analysis
techniques on AE’s generated from natural degrading bearings. The paper also
investigates the source characterisation of AE signals associated with a defective
bearing whilst in operation. This study also attempted to identify the size of a
natural defect on bearings using AE technology.



Sawalhi and Randall [5] researched to determine the fault size of the bearings
from the vibration signal by analysing the entry and exit impulses. studies
indicated that there might be two parts to the defect vibration signal of a spalled
bearing, the first part being originating from the entry of the rolling element into
the fault (de-stress) and the second part being due to the departure of the rolling
element from the fault (re-stress). This is investigated in this paper using
vibration signatures of seeded faults at different speeds. The acceleration signals
resulting from the entry of the rolling element into the spall and exit from it were
found to be of different natures. The entry into the fault can be described as a
step response, with mainly low frequency content, while the impact excites a
much broader frequency impulse response. The latter is the most noticeable and
prominent event, especially when examining the high pass filtered response or
the enveloped signal. In order to enable a clear separation of the two events, and
produce an average estimate of the size of the fault, two approaches are
proposed to enhance the entry event while keeping the impulse response.

Because of its flexibility and computational efficiency wavelets are perfect
tools for fault feature extraction, singularity detection for signals, denoising and
extraction of the weak signals from the vibration signals. These applications
were presented by Peng and Chu [6]. The purpose of this review is to present a
summary about the application of the wavelet in machine fault diagnostics,
including the following main aspects: the time-frequency analysis of signals, the
fault feature extraction, the singularity detection for signals, the denoising and
extraction of the weak signals, the compression of vibration signals and the
system identification.

Discrete wavelet transform with Daubechies-4 (db04) mother wavelets to
analyse the combination of different faults on the races of ball bearings were
used by Prabhakar et al. [7]. Vibration signals from ball bearings having single
and multiple point defects on inner race, outer race and the combination faults
have been considered for analysis. The impulses in vibration signals due to
bearing faults are prominent in wavelet decompositions. It is found that the
impulses appear periodically with a time period corresponding to characteristic
defect frequencies. It has been shown that DWT can be used as an effective tool
for detecting single and multiple faults in the ball bearings.

Combination of envelope spectrum and wavelet transform for extraction of
defect problems in bearings were used by Shi et al. [8]. To overcome the
shortcomings in the traditional envelope analysis in which manually specifying
a resonant frequency band is required, a new approach based on the fusion of
the wavelet transform and envelope spectrum is proposed for detecting and
localizing defects in rolling element bearings. This approach is capable of
completely extracting the characteristic frequencies related to the defect from
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the resonant frequency band. Based on the Shannon entropy of wavelet-based
envelope spectra, a criterion to select optimal scale to monitor the condition of
bearings is also presented.

Nikolaou and Antoniadis [9] applied complex shifted Morlet wavelets to
analysing vibration signals generated by rolling element bearings. The envelope
detection or demodulation methods have been established as the dominant
analysis methods for this purpose, since they can separate the useful part of the
signal from its redundant contents. This paper proposes an effective
demodulation method, based on the use of a complex shifted Morlet wavelet
family. The method is designed in a way that can fully exploit the underlying
physical concepts of the modulation mechanism, present in the vibration
response of faulty bearings, using a time-frequency representation of the signal.
A key element of the proposed method is the systematic introduction of selection
criteria for the automated choice of the critical parameters that characterise the
Morlet wavelet family used.

Qiu et al. [10] successfully used wavelet filter-based weak signature detection
method and its application for diagnosis of rolling element bearings. In this
paper, the performance of wavelet decomposition-based de-noising and wavelet
filter-based de-noising methods are compared based on signals from mechanical
defects. The comparison result reveals that wavelet filter is more suitable and
reliable to detect a weak signature of mechanical impulse-like defect signals,
whereas the wavelet decomposition de-noising method can achieve satisfactory
results on smooth signal detection. In order to select optimal parameters for the
wavelet filter, a two-step optimization process is proposed. Minimal Shannon
entropy is used to optimize the Morlet wavelet shape factor. A periodicity
detection method based on singular value decomposition (SVD) is used to choose
the appropriate scale for the wavelet transform. The signal de-noising results
from both simulated signals and experimental data are presented and both
support the proposed method.

Junsheng et al. [11] pointed out the effectiveness of impulse response wavelet
to the fault diagnosis of rolling element bearings. To target the characteristic of
roller bearing fault vibration signals, the impulse response wavelet is
constructed by using continuous wavelet transform to extract the feature of fault
vibration signals, based on which two methods namely scale-wavelet power
spectrum comparison and auto-correlation analysis of time-wavelet power
spectrum are proposed. The analysis results from roller bearing vibration signals
with outer race or inner race fault show that the two proposed methods can
detect the faults of roller bearing and identify fault patterns successfully.

Symlet wavelets were used efficiently in the study of Kumar and Singh [12].
In their study tapered roller bearings were analysed to determine the fault size
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on the outer ring. Symlet-5 wavelet represents the entry and impact events as
the roller hits the defects during operation of the bearing. A detailed study was
presented about the decomposition of the vibration signals using discrete
wavelet transform with Symlet-5. Experiments were carried out on a customized
test setup. Seeded defects of different size were introduced separately in the
form of an axial groove on the outer race of taper roller bearings using laser
engraving technique. It is not only difficult but ambiguous to detect the entry
point in the groove defect by making use of the signal. The ambiguity gets
reduced by using Symlet5 wavelet due to its linear phase nature which maintains
sharpness in the signal even when there is a sudden change in signal.

Symlet wavelet is an effective tool for noise reduction because it could filter
out the useful components of the complex signal from the noisy background [13].
Noise reduction is important for getting useful bio-medical signal such as, ECG
signals. Because ECG signal can be corrupted by various types of noise which
leads to incorrect diagnosis. However, details of the signal must be conserved
very well after the de-noising for proper diagnosis. In this paper, Symlet wavelet
filter as well as different kinds of moving average and S-G filter was studied for
de-noising of ECG signal. R-peak automatically identifies via R-peak detection
algorithm.

Analytical Wavelet Transform (AWT) based acoustic emission technique for
identifying inner race of radial ball bearing were applied by Kumar et al. [14]. An
acoustic emission technique based on Analytical Wavelet Transform (AWT) has
been investigated to identify the presence and severity of defect in the inner race
of bearing. The defect was in the form of an axial groove. The nature of AE burst
and correlation between AE burst generated due to defect is estimated.
Experimental investigations reveal that AWT is an effective tool in analysing the
acoustic signal transmitted from bearing in order to characterize and find out the
size of the defect. The results were verified from octave analysis.

Yan and Gao [15] revealed localized structural defects and made experiments
in their studies using multi-scale enveloping spectrogram for vibration analysis
of bearings. Compared to the conventional enveloping spectral analysis
technique in which the bandwidth of the signal components of interest needs to
be known a priori to obtain consistent results under varying machine operating
conditions, the new technique enables simultaneous multi-scale decomposition
to extract and separate envelopes of the repetitively excited mechanical
vibrations with different frequency coverage, thus improving the robustness in
signal analysis. Complex wavelet was investigated as the base wavelet on its
ability in combining band-pass filtering and enveloping into a single-step
operation. The new technique was experimentally evaluated using vibration



signals measured on rolling element bearings that contain localized structural
defects.

Patil et al. [16] developed an analytical model and simulation to predict the
effect of a localized defect on the ball bearing vibrations by considering the
contact between the ball and the races as non-linear springs. In the analytical
formulation, the contacts between the ball and the races are considered as non-
linear springs. The contact force is calculated using the Hertzian contact
deformation theory. A computer program is developed to simulate the defect on
the raceways with the results presented in the time domain and frequency
domain. The model yields both the frequency and the acceleration of vibration
components of the bearing. The effect of the defect size and its location has been
investigated.

Optimal wavelet filtering and sparse code shrinkage was presented by He et
al. [17]. To extract the impulsive features buried in the vibration signal, a hybrid
method which combines Morlet wavelet filter and sparse code shrinkage (SCS)
is proposed. First, the wavelet filter is optimized by differential evolution (DE) to
eliminate the interferential vibrations and obtain the fault characteristic signal.
Then, to further enhance the impulsive features and suppress residual noise, SCS
which is a soft-thresholding method based on maximum likelihood estimation
(MLE) is applied to the filtered signal.

To extract the impulsive features buried in the vibration signal, a hybrid
method which combines Morlet wavelet filter and sparse code shrinkage was
proposed. Simulations and signal processing techniques to track the spall size
after Time Synchronous Average (TSA) were used by Sawalhi and Randall [18].
The entry into the fault can be described as a step response, with mainly low
frequency content, while the impact excites a much broader frequency impulse
response. The latter is the most noticeable and prominent event, especially when
examining the high pass filtered response or the enveloped signal. Cepstrum
analysis can be used to give an average estimate of the spacing between the entry
and impact events, but the latter can also be assessed by an arithmetic estimation
of the mean and standard deviation of the event separation for a number of
realizations.

Khanam et al. [19] estimated the fault size in the outer race of ball bearing
using discrete wavelet transform of the vibration signal. This work presents the
decomposition of the vibration signal by using discrete wavelet transform
assisted by Symlet_5 wavelet. Symlet wavelet has a linear phase nature which
maintains sharpness in the signal even when there is sudden change in the signal.
The decomposed signal evidently splits the peak corresponding to the ball entry
into and exit from the fault, enabling in an estimation of the defect size present
in the bearing.



Toth and Téth [20] and [21] revealed artificial faults of the inner rings of deep
groove bearings by wavelet analysis. A realistic signal model of ball bearings with
inner race fault was created to design a new wavelet to reveal the defect more
efficiently from the vibration signature. The paper considers the comparison of
the Meyer and Morlet wavelet for bearing fault diagnosis. It was created a
wavelet based upon a transient vibration signal model established for signals
generated in deep-groove ball bearings with pitting (spalling) formulation on
their inner race. The wavelet creation used the sub-optimal algorithm that
matches a Meyer wavelet to a band limited signal in two steps. Morlet wavelet
was used as a benchmark for evaluating the performance of the matched wavelet.

Borghesani et al. [22] applied cepstrum pre-whitening for diagnostics of
rolling element bearings. Due to its moderated computational requirements it
was an appropriate tool for automatic damage recognition algorithm. A
comparison with the traditional pre-whitening techniques revealed that
cepstrum pre-whitening was more suitable and efficient tool for automatic fault
detection. a new technique for pre-whitening has been proposed, based on
cepstral analysis: the so-called cepstrum pre-whitening. Owing to its low
computational requirements and its simplicity, it seems a good candidate to
perform the intermediate pre-whitening step in an automatic damage
recognition algorithm. In this paper, the effectiveness of the new technique will
be tested on the data measured on a full-scale industrial bearing test-rig, able to
reproduce the harsh conditions of operation.

Figlus and Stanczyk [23] presented a method of diagnosing damage of rolling
bearings in the vicinity of toothed gears of processing lines. Vibration response
was measured by laser vibrometer. Discrete wavelet transform was successfully
applied to detect damages. The research has shown the usefulness of vibration
signal measurements performed with a laser vibrometer and of the method of
denoising signals by means of a discrete wavelet transform in detecting damage
to bearings. The application of the method of analysis of the characteristic
frequencies of changes in the vibration signal amplitude made it possible to draw
conclusions about the type of damage to the bearings.

Slavi¢ et al. [24] used force measurement instead of the traditional
acceleration measurement to identify bearing faults. Signal was processed by
envelope technique. The research showed that frequency domain analysis could
successfully applied to identify both amplitude and frequency of the force signal.
The procedure was applied to high-series production line as well. The research
discusses the use of force measurements to identify bearing faults. A force sensor
is fixed between the rigid surroundings and the bearing to measure all of the
reactive forces due to the vibration excitation. Using a force measurement,
systematically prepared samples with the five typical faults that can occur during
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the assembly process (axial, radial, bending moment, contamination and shield
defect) were investigated. The samples were prepared with low, medium and
high fault ratings.

Abboud et al [25] characterized bearing fault vibrations and explored
angle/time cyclostationary property. They experimentally validated their results
on real vibration signals and the possible application for bearing fault detection.
the assumption of cyclostationarity of rolling-element bearing vibrations is
jeopardized. The emitted signal comprises an interaction between time-
dependent components related to the system dynamics and angle-dependent
mechanisms related to the system kinematics

Antoni [26] applied cyclic spectral tool for incipient fault diagnosis of rolling
element bearings. They demonstrated the optimality of cyclic coherence. It was
proved that the diagnostic information is perfectly preserved in the cyclic
frequency domain as a symptomatic pattern of spectral lines. The paper
discusses which cyclic spectral tools should be considered for that purpose.
Specifically, it demonstrates the optimality of the cyclic coherence, which can not
only evidence the presence of a fault in high levels of background noise, but can
also return a relative measure of its severity. The estimation issue of the cyclic
coherence is addressed in detail, as well as its use in a statistical test, and sub-
optimal simplifications.

Tewfik et al. [27] worked out a design method that matches a wavelet to the
time domain form of a signal. Two techniques for finding the discrete orthogonal
wavelet of support less than or equal to some given integer that leads to the best
approximation to a given finite support signal up to a desired scale are presented.
The techniques are based on optimizing certain cost functions. The first
technique consists of minimizing an upper bound that is derived on the L norm
of error in approximating the signal up to the desired scale. The second
technique is based on maximizing an approximation to the norm of the
projection of the signal on the space spanned by translates and dilates of the
analysing discrete orthogonal wavelet up to the desired scale.

Chapa and Rao [28] developed an algorithm that searches for a matching
wavelet in frequency domain. Their method is capable of designing Meyer
wavelets that approximate the wavelet amplitude and phase spectra separately.
The cost function is the minima of the Mean Squared Error (MSE), calculated
from the amplitude spectra and group delay of the signal and the wavelet. In this
paper, two sets of equations are developed that allow us to design the wavelet
directly from the signal of interest. Both sets impose band-limited feature,
resulting in closed form solutions. The first set derives expressions for
continuous matched wavelet spectrum amplitudes. The second set of equations



provides a direct discrete algorithm for calculating close approximations to the
optimal complex wavelet spectrum.

Mallat [29] created algorithm to analyse bearing fault signal and make the
correlation signal to the original parameters to reveal the defects more
efficiently.

In bearing diagnostics several optimization methods are applied successfully.
Among them the Support Vector Machines and Neural Networks used in the
following contributions.

Saravanan et al. [30] measured gear tooth breakage, gear with crack at root
with face wear by Morlet wavelet. Statistical features standard deviation,
variance, kurtosis, range were added to SVM to achieve bearing fault
classification. This paper deals with the effectiveness of wavelet-based features
for fault diagnosis using support vector machines (SVM) and proximal support
vector machines (PSVM). The statistical feature vectors from Morlet wavelet
coefficients are classified using ]J48 algorithm and the predominant features
were fed as input for training and testing SVM and PSVM and their relative
efficiency in classifying the faults in the bevel gear box was compared.

Rafiee et al. [31] used machine learning for defects classification of ball, cage,
outer race, and on gears with 324 mother wavelets from various wavelet families
like Haar, Symlet, Daubechies, Morlet, Gaussian. Time domain parameters such
as variance, kurtosis, and skewness were fed to artificial neural network. They
recommended Daubechies_44 wavelets. Four statistical features were selected:
standard deviation, variance, kurtosis, and fourth central moment of continuous
wavelet coefficients of synchronized vibration signals (CWC-SVS). In this
research, the mother wavelet selection is broadly discussed. An automatic
feature extraction algorithm is introduced for gear and bearing defects. It also
shows that the fourth central moment of CWC-SVS is a proper feature for both
bearing and gear failure diagnosis. Standard deviation and variance of CWC-SVS
demonstrated more appropriate outcome for bearings than gears.

Kankar et al. [32] [33] [34] [35] combined SVM fault classification with
wavelet transform for fault detection of ball bearings in the researches. The
papers present a feature-recognition system for rolling element bearings fault
diagnosis, which utilizes cyclic autocorrelation of raw vibration signals.
Cyclostationary analysis of non-stationary signals clearly indicates the
appearance of several distinct modulating frequencies. The coefficients of
wavelet transform are calculated using six different base wavelets, after
calculating cyclic autocorrelation of vibration signals. The base wavelet that
maximizes the Energy to Shannon Entropy ratio is selected to extract statistical
features from wavelet coefficients. Finally, a comparative study is carried out
with the calculated statistical features as input to soft computing techniques.
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Three soft computing techniques are used for faults classifications, out of which
two are supervised techniques i.e. Support vector machine, Artificial Neural
Network and other one is an unsupervised technique i.e. Self-Organizing Maps.
The Complex Gaussian wavelet is selected based on maximum Energy to
Shannon Entropy ratio. A comparative experimental study of the effectiveness of
ANN and SVM is carried out. The results show that the machine learning
algorithms mentioned above can be used for automated diagnosis of bearing
faults.

Purushotham et al. [36] investigated the complex cepstrum of rolling element
bearings with Daubechies wavelets. Bearing race faults have been detected by
using discrete wavelet transform (DWT). Vibration signals from ball bearings
having single and multiple point defects on inner race, outer race, ball fault and
combination of these faults have been considered for analysis. Wavelet
transform provides a variable resolution time-frequency distribution from
which periodic structural ringing due to repetitive force impulses, generated
upon the passing of each rolling element over the defect, are detected. It is found
that the impulses appear periodically with a time period corresponding to
characteristic defect frequencies. In this study, the diagnoses of ball bearing race
faults have been investigated using wavelet transform. These results are
compared with feature extraction data and results from spectrum analysis. It has
been clearly shown that DWT can be used as an effective tool for detecting single
and multiple faults in ball bearings. This paper also presents a new method of
pattern recognition for bearing fault monitoring using hidden Markov Models
(HMMs).

Honghu et al. [37] investigated the bearing faults by using one-dimensional
convolutional neural networks and long-short term memory recurrent neural
networks methods by using test-rig for creating efficient training results.

Zhuang Li et al. [38] applied wavelet transform with artificial neural network
for the diagnosis of gearboxes. A new approach using discrete wavelet transform
and an adaptive resonance theory neural network for crack fault detection of a
gearbox is proposed. With the use of a multi-resolution analytical property of the
discrete wavelet transform, the signals are decomposed into a series of sub-
bands. The changes of sub-band energy are thought to be caused by the crack
fault. Therefore, the relative wavelet energy is proposed as a feature. An artificial
neural network is introduced for the detection of crack faults. Due to differences
in operating environments, it is difficult to acquire typical, known samples of
such faults. An adaptive resonance theory neural network is proposed in order
to recognize the changing trend of crack faults without known samples on the
basis of extracting the relative wavelet energy as an input eigenvector. The
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proposed method is applied to the vibration signals collected from a gearbox to
diagnose a gear crack fault.

Strgczkiewicz et al [39] used supervised and unsupervised learning as
pattern recognition methods for damage classification and clustering of rolling
bearings. Clustering analysis was found to be effective for determining the
bearing state conditions. The investigation is performed on the data collected
using an experimental test grid and rolling element bearing with deteriorating
condition of an outer race.

Gligorijevic et al. [40] presented an automated technique for early fault
detection of rolling element bearings by dividing the signal to sub-bands by
means of wavelet decomposition. An automated technique for early fault
detection and diagnosis in rolling-element bearings based on vibration signal
analysis. Following the wavelet decomposition of vibration signals into a few
sub-bands of interest, the standard deviation of obtained wavelet coefficients is
extracted as a representative feature. Then, the feature space dimension is
optimally reduced to two using scatter matrices. In the reduced two-dimensional
feature space, the fault detection and diagnosis is carried out by quadratic
classifiers. Accuracy of the technique has been tested on four classes of the
recorded vibrations signals, i.e., normal, with the fault of inner race, outer race,
and ball operation. The overall accuracy of 98.9% has been achieved.

Strqczkiewicz et al. [41] applied supervised and unsupervised pattern
recognition methods for damage classification and clustering of rolling bearings.
Clustering analysis was effective for determining the number of bearing state
conditions. The paper selected supervised and unsupervised pattern recognition
methods are employed for this purpose. The attention of the authors is given to
assessment of selection, performance benchmarking and applicability of selected
pattern recognition methods. The investigation is performed on the data
collected using an experimental test grid and rolling element bearing with
deteriorating condition of an outer race.

Paya et al. [42] analysed drive-lines with multiple faults. The paper presents
the investigation carried out in order to study both bearing and gear faults
introduced first separately as a single fault and then together as multiple faults
to the drive-line. The real time domain vibration signals obtained for the drive-
line were pre-processed by wavelet transforms for the neural network to
perform fault detection and identify the exact kinds of fault occurring in the
model drive-line. It is shown that by using multilayer artificial neural networks
on the sets of pre-processed data by wavelet transforms, single and multiple
faults were successfully detected and classified into distinct groups.

Wang et al. [43] applied dynamic wavelet neural networks for fault
diagnostics. This paper attempts to address this challenging problem with
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intelligence-oriented techniques, specifically dynamic wavelet neural networks
(DWNNSs). DWNNs incorporate temporal information and storage capacity into
their functionality so that they can predict into the future, carrying out fault
prognostic tasks. Such fundamental issues as the network structure, learning
algorithms, stability analysis, uncertainty management, and performance
assessment are studied in a theoretical framework. An example is presented in
which a trained DWNN successfully prognoses a defective bearing with a crack
in its inner race.

Ray et al. [44] used wavelet coefficients with genetic algorithms for automatic
feature extraction in machine fault analysis. A method is presented that can be
used for automatic extraction of high quality features from wavelet coefficients
without a priori knowledge of features. Pre-processing of the wavelet
coefficients is necessary to obtain a measurable set of features. The pre-
processing is suitable for the Morlet wavelet. Genetic algorithms are used in
combination with learning vector quantization neural networks to select the
relevant features from the processed wavelet coefficients. A simple variation of
the traditional feature selection genetic algorithms is used as it applies to this
method. The method has been applied on different signals for classification and
has shown high classification rates with a small number of features. Results from
different signal classification problems are also presented.

Chen et al. [45] produced the classification of wavelet map patterns using
multi-layer neural networks for gear fault detection. A multi-layer perceptron
pattern classifier is defined for wavelet map interpretation and its application is
described as a tool for mechanical fault detection. As a key step, an instantaneous
scale distribution is introduced for quantifying pattern features. Instead of
directly inspecting complicated wavelet patterns in time-scale domains with
limited human experience and availability, automated classification of the
localised features related to gear faults, therefore, can be implemented. The
detail of constructing, training and testing the multi-layer perceptron based
classifier has been described with application to a gearbox.

Nikolau et al. [46] used demodulation of vibration signals which are generated
by rolling bearing element defects. The envelope detection or demodulation
methods have been established as the dominant analysis methods for this
purpose, since they can separate the useful part of the signal from its redundant
contents. The paper proposes an effective demodulation method, based on the
use of a complex shifted Morlet wavelet family. The method is designed in a way
that can fully exploit the underlying physical concepts of the modulation
mechanism, present in the vibration response of faulty bearings, using a time-
frequency representation of the signal. A key element of the proposed method is
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the systematic introduction of selection criteria for the automated choice of the
critical parameters that characterise the Morlet wavelet family used.

Antoniadis et al. [47] combined the physical model with Support Vector
Machines for rolling bearing analysis in industrial environment. A hybrid two
stage one-against-all Support Vector Machine (SVM) approach is proposed for
the automated diagnosis of defective rolling element bearings. The basic concept
and major advantage of the method, is that its training can be performed using
simulation data, which result from a well-established model, describing the
dynamic response of defective rolling element bearings. Then, vibration
measurements, resulting from the machine under condition monitoring, can be
imported and processed directly by the already trained SVM, eliminating thus
the need of training the SVM with experimental data of the specific defective
bearing. A key aspect of the method is the data pre-processing approach, which
among others, includes order analysis, in order to overcome problems related to
sudden changes of the shaft rotating speed. Moreover, frequency domain
features both from the raw signal as well as from the demodulated signal are
used as inputs to the SVM classifiers for a two-stage recognition and
classification procedure. At the first stage, a SVM classifier separates the normal
condition signals from the faulty signals. At the second stage, a SVM classifier
recognizes and categorizes the type of the fault. The effectiveness of the method
tested in one literature established experimental test case and in three different
industrial test cases, including a total number of 34 measurements.

Wensheng et al. [48] used optimal Morlet wavelet filter and autocorrelation
enhancement for the diagnosis of rolling element bearing faults. A hybrid method
based on optimal Morlet wavelet filter and autocorrelation enhancement is
presented. First, to eliminate the frequency associated with interferential
vibrations, the vibration signal is filtered with a band-pass filter determined by
a Morlet wavelet whose parameters are optimized by genetic algorithm. Then, to
further reduce the residual in-band noise and highlight the periodic impulsive
feature, an autocorrelation enhancement algorithm is applied to the filtered
signal. In the enhanced autocorrelation envelope power spectrum, only several
single spectrum lines would be left, which is very simple for operator to identify
the bearing fault type. Moreover, the proposed method can be conducted in an
almost automatic way. The results obtained from simulated and practical
experiments prove that the proposed method is very effective for bearing faults
diagnosis.

Manpreet et al. [49] investigated thrust bearing groove race defects with
accurate measurements by wavelet decomposition of pre-processed vibration
signal. In this work measurement of groove race defect width in thrust bearing
is presented by processing vibration signal using wavelet based technique. In the

14



first step, pre-processing of vibration signal is done by multiplying the signal
amplitude with its own absolute values. It helps to overcome the problem of
detection of weak burst in normal vibration signal retaining sign of the original
signal. In the second step, Symlet5 wavelet based decomposition is applied to the
pre-processed signal to measure the size of seeded defect in outer groove race of
thrust bearing. The decomposition based on Symlet wavelet is preferred because
it reduces the ambiguity in detecting the entry point and exit point of the defect
as it is having linear phase in nature. Measurement has been done for the groove
defect width over the range of 0.4399-1.4854 mm.

1.2 Conclusions of the literature overview

Wavelet transform was successfully applied for the detection of sudden
changes in the signal and reveal singularity. Continuous and discrete wavelets
are effective tools for feature extraction from the vibration signal.

Daubechies, Symlet and Morlet wavelets were applied for bearing diagnostics
in some related articles.

Since the center frequency and the bandwidth of complex Morlet wavelet
could be adjusted in flexible way, it provides better correlation to the measured
signal.

Researchers applied the Energy-to-Shannon Entropy Criteria for ranking the
wavelets which were the more efficients for a certain application.

In the relevant literature a wide range of optimization and machine learning
procedures were applied for general bearing diagnostics.

As for critism of the researches, the conclusions that the related papers mostly
focused on ball bearings and the roller bearings are not completely analysed
however they have significant role in mechanical engineering. Moreover, the
operational and wear defects were the main areas of the investigations, while the
manufacturing bearing faults were not discussed in the scientific papers.
Grinding faults were not examined at all especially in the case of bearings which
had rectangular shape contact areas.

In most cases, outer ring defects of roller bearings were analysed and there
were some researches which investigated the inner ring and roller problems.
Although, the back-surface defects of the rollers could cause serious problem
under high-speed and high axial load applications, however there were no
literatures which examined them from this view.

Besides of the wear defects, artificial faults and spalls were investigated
which were created by artificial way of electro discharging machines or laser
beam technology but grinding defects from manufacturing technologies were
not investigated.
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1.3 Purposes of my research

Detecting of the manufacturing faults are very important be able to control
the manufacturing process. Today methods, which are frequently applied by the
manufacturing companies are able to reveal the most common problems of the
bearings e.g. waviness problems, roller defects, ring defects. However, there are
bearing problems which can not be detected efficiently with the conventional
time domain and frequency domain methods because they cause short-time
transients in the vibration signature and they have their unique manner and
morphology. Small size rectangular shape surface defects are very difficult to
reveal especially if they are on the back-surface of the roller in tapered roller
bearings under noisy conditions. Therefore, my main purpose is to develop new
reliable bearing fault diagnostics methods based on vibration signal processing
for detecting rectangular shape grinding faults related to bearings
manufacturing.

My further purpose is to analyse the entry and exit events of the roller and
fault interaction and determine a geometrical range where the method is
applicable for accurate fault size estimation.

It is needed to realize an object-oriented measurement system which is
suitable to achieve precise measurements to reveal the bearing defects
efficiently. The system would contain a designed test-rig, vibration transducer,
data acquisition unit, algorithms for fault detection and fault classification and
software programs. In my concept, the test-rig would be flexible to analyze roller
bearings of different types and sizes.

My purpose is to find methods to efficiently reveal the useful information
content from the noisy signal different methods are tested and compared which
are able to detect the unique bearing problems under low signal-to-noise ratio
(SNR<30 dB) environment. It is necessary to create a signal model for the
analysis of different size and types of bearings with similar rectangular shape
grinding problem. In this way the transient wave is analysed which is caused by
faults with similar morphology.

My goal is to test different wavelets which are determined as efficient ones
for bearing fault diagnostics and analyse how efficient they are for the actual
manufacturing grinding process fault detection. To choose the best efficient
wavelets the Maximum Energy-to-Shannon Entropy ratio principle is used.
Furthermore, I would like to design new continuous and discrete wavelets which
are better for the feature extraction of the grinding defects than the customized
wavelets. Complex Morlet wavelet is preferred because of its flexibility to design
for a problem. As for the discrete wavelet design, I plan to apply the wavelet FIR
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filters using Parks McClellan and Chapa Rao algorithm to determine the ideal
filter coefficients which ensure the best feature extraction.

My purpose is to validate the measurement data with precise contact devices
and optical devices to check the differences between the calculated and the
measured values and prove the efficiency of the applied methods.

Furthermore, my aim is to execute automatic fault classification. Using the
proper feature vectors it possible to classify the bearing not only as healthy or
faulty but in multi-classes with high efficiency above 90% which is sufficient
level according to the related scientific papers. | plan to compare different
machine learning techniques and determine the best efficient for classifying the
special grinding faults based on SVM and ANN because they seem to be effective
methods in the machine learning theory. As for the input parameters I test the
efficiency of time-domain statistical parameters of the vibration signal to teach
the machine learning systems. My plan is to connect the statistical data set with
wavelet multiresolution analysis (MRA) to fed the networks with the data set
after MRA. It is supposed that statistical data input vectors after MRA provide
higher efficiency rates than if the statistical parameters are used is raw form for
teaching the machine learning systems. Here, my further purpose is to analyse
different training algorithms, make comparisons and tests, determine the proper
training parameters for the machine learning methods with global or stochastic
optimization methods.

All of these methods are integrated in the object-oriented measurement
method and system which is developed for the experiments.
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2 Manufacturing faults of roller bearings and
methods of the analysis

A bearing is a machine element that constrains relative motion to only the
desired motion, and reduces friction between moving parts.

There are many types of roller bearings: cylinder, tapered, thrust, spherical
roller bearings. All of these type of bearings have similar contact area which can
be defined as “line contact” as opposed to the “point contact”. Because of this
similarity of the contact area between the roller and the ring they can be analysed
with the same mechanical principles.

Figure 1. Morphological shape of contact areas: point contact (left) and line contact
(right) [84]

Balls and rollers are different in how they make contact with the raceways.
Balls make point contact with the ring raceways (Figure 1). With increasing load
acting on the bearing, the contact point becomes an elliptical area. The small
contact area provides low rolling friction, which enables ball bearings to
accommodate high speeds but also limits their load-carrying capacity.

Rollers make line contact with the ring raceways. With increasing load acting
on the bearing, the contact line becomes rectangular in shape. Because of the
larger contact area and the consequently higher friction, a roller bearing can
accommodate heavier loads, but lower speeds, than a same-sized ball bearing,

Tapered roller bearings are bearings that can take large axial forces as well as
being able to sustain large radial forces. The inner and outer ring raceways are
segments of cones and the rollers are also made with a taper so that the conical
surfaces of the raceways and the roller axes if projected, would all meet at a
common point on the main axis of the bearing. This geometry makes the motion
of the cones remain coaxial, eliminating sliding motion in the bearing. Tapered
roller bearings are separable and have the following components: outer ring,
inner ring, and roller assembly containing the rollers and a cage (Figure 2). The
non-separable inner ring and roller assembly is called the cone, and the outer
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ring is called the cup. Internal clearance is established during mounting by the
axial position of the cone relative to the cup.

Outer ring (OR)

\
Cage with roller (R) \@@

Figure 2. Roller bearings: cylinder (left), tapered (middle), thrust (right)

In many applications tapered roller bearings are used in back-to-back pairs
so that axial forces can be supported equally in either direction. Pairs of tapered
roller bearings are used in car and vehicle wheel bearings where they must cope
simultaneously with large vertical (radial) and horizontal (axial) forces.
Applications for tapered roller bearings are commonly used for moderate speed,
heavy duty applications where durability is required. Common real-world
applications are in cutting machines, construction and mining equipment, axle
systems, gear box, engine motors and reducers.

2.1 Vibrations generated in bearings

Bearing defects generate shock pulses when the rollers pass through the
defects. Shock pulses spread inside the material towards the vibration
transducer that measures the vibration parameter.

Figure 3 represents the spreading of the shock waves caused by bearing fault.
The attenuation of the materials sufficiently influences the energy level of the
waves that reach the vibration transducer. Therefore, it is important to use
sensitive vibration sensor and to filter the noise, to surpass the harmful
structural vibrations of the test-rig with adequate design. In this way even the
small size defects can be revealed.

Figure 3. Shock waves in bearing caused by defects [74]

19



The faults cause certain fault frequencies determined by the bearing
geometry and the rotational speed of the shaft. Basically, four types of them are
distinguished: bearing pass frequency of outer race (BPFO), bearing pass
frequency of inner race (BPFI), fundamental train frequency (FTF), ball spin
frequency (BSF) which can be calculated by numerical way. [5][7]

_n-fr{ d } _n-fr{ d }
BPFO = > 1 DcostD BPFI = > 1+DcosCI>
fr{ d } D-f d 2
FTF =—31 — —cos® = 1 _(Z
2 DCOS BSF = >d {1 <Dcos¢>)}

where f, is the speed of the shaft, n is the number of rolling elements, ¢ is the
contact angle, d is the ball diameter, D is the pitch diameter.

2.2 Typical bearing faults

Bearing defects are caused by several factors such as material, environment,
human factors, machine, technology. Defects can be classified in three groups as
follows.

Operational defects: Wear, impact marks, smearing, spalls, fatigue cracks,
corrosion, electric faults, contamination.

Machine problems: The proper condition of the manufacturing machines is
necessary for the bearing companies to achieve the acceptable level of asset
reliability, productivity and profit. There are several factors that could describe
the machine health. In the bearing manufacturing process, the final surface
quality of bearing elements is determined by the accuracy of grinding which is
very sensitive to machine vibrations and environmental noises. The grinding
problems are generally due to the grinding wheel wear process and
misalignment of the wheel. The proper angle to the bearing parts is necessary.
One of the critical items in the grinding machine is the high-speed integrated
spindle with built-in motor (Figure 4). Maintenance of these spindles are
important, the position of rotors, stators, and shafts has to be checked on regular
basis. Since the grinding wheels are placed on the tool interface, it is important
to keep the standard shape and diameter of the grinding wheels to avoid the
faulty products. Spindle condition monitoring and machine vibration monitoring
get important role nowadays. Using vibration transducers to monitor the
spindle, certain parts of the machine problems are avoided. However, according
to my research, not all problems can be solved in this way, therefore machine
problems are always badly influence the quality of the product.
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Figure 4. High-speed integrated spindle with built-in motor [82]

Technological defects: material problems, cracks inside the material, grinding
problems, pulling difficulties, improper handling of the bearing parts, waviness
problems.

Grinding is the last technological step and it has crucial role in the
determination of the surface quality. High-speed grinding technology rotational
speed of 45000 — 60000 1/min is necessary to ensure right morphology of outer
rings, inner rings, rollers. It is a widespread production process and has long
been a fixed part of almost every industrial production environment. During
grinding, the bearing parts are literally given the final surface quality. Grinding
operations contribute greatly to the quality of the finished product. However,
problems can often occur during the grinding process.

One of the typical problem is the grinding burn, which is thermal damage to
the rim zone of the part. Grinding burn occurs when too much heat is channelled
into the part. Micro cracks and brittle surfaces are often the result. Therefore, it
is important to apply sufficient amount cooling liquid for the technological
procedure. To ensure that the coolant lubricant optimally reaches the machining
zone, a precise ratio between the rotational speed of the grinding wheel and the
exit speed of the coolant lubricant from the nozzle needs to be set. Once this
operating point has been found, the machining task runs in an optimum way.

If a grinding wheel is highly loaded, the pore spaces become clogged. This
means that the grinding wheel can then no longer transport any coolant lubricant
and removed chips are no longer led away reliably from the machining site. In
such a case, cleaning nozzles are recommended in order to make optimum use of
the grinding wheel. Cleaning nozzles are nozzles which have been designed
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especially for removing machining residues from the grinding wheel with the aid
of coolant lubricant.

Other sources of technological problems can be improper technological
parameters, faults of the CNC program.

Figure 5. Outer ring (OR) fault, inner ring (IR) fault, roller (R) fault and inner-ring back
surface (IRB) fault as linear rectangular shape topology grinding faults [84]

There are defects which has similar shapes, typically linear, longitudinal line
defects. Certain type of grinding defects are cracks, pulling traces, false
brinelling, etching pits. Some of them are coming from manufacturing, other
from operation. The result of the process is mostly longitudinal (linear) shape,
narrow fault with well-defined entry and exit contact points with the rollers.

|<§- 5>| LY

Figure 6. Roller defect model of crack (left) and grinding fault on the roller (right)
with A and B interaction event contact points

There are other technological faults which could produce similar transients
in the vibration signal than the grinding fault. They are coming from the pulling
technology, cracks, false brinelling, etching pits as Figure 7 demonstrates.
However, it is not allowed to say that the transient wave is the same in all cases.
The shape of a grinding fault is not exactly the same as Figure 6. demonstrates
the visual difference in case of a roller. However, both defect have linear,
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rectangular shape the formation of the fault is different as Figure 6 presents. That
is the situation in case of the rings too. It is only an assumption that similar fault
types produce a similar transient wave with well-defined entry and exit contact
points between the roller and the fault. It is necessary to analyse the transient
signal model of the grinding fault and analyse the entry and exit interaction
events between the roller and the fault for the fault detection and the fault size
estimation.

Figure 7. Other types of linear shape defects: cracks (left above), pulling defects (right
above) and false brinelling (left down) and etching pits (right down) of similar
morphology of linear defects [85]

Adhesive wear and fatigue damages can cause distributed surface damages
(Figure 8). These failures have different morphological shape that the above
mentioned linear shape defects, thus they are producing other kind of vibration
signatures, especially the adhesive wear and the fatigue damage which are
distributed on the raceway. Distributed defects have no direct edges that the
roller can hit during operation and no direct entry and exit points defined which
cause the short time transient signature in the vibration spectrum.

Therefore, it is important to classify the surface problems, referring to their
shapes. In the Thesis, it is a focus on the longitudinal, linear and rectangular
shape morphological defects which produce a clear entry and exit events so that
the defect width can be measured precisely. The parameters of the transients are
analysed in Chapter 6. such as period, duration, duty cycle, undershoot,
overshoot, slew rate. In this way, and producing a transient signal model, the
analysis method of the grinding faults of tapered roller bearings can be
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generalized to be applicable to investigate similar surface faults on different kind
of roller bearings.

s

Figure 8. Different morphology defects: adhesive wear (left) and fatigue damage (right)
[85]

Possible reasons related of the problem and their morphological appearance
on the bearing elements are summarized in Table 1.

Table 1 Fault analysis of defects referring to their morphological shapes [S.7]

Problem Possible Causes
Chatter marks Incorrect grinding wheel dressing
Regularly spaced marks Vibration
Short, regularly spaced marks Spindle pulley loose
Wide, regularly spaced marks Vibration from flat belt
Pulley loose or out of balance
Regular, widely spaced disclosed chatter Grinding problem: wheel specification
marks unsuitable
Grinding problem: wheel out of
Long, rectangular shaped marks balance
Grinding problem: wheel face out of
round
Long, widely spaced chatter marks Drive gear backlash
Regular or irregular marks Faulty thrust bearing

Even and regularly or regularly space Belt joint (belt lacing)

marks

Deep, narrow, regular scratches Wheel specification unsuitable
Wide, irregular scratches Wheel specification unsuitable
Mottle marks Faulty wheel face

Irregular marks of various lengths Dirty coolant

. Wheel specification unsuitable.
Grain marks o s
Incorrect grinding conditions

Uneven traverse lines Table traverse mechanism worn
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Table traverse mechanism worn.
Technological parameters wrong.
Etching pits. False brinelling.
Pulling problems of the roller.
Grinding defects. Cracks.

Linear (longitudinal), rectangular shape
marks of similar manners.

As the result of the geometrical width analysis of 593 grinding faults (184
outer-ring faults, 162 inner-ring faults, 247 roller faults) on the outer rings, inner
rings and on the rollers, the range of the grinding faults occurred in the 0.58 mm
to the 1.68 mm interval. Fault sizes followed Gaussian distribution and 95.46 %
of the cases were between 0.63 mm to 1.63 mm as Figure 9 presents. Mean (W)
of the measured data was 1.13 mm and std. deviation (o) was 0.25. Therefore,
for the later experiments I chose four sizes of width which represented the whole
range: 0.6311 mm, 1.2492 mm, 1.4751 mm, 1.6236 mm. As for the inner ring
back-surface faults [ measured lower values of grinding faults as small as 0.1127
mm by measuring 138 rollers. Thus, for machine learning classifications in
Chapter 8 and Chapter 9 all these values are used to follow the real circumstances
of the manufacturing process.

M )
u—3c u—2o u—1c 18 u+ 1o uw+2c un+3c >
0.63 1.13 1.63  value (Inm)
— 68.26% —P

Figure 9. Gaussian distribution of the analysed fault range

2.3 Traditional methods of bearing fault analysis

2.3.1 Time-domain methods

Time domain analysis extracts features from the time domain signal and
works with the statistical parameters of the signal.

Crest Factor is the ratio of the peak acceleration to the RMS value. Crest factor
is a good indicator of small size defects; although, when localized damage grows,
the value of the crest factor decreases significantly because of the increasing
RMS.
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Skewness is a measure of the asymmetry of the probability distribution of a
real-valued random variable about its mean. The skewness value can be positive
or negative, or even undefined. Normal distribution has a skewness of zero. But
in reality, data points may not be perfectly symmetric. Negative values for the
skewness indicate data that are skewed left and positive values for the skewness
indicate data that are skewed right.

Kurtosis, the fourth normalized statistical moment, corresponds to the peak
value of the data. Kurtosis for a standard normal distribution is 3. Distribution
with kurtosis less than 3 are said to be platykurtic. An example of a platykurtic
distribution is the uniform distribution, which does not have positive-valued
tails. Distributions with kurtosis greater than 3 are said to be leptokurtic. An
example of a leptokurtic distribution is the Laplace distribution, which has tails
that asymptotically approach zero more slowly than a Gaussian. ([69], [72]).
Kurtosis value is more useful, when it is compared with the RMS, crest factor, and
peak value. Significant skewness and kurtosis clearly indicate that data are not
normal.

Impulse factor is peak divided by arithmetic mean. Shape factor is RMS value
divided by arithmetic mean.

2.3.2 Frequency-domain methods

Besides time domain parameters, data revealed from the frequency spectrum
are also important information in bearing monitoring. The analysis of the
frequency spectrum with Fourier Transform (FT) a common way of bearing
diagnosis in the industry, but it is not appropriate for non-stationary cases and
the detection of transients in the signal.

The Fourier transform

1 .

— t)-e t9tdt, weR

[ rwe w

t=—oc0

of integrable functions f: R—R is a basic concept in the theoretical background
of the frequency analysis. Because of the digital measuring systems are used

today in industry, the discrete Fourier transform

flw) =

1 © e 2T
HH=szkM}e N, k=0,... N—1
n=0

of discrete samples x[0], x[1], ..., x[n], and its faster versions, the fast Fourier
transforms (FFT) are the main tool of calculations.

Bearing problems cause frequency peaks with harmonics in the spectrum.
Basically, four sections (A, B, C, D) can be distinguished (Figure 10). The main 1x
and 2x frequencies are in Section A and are connected to the rotational speed of
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the shaft. In Section B, there are the bearing fault frequencies, which are related
to the outer ring, inner ring, the roller or the cage of the bearing. They appear
with their harmonics in the spectrum. In Section C, the structural frequencies of
the bearing developed which are connected to the size and the rigidity of both
the bearing and the bearing house. In Section D, the ultrasound frequencies
appear. Initial bearing problems are derived from the high frequency regions. As
the fault size increase, the frequencies which describe the fault phenomena
become lower in frequency and more harmonics developed with side-bands with
increasing amplitudes as Figure 11 shows.

It is important to identify these frequencies in the spectrum which is
generated by the Fourier transform. FFT is fast way to produce the spectrum,
however, nowadays digital signals need Discrete Fourier Transform (DFT).

X@® 500 Hz 20 KHz
|

A B | C D

“ | Mlh

Fault frequencies Structural frequencies Ultrasound frequencies ¢

BPFO
BPFI

— 2BPFO
— 2BPFI

Figure 10. Initial fault frequencies in the vibration spectrum [66]
X(9) 500 Hz 20 KHz
A | B Cc D
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2X I
] I

e P L
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Fault frequencies Structural frequencies  Ultrasound frequencies

Figure 11. Increased fault frequencies in the vibration spectrum [66]

To choose the proper DAQ unit and adequate test-rig design, it is necessary to
know the excepted values of the frequencies in the case of the examined
bearings. The vibration signal of the bearing is sampled by the DAQ unit.
Shannon-Nyquist criteria defines that the sampling frequency (f;) should be at
least two times higher than the maximum frequency (f,,4,) that we suppose to
measure in our experiments (f; > 2fmax)-
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That is typically approximated by filtering the original signal to attenuate high
frequency components before it is sampled. If the sampling frequency does not
satisfy the Shannon-Nyquist criteria alien signals appears in the vibration
signature which are not part of the measured signal. This phenomenon causes
serious measurement error thatis necessary to avoid. Attenuated high frequency
components still generate low-frequency aliases, but typically at low enough
amplitudes that they do not cause problems. A filter in anticipation of a certain
sample frequency is called an anti-aliasing filter.
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3 Time-frequency analysis based on wavelets

Vibrations signals in engineering diagnostics are non-stationary which means
frequency-domain representation (frequency spectrum) changes over time. The
detection of low-energy transients in the signal requires information about
frequencies and also on the time when a particular frequency component
present. Several time-frequency analysis methods are known which are able to
provide both types of data, for instance the Windowed Fourier Transforms and
the Wavelet Transforms (WT). Because of their flexibility, the wavelet
transforms (and the related multiresolution analysis) can be used more
effectively in the condition monitoring of machine elements.

Wavelets enable to analyse several timescales of the local properties of
complex signals that can present non-stationary zones. A wavelet is a function
oscillating as a wave but quickly damped. Being well localized simultaneously in
time and frequency it makes it possible to define a family of analysing functions
by translation in time and dilation in scale. Wavelets constitute a mathematical
“zoom” making it possible to simultaneously describe the properties of a signal
on several timescales.

3.1 The concept of wavelets

A function ¥ € L' n L? will be called a wavelet if it verifies the admissibility

condition
+00

gl (Bl

Ky=| —/—dw= | —F/——dw <+,
lwl lwl

0 —0o0

where 1) indicates the Fourier transform of .

The admissibility condition involves, that the wavelet integrates to zero, that is,

fR Y(x)dx = 0. It is often reinforced by requiring that the wavelet has m

vanishing moments, i.e.

f xk-P(x)dx =0, fork=0,...,m.
R
The oscillation of a wavelet is measured by the number of vanishing moments
and its localization is evaluated by the interval where it takes values significantly
different from zero.
Using translation and dilation a family of functions {1/)a,b} is defined by
1 x—b
Var() = = ()

29



for any scale a € RT and any position b € R. If 1 has a norm 1 then all the
functions v, , have a norm of 1.
A signal f of finite energy can be analysed by its wavelet coefficients

Cr(a,b) = -fm fx) Yop(x)dx, a€R*beER

The calculation of wavelet coefficients C; is called continuous wavelet transform.
The Cs(a, b) measures the fluctuation of function f at scale a, it depends on the
values of f in a neighbourhood of b with a length proportional to a. Large values
of C¢(a, b) provide information on the local irregularity of f around position b
and at scale a.

The squared magnitude of wavelet coefficients
2

Cr(a, b)|” =

f FO W)

constitutes the so-called scalogram, which is an important tool in of evaluations
based on wavelet transforms [81].

For instance, a ranking of wavelets can be generated with respect to their
efficiency in bearing fault detection using the so-called Energy-to-Shannon
entropy criteria using the scalograms. Values in the scalogram are related to the
energy content of signal components.

The representation of scalogram (Figure 12) in the time-frequency plane is
useful source of visual information e.g. in the identification of transients in
vibration signal caused by surface defects of bearings.

Scalogram
Percentage of energy for each wavelet coefficient %10

JENTER LT LA TARHRRCL AR LA

Scales a

1 2 3 4 5
Time (or Space) b x 10}

Figure 12. A representation of the scalogram of a defected bearing
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Supposing certain stronger properties than merely the admissibility
condition we limit ourselves to the values [81]
a=2,b=k-2/, jkeL
This idea leads to the discrete wavelet transform which is closely related to
the so-called multi-resolution analysis (MRA).

3.2 Multi-resolution analysis, orthonormal wavelet bases

For signals f the following two operations
(taf)x)=f(x+a), a,x€R
G ) =f(s"x), s, x ER,s>0
ENE =) fc+K) =) @@, xeR
KEZ KEZ
will be used in this section [81].

The concept of multi-resolution is based on translation-invariant Riesz-bases.
A system {¢,} ez € X is a Riesz-basis of X if for all x € X there exists a unique
(cx) € 5 suchthatx = Y ez C Pk
[t is important to note that all orthonormal bases are Riesz-bases as well.

Let {¢@r} kez = {tk®} ez © X be a Riesz-basis with the generator function ¢.
Then foralln € Z

orx) =\/%-(p(zin-x—k), xERkELZL

is also a Riesz-basis for X,,, furthermore, if {¢; } ez is orthonormal, then {¢}}} xez
is orthonormal as well.

A sequence of closed sub-spaces {X,} ez € X is called multi-resolution
analysis of X if

1. X,cX, ,n€Z monotonicity property
2. UpezXn =X density property

3. Npez X, = {0} separability property
4. feX, © 6,f€eX,.,n€el scaling property

5. X, is generated by a Riesz-basis given by

Y =Tkp, kEL
(The basis is invariant to integer translations).

The scaling property characterizes the multi-resolution aspects: the X; spaces
are obtained by dyadic dilation or contraction of the functions of the single space
X, through the assumptions

(x —>f(x)) EX; © (x - f(2 -x)) €Xj_1, jEL
Property 5 states that there exists ¢ € X, such that {¢(x — k)},ez is a Riesz-basis
of X,. Function ¢ is also called scaling function of the MRA.
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Let us denote the sub-space generated by a Riesz-basis ¢} as
X3 = Zrencr - ok 1(ck) € £23.
Each multi-resolution analysis generates an approximation process. If P;: X —
X,,n € Z denote the othogonal projection of f onto the closed sub-space X,, then

lim [|B.f - fll=0, f €X.
n—oo

It can be proved that, beside general assumptions, there exists an
orthonormal basis {@}}} ez of X,,, and then P, can be written as

KEZ
where the kernel function K has the form

K(x,t) = Z(p(x—k)-go*(t—k), x,t ER.
KEL
Let M, be the set of non-negative, even, integrable functions decreasing on

[0,1].
It can be proved that if an MRA is generated by a function ¢ majorated by an
element of M, then the equality

Z¢(x—k)=1, XER

KEZ
is equivalent with the density property.

Theorem [81]: The following three statements are equivalent:
i) {¢}¢} kez is a Riesz-basis of X, for all n € Z.

BN = Yol ok =2 [ f0- K@ x 2 e
R

i) {pp = e} vcq 1S @ Riesz-basis of Xo.
iii) There exist 0 < m < M < oo real numbers such thatm < \/E; (|$|?) < M.
Let R = {(p eX |m <VE(|9]?) < M}. According to the previous theorem R
contains the functions ¢ € X for which system {¢;’} xez is a Riesz-basis of X, for
alln € Z.
Theorem [81]: Let ¢ € R. System {t;@}yez is orthonormal if and only if
E(1p1») = 1.
Let @ € R and let X denote the Riesz-basis generated by {¢?} vez, 1 € Z.
Theorem: The monotonicity property X,, € X,,_4,n € Z is equivalent with the
P2x) =a(x) p(x), x€ER,

scaling equation, where a € X is a suitable 1-periodic function. « is called the
high-pass filter belonging to ¢.
Furthermore, the scaling equation is equivalent with the equality

1 1

§-<p<§-x> =Zak-q)(x+k), x€eR

KELZ

where (a;) is the sequence of the Fourier coefficients of a.
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Let M denote the set of ¢ € R functions which have majorantin M|, and satisfies
the condition

o0 = [ prdr=1
R

i-x),xE]R.

Ifp € M then §(x) =[[=1 @ (zn
Orthonormal wavelets

From functions ¢ generating MRA an orthonormal wavelet basis {X;f} of X
nez

can be constructed as follows.
In the following we suppose that the normality conditions

E(e» =1 E(|$])=1
hold, that is, systems {¢}} xez and {{}}} xez are orthonormal for any n € Z.
[t can be proved that there exists a 1-periodic filter § € X such that for ¢ defined
by
5(P) =69

[ _ 1 . 1' k R keEZ
wk(x)_ﬁ ll)(z—n X — ), XxXERKE

we have the orthogonal decomposition X{ = X;pEBXf}.

Consequently, for all n € Z we have X = X%, @XxY, , furthermore

j+1
X}”:X,‘fea( o x|, j<k

i=k
(0]
xf= & x/
i=j+1
J ¥
x=xo| & X
i =—o0
(0]
X= & x¥
[ = —o0

This result shows that system {}}} } ez, where functions

n = 1' 1' k Rk EZ
lpk(x)_ﬁ ll)(z—n x — ) xe€ERkE

are generated by v satisfying E;(|¢|?) = 1,E; (|1/7|2) =1and X¢ = Xf’GBX;p is
orthonormal, that is

(l/)z’, {n> = 6kl . 6nm, k, l, nm € 7.
Function v is called the mother wavelet of the MRA.
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Sub-spaces Xj(p, k € 7Z are called approximation spaces, while ij, k € Z are called
detail spaces.
The equality X,(lp = X,?HGBX;LPH says that an element of the approximation space

of level n is decomposed into an approximation at level n 4+ 1, which is less

accurate, and a detail at level n + 1.
o0

Accordingto X = @ Xiw any signal is the sum of all its details, namely its
[ =—0

orthogonal projections onto X;’b.

The projection equations are

9,0 = i al = (e k) =G

Rt V27 2J
£ Ew = (1 k), =t
(x) = CL+—* — X — , Cc — i1, .
j sy Ny P\5 k j-1Pjk

where d,](' and C,{; are the projection coefficients.
The wavelet coefficients of a signal fare provided by

agn = Cr(k,n) = jR f)-Ypx)dx, knez

J
) Xl.w > the orthonormal system
[ =—o0

{QD]((), 2} k,n€Zn<0

Considering the decomposition X = X].(”EB <

is used instead of {{}}} kez-
Theorem [81]: If the continuously differentiable 1-periodic function a € X

satisfies
2

1
a(0) =1, |a(x)|*+ |a(x) +3| = 1, x€eR

and

la@) >0, if |x|<

AN

then function ¢ defined by ¢ = A, where
m

1

Alx) = T}ll—lgo a (2—n . x)
n=1

generates an MRA of X.

Wavelets are organized using two parameters time and scale. Time k makes it

possible to translate the forms for a given level; scale 2/ makes it possible to pass

from a level j to the immediately lower level in the underlying tree represented

in Figure 13.

34



In the first column we find the dyadic dilates of the scaling function ¢ and in the
second column, those of the wavelet .

oca> | K
I \
\
o(3) l | e o ¥(3)

Wm@ -\- o(2)
o(5) e o ¥(2)

Figure 13. MRA of the signal [62]

The functions in the first column are used for calculating the coefficients of
approximation

mm=&faywﬂww,

which define local averages of the signal f(x).
The signal

4G =) B oRE)
kEZ
is an approximation.

The functions in the second column are associated with the calculation of
wavelet coefficients

am=Lf®#W@M knez

which relate to the differences between two successive local averages. These are
the details of the form:

D) = ) - YR
K€L
To present certain approximations and details we use the so-called wavelet tree

illustrated in Figure 14 for a signal s.
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Figure 14. The wavelet tree for a signal [62]

At the root of a we find the signal. The first column in the figure yields three
approximations, from the finest A; to the coarsest A;. The differences between
two successive approximations are captured in the details denoted D; to Ds.
More precisely, we have D, = s — A, D, = A; — A, and, thus,s = A, + D, + D;.
This representation help us to understand the basic relations between
approximations and details, for instance A;_; =A;+D;, A; =);5;D; and
s =4;+2i<;D;.

The following theorem says that from any scaling function of a MRA a mother
wavelet of a complete orthonormal wavelet system can be constructed.
Theorem: Suppose that for ¢ € X E;(|¢|?) = 1and 6, = a * ¢ hold, and define
functions # and ¢ as

B=e-t(a"), &Pp=pB-9
2
Then {X,/} ez 15 @an MRA of X and {§)}¢ }y nez complete orthonormal system.

The Fourier coefficients of the 1-periodic function 8 € X can be expressed by the
Fourier coefficients of a, namely if @ = Yxez ay - €k, then f = Y ez ai_i - €.
3.3 Wavelets with compact support

In the applications the MRAs are used first of all whose generator functions
has compact support. The filters belonging to these generator functions are
trigonometric polynomials [81].

N
Filter ¢ can be found in the form a = (%) T, where T is a trigonometric

2
polynomial, and additionally, a(0) =1 and |a(x)|? + |a (x + %)| =1,x€R

hold. Then
la(x)|? = cos?N(nx) - |T(x)|?, x€R
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where |T|? a trigonometric polynomial. We can suppose that |T|? is an even
function. Then

|T(x)|?> = P(cos2mx), x €R
where P is an algebraic polynomial, and using cos 2mx = 1 — 2sin? mx,x € Rwe
have

IT(x)|? = Q(sin’mx), x€R
where Q(x) = P(1 — 2x),x € R.
Based on the formulas above we have to find the solutions of equation

1 2
a(0) =1, |a(x)|? + |a(x +E) =1,x€R

in the form
la(x)|? = cos?N (mx) - Q(sin?mx), x €R
Introducing the notation y = sin? x our equation is equivalent with equation
A-»NV-e+yV-Ql-y)=1 0<y<1
where @ is an algebraic polynomial.

Its solutions are
N-1

QN(y)=;(N+,’:_1)-y", yER
If R is a polynomial for which R(y) + R(1 —y) = 0, y € R then (non-negative)
polynomials
QW) =QovM +y" RM), y€ER
provide functions « in the form
la(x)|? = cos?N(nx) - Q(sin? mx), x € R.

Calculating T we have the filter a.

3.4 A wavelet design procedure

Although, the user-ready wavelets are effective in many cases, the also the
design of new wavelets meeting certain criteria is necessary in some cases for
the more efficient diagnosis in specific cases. A natural requirement is to find
wavelet functions having special shape, for instance being ‘similar’ to a given
transient in the analyzed signal.

Some direct calculation algorithms are available in the literature, for instance
in [28] Chapa and Rao introduce an algorithm for designing a mother wavelet

Y such that it matches a signal of interest and wavelets ]} = \/%_nzp (Zinx - k)

form an orthonormal Riesz-basis of X. Supposing band-limited spectrum of the
scaling and wavelet functions they give the scaling function by discrete matching
procedure from the discrete spectrum of the desired transient appearing in the
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signal of interest. In this part I summarize briefly the main steps of the method.
In this part the notations of [28] are used.

Suppose that we have a sample
2? 2€+2
Je=[5]-

~{IF (-27)
where F is the spectrum of the signal.
Let us denote the matched wavelet spectrum as W. Through a least squares
optimization process, Theorem 5 in [ 28 ] gives values
2[ 2[+2
S B s

using the error function
W —aY)" - (W —aY
E(a,Y) = ( )" ( ).
wTw

According to the theorem, the optimal wavelet power spectrum is given by
1 1
Y= aw + AT(AAT)1 (1 — aAw)
where A is an L x 2! matrix and
17(AAT)"1AW
~ 1T(AAT)-11 °

Theorem 4 in [28] says that, in an orthonormal MRA, values of |®| can be

calculated from |¥| values using the equality

km 2km
oS S ke
27

2
The necessary and sufficient condition on Y (k) = |‘P (k-?)| ,k €EZ to

guarantee that |®(k)|, provided by Theorem 4, generates an orthonormal MRA
is
(1 3] 2{,
Z Z Y(E-(k+2“1-m)> =1
i=0 m=—o0
where
2#—1 2# 2€+2
i 241,
3 <7 (k + 2% -m) < 3

To determine the specific set of constraint equations, first expand the

summation over i.

£
Condition Z —02m=—c Y (% (k +2t+1 -m)) = 1 generates a set of L linear

equality constraints in Y (k) of the form

38



L Zt’ 2€+2
wY(k)=1 f k=|—|,..,
1=
where «a;;, € {0,1,2}. The matrix form of the condition is
AY =1
where A = (a;;) isan L x 2! matrixand 1isa L x 1 vector givenby 1 = (1, ...,1).

Let 0p(w), Oy (w), Oy(w), and Bg(w) be the phase functions of ®, ¥, H and F,
respectively, where H is the spectrum of sequence of coefficients (h,,) in equality

px)=2"- Z hi - (2x — k).

k=—o0

Let us introduce functions

1 1 1
['p(w) = Ap(w) + > [y(w) = Ap(w) + E,and [r(w) = Ap(w) + 5

where

Ao (@) = dega()w), Ao(@) = de;p(f)(l))’ @) = dG:(f)w)
are the so-called group delays of @, ¥, and H, respectively.
A least squares optimization procedure is presented in [81] for matching ['y to
[+ which provides Ay and Ay as well. In calculations the periodic function A has
a central role, its period A is modelled with an R-degree polynomial A;(w) =

Zfﬁ) ¢, * w?",w € [—m, ] having only even exponents.
The discrete form for A can now be written in vector notation
A =Bc

where A is an N X 1 vector, ¢ is an (g + 1) X 1 vector, and B is an N X (g + 1)

matrix whose elements depend on the parameter settings (sampling time T and
sample size N) used when sampling F. Using this form of 4 we have
I'y = Dyc

where matrix Dy can be calculated from B.
I'y matching I'r can be obtained minimizing the error function

N/2-1

y= ) @) -Te(m)

n=-N/2

in a least squares sense.

To consider the passband for spectra, the error function needs to be normalized
Y(m)
LYy
provided by the amplitude matching algorithm:

by the weighting function Q(n) =

where Y(n) are the elements of Y
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LY

2
va= ) (9 @) - Ty(m)’
=N

2
The vector € minimizing y can be given as

o = T—
where the elements of I are the non-zero values of {Q(n) - Tg(n)} and the

1_ r_
Dy T},

elements of Dy are the corresponding non-zero values of {Q(n) . dn,r}.

Using ¢ functions A, Ay and A4 and then the discrete phases of ¥ and @ can be
calculated.

Combining these discrete phases with the magnitudes we get the estimate of ¥
and @ which satisfy all conditions for an orthonormal MRA.

The impulse responses, h and g, corresponding to the matched wavelet and its
w

scaling function can be found using ®(w) = H (?) (o] (%) ,P(w)=G (%) (] (%)

and the inverse Fourier transform.
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4. Object-oriented measurement system for
bearing analysis

4.1 Test-rig design

For the measurements test rig was designed as the part of the object-oriented
measurement system. The shaft in the test rig is supported by two tapered roller
bearings. Several types of bearings can be tested if the bearing house is changed.
The shaft is driven by an alternating current motor of 0.75 kW capacity (Made:
Crompton, frequency 50 Hz, current 4.2 A and speed 2880 1/min) with the help
of rubber V-belt which provides extremely smooth running. The arrangement
provides option of different speeds if it is needed controlled by Schneider
ATV32HU22M2 2.2 kW variable speed drive [78]. In the experiments speed of
the shaft is measured using an optical tachometer (stroboscope). The vibration
piezo electronics accelerometer is placed on the top of the bearing casing
perpendicular to the axis of the rotation of the shaft in such a way so that it can
acquire vertical acceleration. Test rig can be used for acoustic measurements
because an optimized anechoic chamber was installed around the test bearing
house with an appropriate feature to supress outside noises and reduce reverb
time. Test bearing is spanned by screw mechanism to supply the sufficient axial
force to the measurements. Force is measured by strain gauge in Wheatstone-
bridge. Constant force during the measurement is ensured with glue (Loctite
243) on the thread of the spanning mechanism.

The bearing test rig was designed in a sophisticated way to oppress the
resonance phenomena. Structural frequencies of the test-rig were determined by
experimental modal analysis. Impact hammer with a FT analyser was used to
perform this test. It is important that the natural frequencies of the structure
does not match the frequency of expected from the operation of the test-rig. If a
natural frequency matches a frequency of the structure it may start to resonate
and causes inaccurate measurements.
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Figure 15. Structural resonance phenomena [71]

To mitigate resonance, the test-rig has a four-layer vibration isolation
basement (12) with two-layer rubber plates of 20 mm width. Between the
rubber plates soft foam helps to reduce the low frequencies coming from the
environment. Rubber bumpers were installed to reduce vibration of the electric
motor to the bearing housing in order to minimalize harmful vibrations. The
main purpose was to operate the test-rig at 1800 1/min (30 1/s) with minimal
vibration level to detect bearing faults and estimate the bearing fault size for the
precise measurements.

This value satisfies the specifications of American ANSI and German DIN
standards (1800 1/min £+ 2%) concerning bearing vibration measurements.
ANSI Standard: American National Standard ANSI/AFBMA Std 13-1970, ANSI
B3.13-1970, Rolling Bearing Vibration and Noise (Methods of Measuring)

DIN Standard: Deutsches Institut fiir Normung DIN5426, Laufgerdusche von
Walzlagern, Priifverfahren.

Figure 15 demonstrates the vibration x (t) amplitude in the function of a
structure the frequency ratio and the { damping factor. Measurement
frequencies has to be avoided where the resonance frequency of the structure is
the same. In practice, arange of 0.8 - f; < fy < 1.3 - f; frequency-window should
be avoided, 24 Hz < fy < 39 Hz, to surely avert the vibration phenomena.
Therefore, the structure was designed that the main structural frequencies were
not in this frequency range. Experimental modal analysis revealed the modal
frequencies of the structure (Figure 16) which were 1st modal=13 Hz, 2nd
modal=49 Hz, 34 modal=84 Hz, 4t modal=109 Hz, 5t modal=117 Hz, 6th
modal=136 Hz, 7t modal=163 Hz, 8t modal=191 Hz. There is no modal
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frequency between 24 Hz < f; < 39 Hz range which was the aim of the design

to ensure smooth measurements which need minimal after filtering of the signal.
1

e
=

Blh

0.01

Vibration velocity (m/s)

0 50 100 150 200
Frequency (Hz)

Figure 16. Measured modal frequencies of the test-rig

The (6) engine holder steel structure is made of 40 X 40 X 3 mm rectangular
shape welded section. The engine plate (5) is placed on the steel structure via (4)
vibration isolation rubber plates which helps to reduce the vibration towards the
(1) electric engine. The electric engine was chosen a special type with low
vibration level where the bearings of the engine are known, therefore fault
frequencies of the electric engine are calculated. In this way, they can be
distinguished from the vibration fault frequencies of the tapered roller bearing
under testing. Ribbed V-belt (3) produce a very smooth transmission from the
engine to the shaft. Radial force caused by the belt force can be neglected. The
oscillation of the belt creates a frequency which is different from the bearing fault
frequencies and it is easy to filter out from the vibration signal if it is necessary.

The top of the test bearing enclosure is carefully grinded to ensure the R, =
1.6 um average surface roughness. Transducer are placed by an M6 X 1.5 screw
on the bearing enclosure. This is the best way of fixing compared to the use of
glue, bee-wax or magnet because they do not provide smooth frequency
transition. The IMI603C01 transducer is pulled by 6.8 Nm torque according to
its technical specification which means constant force between the bearing
enclosure and the transducer. Between these surfaces thin layer of coupling fluid
(oil layer) is used to ensure excellent vibration transition with low damping.

The transmission of the (9) shaft is driven by soft ribbed belt with low
vibration feature. It offers smooth driving toward the test-bearing. Tension
sleeve (10) ensures the constant axial force of the test bearing during the
measurement. The constant tension force is measured with load cells in
Wheatstone bridge which was glued on the tension sleeve. Nut (11) is pulled fix
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torque to ensure the proper axial loading of 50 ... 450 N to the examined tapered
roller bearing. By adjusting the torque, the axial loading of the bearing could be
modified. Furthermore, it is a possibility to create numerous input vectors for
machine learning methods as it was executed in Chapter 8 and Chapter 9 for SVM
and ANN classification. Maximum axial force was 450 N in order not to exceed
the Hertzian contact stress in the contact point between the roller and the faults
that cause residual deformation. The purpose is to execute the experiments in
the elastic region of the stress-strain curve as Figure 17. illustrates. With optical
microscope the contact areas were examined to check the deformations in the
contact areas not to exceed the maximum level. Figure 18 and 19 present the
parts and basic dimensions of the system.

Stress

Fracture
Plastic region

Elastic region

Strain

Figure 17. An idealized uniaxial stress-strain curve showing elastic and plastic
deformation of the bearing elements
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Figure 18. Schematic view of the test-rig

Electric motor (type: Cemer, power consumption: 0.75kW)
Ribbed belt disk (dimension: 100 X 20mm)

Ribbed belt (six-ribbed belt, dimension: 20mm)

Vibration isolation rubber plate (dimension: 40 X 25mm)
Engine plate

Engine-holder steel structure (dimension: 40 X 40 X 3mm)
Test-bearing enclosure

Holder-bearing enclosure

Shaft (length: 600mm, diameter: from 25mm to 30mm)

. Tension sleeve (dimension: 30 X 80mm)

. Nut (M24 x 1.5mm)

. Holder steel structure (dimension: 40 X 40 X 3mm)

. Vibration isolation rubber basement (dimension: 1200 X 600mm)
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Figure 19. Bearing test rig (left) test bearing in acoustic chamber with pyramidal RAM
and electric microphone (right)

4.2. Transducers for vibration acceleration measurement

The accelerometer measures acceleration in the vibration signal. In the
experiments PCB IMI 603C01 vibration transducer (Figure 20) is platinum Stock
Products; Low-noise, industrial, ceramic shear ICP® accelerometer, 100 mV /g,
0.27 kHz to 10 kHz, top exit, 2-pin connector, single point ISO17025 accredited
calibration. The accelerometer has a linear response over a wide frequency range
(0.5 Hz to 20 kHz) which is linear up to 50 kHz [35].

Figure 20. PCB IMI 603C transducer for the experiments [77]

4.3. Data acquisition unit

NI 9234 DAQ is applied which is a 4-channel C Series dynamic signal acquisition
module (Figure 21) for making high-accuracy audio frequency measurements
from integrated electronic piezoelectric (IEPE) and non-IEPE sensors with NI
CompactDAQ or CompactRIO systems. The NI 9234 delivers 102 dB of dynamic
range and incorporates software-selectable. The four input channels
simultaneously digitize signals at rates up to 51.2 kHz per channel with built-in
anti-aliasing filters that automatically adjust the sampling rate [76]. 64 bit
Intel(R) Core(TM) i5-8600K 3.60 GHz with 32 GB RAM system was used as
hardware components.
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Figure 21. NI 9234 DAQ for the experiments [76]

Further parts of the object-oriented measurement system are: algorithm for
surface fault detection and fault size estimation (designed wavelet and filters),
developed Labview VIs for measurements and data processing which are
presented in the next Chapters in connection with the experiments.
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5 Optimal wavelet selection for grinding defect
size estimation

5.1 Fault size estimation

Analysis of the entry point and the exit point are necessary for fault size
estimation [10]. Figure 22 represents the entry and exit events when the roller
contacts the edges and the bottom of the fault. Ball stress varies during the
process, however in this experiment not the mechanical stress is measured but
the vibration acceleration value which is proportional with the stress according
the Newton’s second law and Hooke’s law. Linear and isotropic material model
is supposed with Poisson values of 0.33 of the 100Cr6 material. Bearing behaves
as a mass-spring-damper system with weak damping which creates transient
vibration waves when hit the fault.

Iy
Inner Race
»
] Outer i } Defect
s OUTER- Race % =03~ "A Clearance
/ RING . )
. WEE-e ¥
X
Entry Edge - -4— Exit Edge
Ball , | §
Stress A C
% Restress
= = Destress = B Time

Figure 22. lllustration of the mass-spring-damper mechanical model of the bearing (left)
and the entry and exit events with stress response (right)

At point 4, the roller strikes the rectangular shape grinding defect with high
impact which results in re-stressing and high impulse in signal. After this event
the roller remains in contact with the defect for some time as Figure 23 presents.
When the roller comes in contact with the point B it again generates high
amplitude in the signal and beyond point B progressive decrease in amplitude of
signal is observed due to elastic damping of the bearing element.

Fault size is calculated by the time “distance” between points A and C. This
method is very useful because the defects width of the bearing can be determined
only from the vibration signature. Bearing defects generate transient impulses
in the vibration signal when the rollers pass through the defects. The bearing
fault frequencies can be calculated by numerical way: bearing pass frequency of
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outer race (BPFO), bearing pass frequency of inner race (BPFI), fundamental
train frequency (FTF), ball spin frequency (BSF). For instance, FTF can be
calculated as [72]

fr( d )
FTF =< (1 —=cos®
2 DCOS

where f, is the rotational frequency of the shaft, ® is the contact angle, d is the
inner ring diameter, D is the outer ring diameter. The defect can be calculated,
where Dy, is the outer ring diameter on the raceways, At is the time duration
between the contact points of the bearing elements [12].

Roller exit
from defect

Roller enter
into defect

Maximum

destressing__ Impulse stabilizing

/" Roller

Figure 23. Analysis of the transient impulse presenting the entry and exit events of the
roller into the grinding defects on the outer ring [12]

For fault size estimation fault frequencies are calculated [10] which in this
experimentare BPFO = 206.18 Hz, BPFI = 287.15 Hz, FTF = 12.88 Hz, BSF =
89.96 Hz in this experiment at 1800 1/min in case of the No. 30205 bearing.

Lop =m At Dg; - FTF = 1713.74- At

5.2 Wavelet selection with Energy-to-Shannon Entropy
Criteria

The Energy-to-Shannon Entropy Criteria is used to rank wavelets on the basis
of scalograms. The Energy-to-Shannon Entropy ratio is a combination of the

energy content
m
2
E(n) = |Cn,i|
i

and the Shannon entropy
S(m) = — Xk, pilogzp;,
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related to the wavelet coefficients C,, ;, where m is the number of the wavelet
coefficients of n-th scale and (py, ..., p,,) is the energy distribution of the wavelet
coefficients defined by

pi = |Cn,i|2/E(n)'
The indicator
§(n) =Em)/S(n)
is used to choose the best wavelet for diagnosis of a special fault. [58]

Nine different wavelets are compared to reveal the grinding faults. According
to the literature overview it was found that these wavelets were efficient for
bearing fault analysis in general bearing fault diagnostics. Values of the Energy-
to-Shannon Entropy ratios are in Table 2.

Table 2. Values of Energy-to-Shannon Entropy ratio belonging to the different wavelets,
Fc=2.09 kHz (Morlet)
E/S OR1 OR2 OR3 OR4 Mean

Sym?2 59.96 80.20 | 100.87 | 109.16 | 87.55
Sym5 65.58 95.37 | 117.07 | 11992 | 99.48
Sym8 82.81 | 113.77 | 120.16 | 118.48 | 108.81
db02 60.91 81.09 | 101.12 | 113.46 | 89.14
db06 71.74 89.02 | 12042 | 117.40 | 99.65
db10 77.76 | 104.69 | 120.34 | 120.45 | 105.81
db14 85.02 | 120.03 | 121.37 | 123.78 | 112.55
Meyer 92.31 | 160.31 | 126.20 | 105.70 | 121.13
Morlet | 113.15 | 194.15 | 142.18 | 138.14 | 146.90

It is observed that Morlet wavelet provided the highest value that indicates to
be the most efficient wavelet from the nine wavelets for both fault detection and
fault size estimation of the special grinding defect.

5.3 Fault size estimation procedure

To determine the defect size MRA is applied by filter banks which is a design
method of most of the practically relevant discrete wavelet transforms.

In the case of No. 30205 tapered roller test bearing BPFO is 206.18 Hz. Down
to 3rd level, where transient impulse is analysed for defect width estimation,
wavelet band is 1.25 kHz which is more than 3 times bigger than BPFO.

The raw signal is too noisy to detect entry and exit points of the defect but
wavelet decomposition makes it possible to analyse the entry and exit events.
Using Energy-to-Shannon Entropy Criteria we obtain the best wavelet to
determine the fault size from the vibration signature.
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Figure 24. Typical raw time domain signal of bearing having 0.6311 mm of grinding fault
width on the outer race

Figure 24 presents the time-domain signal of outer race defect of 0.6311 mm.
The highest periodic transient impulse related energy content of the burst occurs
at 2.09 kHz that causes 5 ms rate of periodicity which is equal to 206.18 Hz
BPFO frequency. The spectrum was determined in all outer rings with different
fault sizes and they showed similar manner around the peak at 2.09 kHz as it can
be seen in Figure 25.

Multiresolution analysis is made in order to obtain precise frequency analysis.
Figure 26 presents the wavelet decomposition tree. Higher decomposition is not
necessary because it might not reveal any further information of the signal.
Regarding the BPFO frequency analysis was made at 3rd detail level (cD3) from
1.25kHz to 2.5 kHz.
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Figure 25. Frequency domain spectrum of bearing having 0.6311 mm of grinding fault
width on the outer race, transient frequency of 2.09 kHz
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Figure 26. Wavelet decomposition graph of the original vibration signal by MRA with
frequency ranges

Figure 27 illustrates the measured transient signal. In the experiment 20

impulses were measured and the average time values were determined between
the entry and exit points.

Detail at level 3 (reconstructed)
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Figure 27. A section of the original vibration signal of 0.6311 mm fault width after MRA at
detail 3rd level, entry point (A), de-stressing point (B) and exit point (C) are highlighted
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Figure 28. Scalogram of the Morlet wavelet of the outer ring with 0.6311 mm fault width

There is variation in data points as each roller cross over the defect. Average
data points are calculated for estimating the time taken by roller to pass over the
grinding defect. Figure 28. represents the scalogram by Morlet wavelet which
provided the highest wavelet coefficient values.

5.4 Verification of the fault size

To verify the precision of the fault size estimation a contact and optical
measurements were applied to reveal the exact geometrical size of the ground
defect on the outer race. Garant MM1-200 video microscope and Mahr MMQ 200
contact equipment are used to measure geometrical sizes of the faults as Figures
29-30 present with the results of the measurements as Figure 31-34 illustrate.

Figure 29. Contact measurement of the outer race defect width with Mahr MMQ 200

53



Garant MM1-200 video microscope

ey
) !

|

] 2.00 um

T T

f,:‘ioo

Figure 31. Result of the roundness measurement of the outer race defect with Mahr MMQ
200 equipment, OR1 defect

60

Figure 32. Result of the roundness measurement of the outer race defect with Mahr MMQ
200 equipment, OR2 defect
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Figure 33. Result of the roundness measurement of the outer race defect with Mahr MMQ
200 equipment, OR3 defect
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Figure 34. Result of the roundness measurement of the outer race defect with Mahr MMQ
200 equipment, OR4 defect

The maximum difference was obtained 4.12 % for defect width of 0.6311 mm
by db02 wavelet. Morlet wavelet provided the most accurate width estimation
from the vibration signal. Tables 3-5 present the calculated and measured widths
and their deviations of the Daubechies_02 (db02), Symlet-5 and the Morlet
wavelet.

Table 3. Deviation between calculated and measured fault widths with db02 wavelet

Parameters OR1 OR2 OR3 OR4
defect defect defect defect

Calculated defect widths (mm) 0.657 1.277 1.521 1.653

Optically measured defect widths (mm) | 0.6311 1.2492 1.4751 1.6236

Deviation between calculated and

measured data (%) 412 2.24 3.11 1.78

Mean deviation (%) 2.81
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Table 4. Deviation between calculated and measured fault widths with Symlet-5 wavelet

Parameters OR1 OR2 OR3 OR4
defect defect defect defect

Calculated defect widths (mm) 0.646 1.269 1.4481 1.639

Optically measured defect widths (mm) | 0.6311 1.2492 1.4751 1.6236

Deviation between calculated and

measured data (%) 2.41 1.56 1.83 0.92

Mean deviation (%) 1.68

Table 5. Deviation between calculated and

measured fault widths with Morlet wavelet

Parameters OR1 OR2 OR3 OR4
defect defect defect defect

Calculated defect widths (mm) 0.644 1.266 1.502 1.637

Optically measured defect widths (mm) | 0.6311 1.2492 1.4751 1.6236

Deviation between calculated and

measured data (%) 2.06 1.38 1.69 0.84

Mean deviation (%) 1.49

5.5 Results

A passband filter was applied to suppress noise and enhance the useful
information from the vibration signature. Nine real-valued wavelets were
analysed and the Morlet wavelet was proved to be the best for the rectangular
shape manufacturing grinding fault detection in all cases on the basis of the
Shannon Entropy Criteria. Furthermore, the width estimation of the outer ring
grinding fault was executed with all nine wavelets. The best wavelet previously
chosen by the Energy-to-Shannon Entropy Criteria enables to determine the
grinding defect width in the most accurate way. The proposed technique has
been successfully implemented for measuring defect width over a range of
0.63mm to 1.63 mm. The defect width has been also verified by optical
microscope and contact roundness measurement device using image processing
techniques. The maximum deviation between the calculated and the measured
values was 4.12 % of the defect width of 0.6311 mm.

56



6 Transient model and wavelet design procedure

Transients of different linear shape surface problems of similar morphology
are analysed which were generated by the defects. Discrete wavelet was
designed to create a wavelet function which is similar to the signal caused by the
special grinding fault. Wavelet Design VI in Labview and the Chapa-Rao
algorithm were used [28].

Linear shape surface fault causes an amplitude modulation that is more
emphasized in the load zone. One of these impulses can be described as

x(t) =A-t"-e ¢t sin(w-t),
where w = 2m - f, and f is the natural frequency of the transient, A is the initial

amplitude, the damping factor C and the exponential n show the behaviour of the
transient. Figure 35 shows the parameters of a measured transient signal.
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Figure 35. Parameters of a transient signal of the measurement for model creation

[t is supposed that the transient can be described by the x(t) function in case of
similar shape faults.

Several different types of roller bearings were investigated: cylindrical
roller bearings, tapered roller bearings, spherical roller bearings, needle roller
bearings. The common feature of these bearings that all of them have rectangular
shape contact area.
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Experiments with different size of roller bearings were executed. In case of
tapered roller bearing the No. 30205, No. 30206, No. 30208 bearings were
analysed. The result was that the bearings of different sizes with linear grinding
defects produced similar transients. The frequency of the transients and the
amplitude were different but typically it was a short-lived burst of energy in a
system caused by a sudden change. Only some parameters of the transients were
different from each other such as the frequency of the transient, period, duration
but the shape of the signal was the same.

Therefore, for the direct measurement No. 30205 tapered bearing was used
with rectangular shape manufacturing grinding faults.

In order to create a new wavelet basis function, 1024 sample points of the
transient were used. The transient could be described with A = 28.74, n =
2.748, C = 17.34 and w = 265.28 equation parameters. For the signal model it
is useful to follow the transient with an envelope curve and determine the
amplitude spectra. It showed close correlation to the transient with minimal
mean-square error as Figure 36-37 present.

Data Graph

Signal (Best fit) -
Signal

Amplitude

Time

Figure 36. Envelope model of the transient signal
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Figure 37. Mean Square Error of the transient from the envelope values
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The new wavelet amplitude spectra match the amplitude spectra of the transient
with the MSE 0.2137 value as Figure 37 illustrates.

6.1 Application of Labview Wavelet Design

The Wavelet Analysis Tools in Labview provides a collection of commonly
used continuous wavelets, such as Mexican hat, Meyer, and Morlet, and a
collection of commonly used discrete wavelets, such as the Daubechies, Haar,
Coiflet, and biorthogonal wavelets. It is possible to create a discrete wavelet that
best matches the signal.

The design procedure consists of three steps as Figure 34 shows.
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Go(z) = (1+z D¥
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Figure 38. Design procedure for wavelets and filter banks in Labview
Figure 38 represents the wavelet design configuration. The combination of

zeros is not unique. Because all filters act as real-valued FIR filters, the zeros of
Py(2), Gy(z) and Hy(z) are symmetrical in the z-plane. Zeros of Gy and H of the
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new-designed wavelet are chosen in a way to provide the best result for the
diagnosis of the grinding problem.

For both orthogonal and biorthogonal wavelets and filter banks, either
maximum flat or equiripple filters for the product of lowpass filters Py(z) can be
used. The maximum flat filters have good frequency attenuation, but wider
transition band. In the experiment, the positive equiripple is used which is a
halfband filter, namely a special case of general equiripple halfband filters. It
proved to be more efficient than the maximum flat filter. The Fourier transform
of the positive equiripple filter is always non-negative. Positive equiripple
halfband filter is appropriate for orthogonal wavelets because the auxiliary
function Py(z) must be non-negative.

Remez exchange algorithm was used as the pert of the Parks-McClellan
method to find an optimal equiripple set of coefficients which is an iterative
algorithm used to find simple approximations to functions. The algorithm then
finds the set of N + 1 coefficients that minimize the maximum deviation from the
ideal. Intuitively, this finds the filter that is as close as possible to the desired
response given that only N 4+ 1 coefficients can be used. Parks-McClellan VI
generates a set of linear-phase FIR multiband digital filter coefficients using the
number of taps, sampling frequency: fs, band parameters and filter type.

Two parameters are associated with equiripple filters number of taps and
Passband. Use the number of taps control to define the number of coefficients of
Py(z).Because Py(z) is a type-I FIR filter, the length of P,(z) must be odd. Use the
Passband control to define the normalized passband frequency, w,,, of Py (2). The
value of w, must be less than 0.5 and the value of 0.3 was chosen here. Longer
filters improve the sharpness of the transition band and the magnitude of the
attenuation in the stopband at the expense of extra computation time for
implementation. This lowpass filter with 31 taps provided the wavelet with
sufficient correlation to the transient under analysis (Figure 31). In a general
equiripple halfband filter, halfband refers to a filter in which ws + w,, = 7, where
w; denotes the stopband frequency and w,, denotes the passband frequency, as
Figure 39 shows.

b P

o g, w2 il b

Figure 39. General equiripple halfband filter [61]
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The filter has the form

Po(z) = (1 +271)?PQ(2)

and as many zeros are imposed at w = m as we like. The halfband equiripple
filters only can have a pair of zeros at w = m, which gives the equiripple type
filters slower convergence rates. However, it is easier to balance the frequency
attenuation and transition band for an equiripple filter therefore it is used in this
experiment. For a given transition band, the attenuation is proportional to the
filter order of Py(z). The larger the order, the better the attenuation. The zero
pairs at m specifies the value of the parameter p, which determines the number
of zeros placed at 7 on the unit circle. The more the zeros at i, the smoother the
corresponding wavelet. The value of p also affects the transition band of the
frequency response. A large value of p results in a narrow transition band. In the
time domain, a narrower transition band implies more oscillations in the
corresponding wavelet.

Once Py(z) is determined it is necessary factorize it into the lowpass filters,
Gy(2)) and Hy(z). Factorization filter type was chosen arbitrary.

Using these setting parameters (Figure 40) the designed wavelet provided
higher E /S ratio than the conventional Symlet and Daubechies wavelets which
are frequently used in bearing fault diagnostics. In Chapter 6.2 the results are
shown in detail.
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Figure 40. Configuration of the wavelet design

Since the new wavelet basis cannot be given in closed form it is given by the
filter coefficients in Table 6.

Table 6. New-designed wavelet filter coefficients

Synthesis filters Analysis filters
No. | Lowpass | Highpass | Lowpass | Highpass
0 -0.07 0.0032 0.00 -0.0657
1 -0.14 -0.0069 -0.01 0.142
2 0.07 0.0025 0.00 0.0698
3 0.57 0.0258 0.03 -0.5680
4 0.73 0.0023 0.00 0.7290
5 0.28 -0.0529 -0.05 -0.2811
6 -0.12 -0.0375 0.04 -0.1241
7 -0.03 0.0129 0.13 0.0328
8 0.13 0.0330 -0.03 0.1300
9 0.04 -0.1230 -0.12 -0.0373
10 -0.05 -0.2810 0.28 -0.0531
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Figure 41. Analysis and Synthesisfunctions of the new-designed wavelet
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Figure 42. Values of the analysis and synthesis filters of the new-designed wavelet

The coefficients of analysis and synthesis filters are in Figures 41-42. The
filter coefficients were checked with Chapa and Rao’s method, where the Meyer
wavelet amplitude and phase spectra were matched independently to the signal.
Since the two wavelets provided the same efficiency in fault detection and width
estimation in practice, the filter coefficients provided by Labview were applied.
The new wavelet was compared with five generally used discrete wavelets using

Analysw lowpass (G0)

ol

Synthesw lowpass [HU]

s

1 15
I 1
0 5

M sy

I 1
10 15

2 Analysis highpass [G1)

0 i) 1 = ! s
0.6 1 | 1 1
0 5 10 15

. Synthesis highpass [H1)
0 e A [ 1 s ! .
0.6 | | 1 |
0 5 10 15

the Maximum Energy-to-Shannon Entropy ratio criteria.

6.2 Ranking by Energy-to-Shannon Entropy Criteria

Figures 43-45 are a short section of the time domain signal containing one
transient which is similarly repeated through the whole measurement. The
figures show that the Daubechies_08 gives the worst correlation to the measured
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signal therefore it is assumed to be not effective for detecting the bearing fault.
By visual inspection it is clear that the new-designed wavelet provides excellent
correlation to the measured signal. However, visual comparison is not precise
method to determine the efficiency of a wavelet. For this purpose, the Energy-
to-Shannon Entropy criteria provided more accurate result.

Amplitude
Amplitude

Amplitude
Amplitude

2,7-
Y 3
2 £
| &
2,4'm
Time Time
Figure 45. db_08 wavelet (left) and new-designed (right) matching with the original
signal
Table 7. E/S values of the wavelets by the number of measurements
E/S values 1st 2nd 3rd Mean
Sym5 99.65 | 101.12 | 100.67 | 100.48
Sym8 121.85 | 122.81 | 123.05 | 122.57
db04 88.18 87.21 86.84 87.41
db06 117.01 | 11594 | 116.07 | 116.34
db08 84.28 82.86 84.50 83.88
New_Designed | 155.12 | 154.18 | 155.23 | 154.84
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It is observed that new-designed wavelet provided the highest value that
indicated to be the most efficient wavelet for both fault detection and fault size
estimation.

Fault detection procedures based on time-frequency methods usually rely on
visual observation of contour plots. It is known that if the wavelet matches well
with the shape of the signal at a specific scale and location a large wavelet
scalogram coefficient value is obtained. The scalogram (Figure 46) shows the
time-frequency location of transients.

Scale
Scale

Time (s) Time (s)

Figure 46. Comparison of the scalograms of the Daub_08 (left) and the new-designed

wavelet (right)

Comparing the scalograms it is noticed that the new-designed wavelet
provided a more realistic result and provided better energy concentration. The
scalogram calculated by the matching wavelet provided better time localization,
but its frequency localization is less accurate than that of the designed wavelet.

6.3 Validation of the grinding fault width estimation

To verify the precision of the measurements optical and contact inspection is
applied to reveal the exact geometrical size of the ground defect on the outer
race. Garant MM1-200 video microscope and Mahr MMQ 200 contact equipment
are used to analyze and measure the grinding marks. (Figure 43).
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Figure 47. Measurement of the outer ring of the tapered roller bearing with grinding

defect of 1.2492 mm (left) and its enlarged image (right)

As Table 8 shows, the new-designed wavelet provides the most accurate
geometrical fault determination with the less deviation from the measured value.
In this experiment four different widths (0.6311 mm, 1.2492 mm, 1.4751 mm,
1.6236 mm) were measured and the method provided the same result, namely

the new design wavelet produced the highest accuracy.

Table 8. Comparison of the calculated and measured fault widths of the faults

in case of the 1.2492 mm fault

Wavelet Calculated Width
width (mm) deviation (%)
Sym_05 1.2875 3.07
Sym_08 1.2713 1.77
Daub_04 1.2930 3.51
Daub_06 1.2765 2.19
Daub_08 1.2975 3.87
New_designed 1.2639 1.18

6.4 Results

Wavelet design was established in Labview software. It createsda FIR filter
that determines the shape of the designed wavelet. It was shown that the new
wavelet can be used for detecting transient pulses generated in a bearing. It was
found that the new wavelet had higher efficiency to reveal minor faults on the
bearings. Five typical wavelets were compared to the new-designed wavelet.
Optical and contact measurements validated that higher Energy-to-Shannon
Entropy values of the wavelets resulted in more precise determination of the
geometrical defects. Wavelet creation is executed by the Chapa and Rao’s method
as well, where the Meyer wavelet amplitude and phase spectra are matched
independently to the signal. The calculation provided the same result in practice
that in Labview application.
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7 Complex Morlet wavelet design with global
parameter optimization

7.1 Complex Morlet wavelet for flexible analysis

In this experiment complex Morlet wavelet was designed to effective
rectangular shape griding fault analysis in noisy environment (SNR<30 dB)
where the additional noise was simulated by Duffing oscillator.

A complex Morlet wavelet is defined by:
2

1 . X
1,[)(x) — elimfoxo B

and its value depends on two parameters: f is the bandwidth and f;, is the central
frequency of the wavelet. It has a real part and an imaginary part (Figure 48).
The complex Morlet wavelet after parameter optimization is able to reach higher
E/S ratio than the real-value Morlet wavelet or other discrete wavelets (e.g.
Symlet, Daubechies) where the filter coefficients are pre-determined and there

is no possibility to change them.
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Figure 48. Real part and imaginary part of the complex Morlet wavelet

7.2 Wavelet parameter optimization with genetic
algorithm

Genetic algorithm (GA) is commonly used to generate sufficiently precise
solutions to optimization and search problems by relying on operators such as
mutation, crossover and selection. GA is applied to optimize the Morlet wavelet
filter parameters, the center frequency and the bandwidth.
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For starting the GA operation, the initial population can be randomly
determined (initialization of the population). The size of the genotype population
is determined by experience. The size of population is set to 50 according to the
experiences (Table 9).

The fitness function estimates how good an individual in the current
population (fitness evaluation). In this case, the objective function is the E/S
value. The fitness of each chromosome can be calculated by applying linear
ranking of objective function value. The chromosome with higher fitness value is
selected at greater probability than that with lower fitness value.

The selection operation selects two individuals. The stochastic universal
selection is applied in this study.

Crossover is a probabilistic process that exchanges information between two
parent chromosomes for generating two child chromosomes. A single-point
crossover is applied, the typical crossover probability value is 0.75.

Mutation is used to avoid local convergence of the GA. Mutation occurs with
typical mutation probability of 0.03 value.

The maximum number of generations was adopted as the termination
criterion for the solution process. Number 60 is chosen in this experiment.

Table 9. Parameters of GA for complex Morlet wavelet optimization

Parameters Parameter values
Population scale 50
Probability of mutation 0.03
Probability of crossover 0.75
Terminal iteration times 60

Length of binary code

fo 18
B 16

With genetic algorithm the center frequency and the bandwidth of the complex
Morlet wavelet (Figure 49) were optimized to f; =2118Hz and f =
642 Hz. For wavelet parameter optimization some important requirements
should be satisfied.

Wavelet is needed to satisfy the admissibility condition [60], [62]

Cy = f%dw<oo

where W is the Fourier transform of ¥, w is the angular frequency. In practice, ¥
will always have sufficient decay so that the admissibility condition reduces to
the requirement
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f Y()dt=¥(0) =0

Morlet wavelet does not satisfy this zero-mean requirement. However, the
mean value can become small enough if the termf,/f is sufficiently large.
Whenf,/f > 3.5 then

¥(0) < 4.2146- 1078,
therefore, the admissibility condition is approximately satisfied.

The upper cut-off frequency of Morlet wavelet filter is f, + /2 Hz. According
to the Shannon Sampling Theorem, the upper cut-off frequency must satisfy the
following condition

B fs
fo+3 <756

where f; is the sampling frequency.

The lower cut-off frequency of Morlet wavelet filter is f — /2 Hz. To reduce
the interfering effects of the harmonics, the lower cut-off frequency has to be
sufficiently large. Therefore, the lower cut-off frequency has to satisfy

B

fO_EZN'fr

where f, is the rotational speed and N = 35 is chosen in this experiment.
To fully extract the impulsive feature, the bandwidth of the Morlet wavelet
filter must be adequately wide. In this experiment, we choose the bandwidth
B > 3fp,
where f, is the ball-pass frequency outer ring (BPFO) in this experiment, because
the manufacturing fault is on the outer ring of the tapered roller bearing.
Complex Morlet wavelet parameter optimization is summarized in the
conditions:
B <fo/3.5
fo+0.58 <0.39f
fo — 0.5 = 35f,
B >3fp
Based on the wavelet inequalities the domain of the optimization process is given
by the following: 8 € [602 Hz, 706 Hz], f, € [1805 Hz,9631 Hz].
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Figure 49. The optimized complex Morlet wavelet

Ten different wavelets are considered for the present study. For the best
diagnosis the wavelet with the highest E /S ratio is obtained. The comparison of
the wavelets on the basis of their E /S values are in Table 10.

Table 10. Calculated values of Energy-to-Shannon-Entropy ratio of the ten wavelet

functions
E/S OR1 OR2 OR3 OR4 Mean
Sym2 59.86 82.69 103.26 112.52 89.58
Sym5 69.58 98.31 114.01 112.34 98.56
Sym8 79.43 117.24 120.56 113.51 107.69
db02 59.86 82.69 103.26 112.54 89.59
db06 72.64 95.03 116.37 121.17 101.30
db10 77.69 101.8 121.01 123.05 105.89
db14 85.81 118.47 123.14 124.31 112.93
Morlet 114.01 194.25 144.72 142.14 148.78
Cmor 138.26 235.19 247.45 227.89 212.12
Meyer 97.56 160.37 127.08 103.33 122.09

[tis observed that the optimized complex Morlet wavelet provides the highest
E /S value that indicates the Morlet wavelet is the most efficient for both fault
detection and fault size estimation.

7.3 Autocorrelation envelope power spectrum for signal
enhancement

Autocorrelation is a tool for finding repeating patterns, such as the presence
of a periodic signal obscured by noise. In order to enhance the signal in the

frequency band, an autocorrelation enhancement algorithm is proposed. It
increases the involved periodic impulsive feature so periodic impulsive signal
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component while stochastic noise signal component is weakened. The
autocorrelation of the wavelet transform is expressed as [48]:
r() = E[WT;, g (WTg p(k + 1))
[=012,.., k-1,
where [ is the lag index, E[-] denotes the mathematical expectation operator.

7.4 Identification of the fault frequencies

Fault frequencies are useful indicators of bearing health condition
monitoring. By using the actual parameters of the bearing and operational
conditions the fault frequencies are calculated. BPFO frequency should be used
for fault detection because the grinding faults are on the outer ring of the

bearings.
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Figure 50. Time domain raw signal of the ORD
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Figure 51. FFT spectrum of the ORD
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Figure 52. Time domain spectrum of the ORD by the parameter optimized complex Morlet
wavelet
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Figure 53. FFT spectrum of the ORD filtered by
the parameter optimized complex Morlet wavelet

Figure 50 presents the raw signal in time domain, then Figure 51 shows its
vibration signature of outer race defect of bearing with 1.2492 mm fault width
on its outer ring. The highest transient impulse related energy content of the
burst occurs at 2.09 kHz which is the relevant structural resonance frequency of
the test-rig as a mechanical system caused by the periodic transients. The
spectrum was determined on the basis of each outer ring with different fault
sizes in three separate measurements for high accuracy. Each separate
measurement showed similar manner and signal peak of 2.09 kHz. After filtering
the raw signal by the optimized complex Morlet wavelet it is much more visible
(Figure 52) that the outer race defect causes transients with 5 ms periodicity
which are in connection with the calculated 206.18 Hz BPFO fault frequency. In
the FFT spectrum it is not easy to find the outer race defect frequency at
206.18 Hz (Figure 53) because of its noisy manner and low amplitude (red
circle). Spectrum offers clearer image after filtering by the optimized complex
Morlet wavelet compared to the raw FFT spectrum. However, it is not applicable
for detailed BPFO analysis yet, because the frequency around the 206.18 Hz is
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strongly meshed (red circle) in the spectrum. Therefore, further techniques such
as MRA, envelope spectrum and autocorrelation enhancement techniques are
applied to analyse this low frequency range for precise diagnosis.

Multi-resolution analysis is executed down to 3rd level in order to obtain
precise and detailed frequency analysis. Figure 54 presents the wavelet
decomposition tree and the multiresolution analysis from signal to reveal BPFO
frequency for outer race grinding fault identification.
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Figure 54. Multi-resolution analysis of the signal for finding transients

Figures 55-57 show the comparison of the envelope spectrum of the grinding
fault with three chosen wavelets (Symlet-5, Morlet, Cmor) from the ten wavelets
for illustration. The Morlet wavelet provided better feature extraction, therefore
higher BPFO peak values, than the Symlet-5 wavelet. However, the optimized
complex Morlet wavelet provided the highest peak value for outer race fault
identification.
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Figure 57. Envelope spectrum of the ORD filtered by the parameter optimized Cmor

wavelet

Using the autocorrelation enhancement, it is clear from Figure 58 that the
non-cyclic frequencies are suppressed in the vibration spectrum and the signal-
to-noise ratio increased providing more efficient fault diagnosis.
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Figure 58. Envelope spectrum of the ORD filtered by the parameter optimized Cmor
wavelet with autocorrelation enhancement

Comparing the scalograms of the Symlet-5, Morlet and the optimized complex
Morlet wavelet it is visible that the optimized complex Morlet wavelet provides
the best result for diagnosis and fault size estimation (Figures 59-61).
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Figure 59. Scalogram of the Symlet-5 wavelet of the ORD
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Figure 60. Scalogram of the Morlet wavelet of the ORD
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Figure 61. Scalogram of the optimized Cmor wavelet of the ORD
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7.5 Fault size estimation based on scalogram of Cmor
filter

Analysing the transients, the typical points where the roller enters into and
exits from the defect can be defined as Figure 62 shows ([5], [23]).

Roller enter Roller exit
into defect from defect

Defect width
=
Maximum
destressing—__ | Impulse stabilizing
A |[*VB| ¢
D>
l. / W
[\ + 7 |
Roller

Figure 62. Entry and exit point analysis with wavelet scalogram

At point 4, the roller strikes the groove base with high impact which results
in re-stressing and high impulse in signal. When the roller comes in contact with
the point B it again generates high amplitude in the signal and beyond the point
progressive decrease in amplitude of signal is observed due to elastic damping
of bearing element. At point C roller comes out of the groove and creates high
amplitude.

For peak detection in the scalogram, local maxima finding was applied. With
this procedure entry and exit points can be exactly determined for fault width
measurement (Figure 63). This technique is applicable for fault width
measurement.
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Figure 63. Scalogram after contrast enhancement (left) and then after Sobel edge
detection (right)

Compared to the different wavelets the results are in the Table 11. The optimized
complex Morlet (Cmor) wavelet provides the most accurate result with only
1.19% deviation from the measured value by Garant MM1-200 video
microscope. In the experiment four different widths (0.6311 mm, 1.2492 mm,
1.4751 mm, 1.6236 mm) were measured and the method provided the same
result that the Cmor wavelet was the most accurate. Maximum values of the
wavelet coefficients were revealed by maximum searching. These areas are
represented with red in the scalogram.

Table 11. Comparison of the calculated and measured fault widths of the ORD

Wavelet | Calculated width (mm) Width deviation [%]
Sym2 1.277 2.24
Sym5 1.269 1.56
Sym8 1.2713 1.77

db2 1.277 2.24

db6 1.2765 2.19
db10 1.2681 1.52
db14 1.2679 1.5
Morlet 1.266 1.38
Cmor 1.264 1.19
Meyer 1.2674 1.46

7.6 Results

With conventional time domain and frequency domain techniques the
vibration signal was analysed. Measurements were executed in noisy condition,
where the low signal-to-noise ratio made difficult the feature extraction. An
electromechanical shaker as chaotic Duffing oscillator was applied to create
additional stochastic vibration. The purpose was to obtain the useful
components from the vibration spectrum and enhance them for more precise
fault detection and fault width estimation. Wavelet transform was used for
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detecting the transients in the spectrum because it had the capability to detect
the sharp edges caused by the roller and fault interaction during the rotation of
the bearing. Complex Morlet wavelet was designed, its center frequency and
bandwidth were optimized by genetic algorithm. The efficiency of the designed
complex Morlet wavelet was compared to nine different wavelets, namely
Symlet-2, Symlet-5, Symlet-8, Daubechies-2, Daubechies-6, Daubechies-10,
Daubechies-14, Morlet and Meyer wavelets. Energy-to-Shannon-Entropy ratio
criteria was used for more effective comparison. The designed wavelet provided
the highest efficiency. Without filtering, the FFT spectrum was blurred by the
noise making impossible to find the local BPFO fault frequency of the defected
bearing. Wavelet filtering through multi-resolution analysis down to 3rd level
with the best-suited wavelet provided clear vibration spectrum with less noise,
higher signal-to-noise ratio. However, it was needed to further emphasize the
cyclic manner of the signal by using autocorrelation enhancement. The
amplitude value of the BPFO frequency improved and the non-cyclic frequencies
were successfully suppressed. Finally, the fault width was determined from the
vibration signature by using the optimized complex Morlet wavelet. The fault
width measurement procedure was executed with the other nine wavelets for
the purpose to compare them to the optimized wavelet. Analysing the
spectrogram with Sobel edge detection and local maxima peak detection of the
wavelet coefficients, the entry point and the exit points were exactly determined
where the roller entered into and exited from the defect. Results were verified
by optical and contact measurements. The deviation was 1.19 % in case of the
optimized complex Morlet wavelet.
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8 Bearing grinding fault classification based on
wavelet decomposition

8.1 Fault classification with machine learning methods

Machine learning algorithms build a mathematical model based on sample
data, known as training data, in order to make predictions or decisions without
being explicitly programmed to perform the task. Classification algorithms are
used when the outputs are restricted to a limited set of values. The most
frequently applied machine learning methods are Support Vector Machines
(SVMs), Artificial Neural Networks (ANNs), Adaptive Neuro-fuzzy Inference
System (ANFIS), decision trees, deep learning methods, Bayesian networks,
genetic algorithms.

In the experiments the special bearing manufacturing grinding defects were
classified by SVM and ANN which were proven to be efficient for bearing
diagnosis. It is important to detect and distinguish the bearing defects efficiently
in order to control the process and to ensure the sufficient quality of the product.
Using machine learning methods for the bearing fault classification, it is possible
to exclude the human intervention from the technological process, therefore it
can be faster and more efficient. The goal is to develop a procedure which is
effective in classification of these faults.

8.2 Bearing grinding faults and feature vectors for fault
classification

Five types of bearing defects, the outer-ring (OR), inner ring (IR), roller fault
(RF), back-surface fault on the roller (IRB), multi-fault (MF) defects are analysed
which are the most common manufacturing bearing defects caused by the
grinding process.

The geometrical parameters of the bearing defects can be seen in the Table
12.

Table 12. Geometrical parameters of bearing defects

Type Width [mm] | Depth [um]
OR1 defect 0.6311 6.5
OR2 defect 1.2492 33.6
OR3 defect 1.4751 42.3
OR4 defect 1.6236 51.4
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Type Width [mm] | Depth [um]
IR1 defect 0.7187 7.9
IR2 defect 1.3945 36.8
IR3 defect 1.5268 46.2
IR4 defect 1.7943 58.3
Type Width [mm] Depth [pum]
RF1 defect 0.6418 6.8
RF2 defect 1.3245 35.2
RF3 defect 1.5512 48.3
RF4 defect 1.9425 71.2
Type Width [mm] | Depth [pm]
IRB1 defect 0.6257 12.1
IRB 2 defect 1.6432 14.7
IRB 3 defect 2.1719 19.3
IRB 4 defect 2.8546 15.2

It is necessary to find parameters which constitute a suitable feature vector
for classification. Two data sets of statistical parameters are defined. The first
data set contains the statistical parameters related to the original measuring
results and the second one contains the processed data after wavelet
multiresolution analysis (MRA).

Table 13. Sample feature vectors for machine learning of 450 N axial loading

Rpm | Range Kurtosis | Skewness Crest Class
300 | 0,574379 | 4,628502 | -0,01291 | 9,450025 H
540 | 0,38525 | 3,051092 | 0,004352 | 4,51125 H
960 | 0,741462 | 3,103492 | -0,00135 | 5,294187 H
1500 1,076 3,173338 | -0,0186 | 5,641156 H
1800 | 1,212532 | 3,110764 | -0,03074 | 5,551787 H
300 | 0,516784 | 5565125 | -0,04815 | 11,6029 OR
540 | 1,087148 | 5,367559 | -0,07931 | 12,50741 OR
960 | 1,358686 | 5,080899 | 0,003699 | 8,457317 OR
1500 | 3,050263 | 10,21743 | 0,012411 | 10,25849 OR
1800 | 3,433396 | 11,89574 | 0,049938 | 11,62614 OR
300 | 1,406267 | 28,72231 | 1,062394 17,26 IR
540 | 4,010562 | 38,75714 | 1,280824 | 17,46529 IR
960 | 9,704434 | 33,5947 1,068235 | 15,08711 IR
1500 | 18,95775 | 30,99675 | 0,636304 | 13,47101 IR
1800 | 24,06174 | 23,22122 | 0,388427 | 11,52667 IR
300 | 1,169618 | 17,00247 | 0,336159 | 15,20818 RF
540 | 3,804007 | 33,16292 | 0,467517 | 18,45741 RF
960 | 9,047048 | 39,46635 | 0,889048 | 20,07125 | RF
1500 | 22,02965 | 51,2848 0,98737 | 22,78385 | RF
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1800 | 28,90865 | 45,26531 | 0,84332 19,44094 RF

300 | 0,508437 3,6923 -0,04353 | 7,898066 | IRB
540 | 1,356502 | 6,698953 | -0,03621 11,9048 IRB
960 | 1,807607 | 5911665 | -0,04589 | 9,621231 | IRB
1500 | 3,380811 | 8776434 | 0,001007 | 10,71775 | IRB
1800 | 3,889218 | 7,176219 | -0,00471 | 9,558532 | IRB
300 | 1,260107 | 10,3169 | 0,296837 | 11,68768 | Multi
540 | 3,531542 | 14,29995 | 0,183552 15,9122 | Multi
960 | 9,195838 | 21,28492 | 0,328307 | 17,71342 | Multi
1500 | 19,47964 | 23,02062 | 0,31904 | 15,52958 | Multi
1800 | 27,19352 | 17,17268 | 0,239156 | 14,50251 | Multi

There were 5 classes (healthy, outer ring fault, inner ring fault, roller fault,
roller back-surface fault, multi fault) which are classified. Two main parameters
were changed in the experiment: engine rotation speed and the axial spanning
force of the bearing. Experiments were executed from 60 to 2880 1/min which
is 48 different speed of revolution. Experiments were executed with different
spanning force of the test-rig screw mechanism from 25 N to 450 N, namely 25,
50, 75,100, 125, 150, 175, 200, 225, 250, 275, 300, 325, 350, 375, 400, 425, 450
N. The maximum value of the axial force by the screw mechanism of the test-rig
is 450 N because of avoiding the risk of excessive Hertz-tension between the
contact areas even in operation when dynamic forces are produced. Thus, 864
input vectors were created and each vectors contained 8 different calculated
parameters (range, kurtosis, skewness, crest, mean, std. deviation, Parseval
energy, entropy) that were 6912 data for each bearing element. Statistical data
were calculated by the Labview VI. In order to obtain representative statistical
data, outer-ring fault (184 pieces), inner ring fault (162 pieces), roller fault (247
pieces), back-surface fault (147 pieces) and healthy bearings (225 pieces) were
used. For teaching vectors 4 main parameters are used: range, kurtosis,
skewness, crest producing 3456 data. Table 13 represents a sample feature
vectors for illustration of the 450 N axial force in case of certain revolution
speeds. A sample training and testing vector is shown in Appendix 2.

8.3 Application of the SVM method

Support Vector Machine (SVM) is a classification and regression method
which is effective in computational science. Non-Linear classifiers such as
Artificial Neural Networks (ANN) and SVM can be used in supervised and
unsupervised learning for bearing fault diagnostics.

Given data points belong to one of two classes, and the goal is to decide which
class a new data point is in. The best hyperplane represents the largest
separation or margin in other word, between the two classes. In this case the
distance from the hyperplanes to the nearest data point on each side is
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maximized. If such a hyperplane exists, it is known as the maximum-margin
hyperplane and the linear classifier it defines is known as a maximum margin
classifier.

Support Vector Machine method can be interpreted as a transformation to put
the lower dimensional data to a higher dimension space. Support Vector Machine
constructs a hyperplane or set of hyperplanes in a high or infinite-dimensional
space, which can be used for classification and regression. The hyperplanes in
the higher dimensional space are defined as the set of points whose dot product
with a vector in that space is constant. SVM transforms non-separable patterns
to separated patterns the existing failure or incipient failure is getting more
identifiable in the higher dimensional space. The core method of SVM is to use
the maximal margin method to defeat the overfitting problem that makes the
model fit special data sets. [37]

Support Vector Machines uses hypothesis space of a linear functions in a high
dimensional feature space. SVM can be trained with a learning algorithm from
optimization theory.

Taking a set of training data {(x; y;)} in R™ X R sampled the maximum
margin is given as [57]:

. : |x-w+b|
margin = argmin d(x) = arg min —.

d .2
i=1Wi

For calculating the SVM we see that the goal is to correctly classify all the data.

For mathematical calculations we have,

wx; + b=>1 if y; = +1;

wx; +b <1 if y,= -1
This boundary can be expressed with the use of the Support Vectors as:

(wx+b)=0, weR" beR
where the vector w defines the boundary, x is the input vector of dimension N
and b is a scalar threshold. At the margins, where the SVs are located, the
equations for classes A and B, respectively, are
(wx+b)=1 and (wx+b) =-1
Good separation is achieved by the hyperplane that has the largest distance to
the nearest training data point of any class, the functional margin. The SVM
decision function is an application of the kernel function. The Lagrangian
optimization method is used to obtain the optimal decision function from the
training data [57]. SVM is generally suitable for two-class tasks.
As Support Vectors (SVs) correspond to the extremities of the data for a given
class, a decision function can be created to specify whether a given data point
belongs to either A or B. This is defined as [56]
f(x) = sign(wx + b).
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The optimal hyperplane can be obtained as a solution to the optimization
problem:

1 2 ]
tw) = IWIl? — min

subject to:
yviwx; +b) =21, i=1,..,1,
where [ is the number of the training data.
The solution of the constrained quadratic programming (QP) optimization
problem can be obtained as
l
W = Z ViXi,
i=1

where x; are SVs obtained from training, furthermore
l

f(x) = sign z vi(xx;)+b |.
i=1

In cases where the linear boundary in input spaces is not able to separate the
two classes accurately, a hyperplane is created that allows linear separation in
the higher dimension feature space. Vapnik suggested a way to create non-linear
classifiers by applying the kernel trick to maximum-margin hyperplanes.
In the non-linear case this is achieved through the use of a transformation @,
which transforms the data from an N-dimensional input space to @-dimensional

feature space. Here
l

f(x) = sign z vi(@(x)P(x;)) + b |.
i=1
The function must be continuous and positive definite. The kernel function
K (x,y) is defined as:
K(x,y) = 2(0)2(¥).
The decision function is accordingly modified as

l
f(x) = sign K(x,x;)+b |
2

The parameters v; are used as weighting factors to determine which of the input
vectors are actually Support Vectors 0 < v; < co.
The following kernel functions are used generally.
Linear kernel function:
K(x,y) = xy
Polynomial kernel, where p is the power of polynomial.
K(x,y) = ((xy) + 1)P
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Radial Basis Kernel (RBF):

K(x,y) = exp (—

Sigmoid Kernel:

2
%) = exp(—ylx —yI%)
K(x,y) = tanh(v(xy) + ¢)
In these non-separable cases, a constraint is proposed:
O<vy; <C

The parameter cost (C) is a penalty constant for those sample points which
are wrongly separated by the optimal separation plane. Its role is to strike a
proper balance between the calculation complexity and the separating error. For
separable case, C is infinity while for non-separable case, it may be varied,
depending on the number of allowable errors in the trained solution: few errors
are permitted for high C, while low C allows a higher proportion of errors in the
solution. To control the generalization capability of SVM, there are a few free
parameters like the limiting term C and the kernel parameters [54].

In this content with C penalty constant the SV classification is the following
Minimize: w2+ C ¥l &
subject to:

{Yi(WTxi +b)=1- fi}

=0, i=12....,N

where C is the cost parameter.
C parameter controls the trade-off between classification of training points
accurately and a smooth decision boundary or in a simple word, it suggests the
model to choose data points as a support vector. If the value of C is large then
model choose more data points as a support vector and we get the higher
variance and lower bias, which may lead to the problem of overfitting.

Gamma defines how far the influence of single training example reaches. If the
value of Gamma is high, then the decision boundary will depend on points close
to the decision boundary and nearer points carry more weights than far away
points and the decision boundary becomes unstable. If the value of Gamma is
low, then far away points carry more weights than nearer points and thus our
decision boundary becomes more like a straight line. The value of gamma and C
should not be very high because it leads to the overfitting or it shouldn’t be very
small (underfitting). High value of Gamma leads to more accuracy but biased
results and vice-versa. Similarly, a large value of C indicates poor accuracy but
low bias and vice-versa. Thus it was necessary to choose the optimal value of C
and Gamma in order to get a good fit.
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8.4 Fault classification by SVM method

R Cran software is a language and environment for statistical computing and
graphics [79]. A sample training and testing vectors were created to R Cran. The
20% rule was applied for SVM classification to distinguished the training data
and the testing data (80% for training and 20% for testing).

Table 14. Confusion matrix for SVM with raw data

OR IR IRB RF MF Classified
25 0 0 0 0 OR

0 24 0 0 0 IR

0 0 22 0 0 IRB

1 0 0 24 0 RF

0 0 0 0 26 MF

Table 15. Confusion matrix for SVM with data by 3rd level wavelet decomposition

OR IR IRB RF MF Classified
27 0 0 0 0 OR

0 26 0 0 0 IR

0 0 25 0 0 IRB

0 0 0 26 0 RF

0 0 0 0 27 MF

Table 16. Results of the SVM classification

Classified Classification rate Classification rate with
element with raw data data after 3rd level
without filtering wavelet decomposition
OR 89.3 % 96.4 %
IR 85.7 % 92.8 %
IRB 78.5 % 89.3 %
RF 85.7 % 92.8 %
MF 92.8 % 96.4 %
Mean: 86.4 % 93.5 %

Effectiveness of the SVM classification is in Tables 14-16. Sigmoid kernel has
been applied for SVM classification. Wavelet multiresolution analysis
successfully removed the additional noise components from the vibration
signature, behaved as a band-filter and enhanced the useful frequency content
that involved the unique feature of faults themselves. The filtered signal
provided higher classification rates. As the result shows it is a sophisticated task
to classify inner race back support faults. The explanation could be that the axial
force depends on the spanning of the bearing and usually it is lower than the
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radial forces where higher acceleration values are generated therefore fault
classification is easier due the the more energy content of the signal.

Figures 64 and 65 represent the software window with script which was
created for the analysis. In Appendix 1 there are the full R script program which
was written for the bearing fault diagnosis. Recognition rate is calculated:

Correct classification samples

R iti te = x 1009
ecognition rate Total number of testing samples o

Results in effectiveness of the SVM classification:

Effectiveness on the basis of raw measurement input data: 24 cases was
classified properly out of 28 which means 86.7% classification efficiency of all
cases for IR backfaults.

Effectiveness on the basis of 3rd level wavelet decomposition input data: 27
cases was classified properly out of 28 which means 97 % classification
efficiency of all cases for OR, IR, roller, multi faults.

R R Console E@

(svr, tesztx)

s (preyf) ) [preyf]

L S S S S S S N S S SR S S
m

[

.
00000000 0—
P
=y
L R e N S T
L e Y o I N R e

4 m 3

Figure 64. Input script in R for SVM classification [61]
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lox, tanuloy, type="C-classification™, kernel="poly", cost=10, epsilon=0.01,%

Call:
svm.default (x = tanuleox, ¥ = tanuloy, type = "C-classification",
kernel = "poly", degree = 3, cost = 10, epsilon = 0.01)

Parameters:
S5VM-Type: C-classification
SVM-Kernel: polynomial
cost: 10
degres: 3
gamma: 0.2
coef.0: 0O

Number of Support Vectors: 49
>

‘ i ]

Figure 65. Result of the classification in R environment [61]

The applied kernel function was polynomial. SVM parameters were C = 1,
y = 0.2 in the case of the RBF kernel. Tune.svm of 1071 package was applied in
the R Cran software to optimization of the parameters to obtain the best result.

By adjusting C, it was possible to define how hard or soft was the margin. With
alow C, (soft margin) samples inside the margins are penalized less than with a
higher C. With a C of 0, samples inside the margins are not penalized. Low value
C tends to make decision surface smooth, while a high C tries all training
examples correctly by giving the model freedom to select more samples as
support vectors. The larger C (hard margin) is the less the final training error
will be. If C increased too much, I risked losing the generalization properties of
the classifier, because it will have tried to fit as best as possible all the training
points (including the possible errors of the dataset). In addition, alarge C, usually
increased the time needed for training. C parameter was adjusted by a grid
search. The range of feasible values for C was set in [0,10]. Then a coarse search
was executed in laps of 1: 1,2,3,4,..,10 and looked for the average error using a 5
or 10 fold “cross validation” using the training set and kept the best value. Then
the same procedure was performed but on a finer search using tune.svm of 1071
package in R.

8.5 Results

A method was presented for classification of tapered roller bearings with
grinding faults from the manufacturing process using SVM classifier and optimal
wavelet decomposition according to the Energy-to-Shannon entropy principle.
Therefore, they could be used for modelling the real problem and for teaching
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the SVM classifier. However, the raw vibration signature contained additional
noise so wavelet decomposition up to the 3rd level has been applied to obtain
clear signal for teaching the SVM classifier. Statistical parameters of the time
domain data were calculated such as kurtosis, skewness, crest factor and range.
All of these parameters were good indicators of the bearing status and present
the faults of the bearing elements. Both raw data set and the filtered data set after
wavelet decomposition were added to the SVM classifier which parameters were
optimized. Classification effectiveness was higher with the filtered data set than
with the raw data in all cases. Classification rate of 96.4 % was given for outer
race fault that is remarkable for industrial application. Averaged value of the
classification rate was 93.5% using wavelet decomposition. The method
provided sufficient rates for the special bearing grinding fault classification in all
cases.
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9 Artificial Neural Network for grinding fault
classification

9.1 MLP neural networks and algorithms

A multilayer perceptron (MLP) network is designed as each output neuron is
connected to all the previous layer neurons and there is no connection between
neurons of the same layer [64]. Perceptron computes a single output from
multiple real-valued inputs by forming a linear combination according to its
input weights. An MLP is a supervised network (Figure 62) requires a desired
response to be trained. The net learns how to transform input data into a desired
response, so it is widely used for pattern classification. An MLP can approximate
virtually any input-output map. Most ANN applications involve MLP in practical
applications.

1th Hidden 2nd Hidden
Neural Layer Neural Layer

Output
Neural Layer

@ 2)
f v

Figure 66. MLP network [16]

The input layer processing functions are all linear, but in the hidden layer
non-linear sigmoidal functions such as hyperbolic tangent, logistical function or
any sigmoid function are usually used.

In modelling of systems by multilayer neural network, after defining the
structure, the neural network weights should be designed in a way that with
applying the inputs, a very close output to the real output is achieved. This is
called neural network training, which means setting the weights to decrease the
errors between network output and real output. In order to increase the training
speed, a linear function is usually selected for the output layer. In the following
three types of training algorithms will be described which were applied in this
research.

Gradient descent method (gd) designated as a first order iterative

optimization algorithm for finding the minimum of a function. To find a local
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minimum of a function using gradient descent, it is necessary to take steps
proportional to the negative of the gradient of the function at the current point.
If the steps are proportional to the positive of the gradient, it approaches to a
local maximum of that function [67].

Gradient descent is based on the observation that if the multi-variable
function F is defined and differentiable in a neighbourhood of a point a, then F
decreases fastest if one goes from a in the direction of the negative gradient of F
ata, —VF(a). It follows that, if

a1 = ap —YVF(ay)

for y € Ry small enough, then F(a,) = F(a,+,). In other words, the term
yVF(a) is subtracted from a because we want to move against the gradient,
toward the minimum. With this observation in mind, one starts with a guess x,
for alocal minimum of F, and considers the sequence X, X1, X5, . .. such that

Xn+1 = Xp — InVF(X,),n = 0.
Analysing a monotonic sequence

F(xo) = F(x1) Z F(x3) = -,
it converges to the desired local minimum. The value of the step size y is allowed
to change at every iteration. With certain assumptions on the function F (F is
convex and VF is Lipschitz) and particular choices of y,

_ |(xn - xn—l)T[VF(Xn) - VF(Xn—l)]l
n IVF () = VF (DI

convergences to a local minimum can be guaranteed [17].

As for its limitations, gradient descent is relatively slow close to the minimum:
technically, its asymptotic rate of convergence is inferior to many other methods.
For poorly conditioned convex problems, gradient descent increasingly 'zigzags'
as the gradients point nearly orthogonally to the shortest direction to a minimum
point [64].

The gradient descent can take many iterations to compute a local minimum
with a required accuracy, if the curvature in different directions is very different
for the given function. For such functions, which changes the geometry of the
space to shape the function level sets like concentric circles the convergence is

slow. However, constructing and applying preconditioning can be
computationally difficult.

Levenberg-Marquardt algorithm (Im) is an improvement to Newton’s
method [64]. Suppose that performance index of the network is the average of

the sum of error squares.
L.
- 2
ECO =3p z Z{"’q @},

j=1q=1
— d L. o, —
eq=Yq — Vg5 4= 1,..,m
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where P is the total number of training pattern, m is the number of outputs, yg
is the desired output, and qu is the network output.
The performance index should be minimized with respect to the parameter
vector X. According to Newton’s method parameter update is

Ax = —[V2E(®)] "M [V,E(X)]
where V2E (x) is the Hessian matrix and V,E (X) is the gradient.
It can be shown that

VxE(x) =] (x)e(x)
VZE() =]"(x0J(x) + R(%)

where J(x) = de(x)/0d(x) is the Jacobean matrix and
P

R(x) = 2 & (OVZE(X)
j=0
For the Gauss-Newton method it is assumed that R(x) = 0, and then Hessian
matrix becomes
VIE() =] (0J(x)

In order to prevent the matrix J7 (x)J(x) from being ill-condition, the weights
are obtained based on the modified Levenberg-Marquardt algorithm. Then the
parameter update based on this method becomes.

Ax = [JT0J(X) + 1] 7 VLE(X)
where u,, is the learning factor. For small yu, the training algorithm becomes
Gauss-Newton. Less time and epochs are needed in order to attain a definite
error because of the high-speed convergence in this method [20].

Conjugate gradient algorithms require a line search at each iteration. This line
search is computationally expensive, since it requires that the network response
to all training inputs be computed several times for each search. The scaled
conjugate gradient algorithm (scg), developed by Moller, was designed to avoid
the time-consuming line search. The scaled conjugate gradient algorithm may
require more iterations to converge than the other conjugate gradient
algorithms, but the number of computations in each iteration is significantly
reduced because no line search is performed. So, scaled conjugate gradient is a
variation of a conjugate gradient method which avoids the line-search per
learning iteration by using a Levenberg-Marquardt approach in order to scale
the step size. By using a step size scaling mechanism, this method avoids a time-
consuming line-search per learning iteration.

The scaled conjugate gradient algorithm defined by Moller [21] denotes the
quadratic approximation to the error E in a of a neighbourhood point w by:

1
Eqw() = EW) + E'W)7y + 5y E" W)y
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Scaled conjugate gradient belongs to the class of conjugate gradient methods,
which show super-linear convergence on most problems. By using a step size
scaling mechanism scaled conjugate gradient avoids a time-consuming line-
search per learning iteration, which makes the algorithm faster than other
second order algorithms. Also we got better results than with other training
methods and neural networks tested, as standard back-propagation.

9.2 Realization of ANN for the analysis

9.2.1 Feature extraction and flow-chart

The goal of the experiments is to classify the bearing faults with ANN under
the same circumstances it was written in Chapter 8.2. The feature parameters
were extracted by discrete wavelet multiresolution analysis. Time domain
parameters after multi-resolution analysis, namely range, kurtosis, skewness
and crest factor were provided for the MLP neural network using gradient-
descent, Levenberg-Marquardt, and scaled-conjugate back propagation
algorithms. It was important to extract the proper parameters to increase the
classifying efficiency of the neural network. The procedure in flow chart can be
seen in Figure 67. The table of the feature vectors is in the Appendix 2.

Tapered roller bearing test-rig
with vibration transducer

¥

Data acquisition and signal
conditioning

v

Feature Extraction
with MRA
I

v v
| Training Data Set ‘

| Feature Selection ‘ Validation
Data Set

» ‘

Training of ANN

Trained ANN

ANN Output

Bearing fault
diagnostics

Figure 67. represents the flow chart of the diagnostic procedure
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9.2.2 Designing MLP neural network for fault classification

The choice of training parameters is critical to the success of the neural
network training process. The choice of these values is generally problem-
dependent and there is no generic formula that can be used to choose these
parameter values. Table 17 contains the used parameters of the MLP networks.
Parameters were optimized with Bayesian method (bayesopt) and experimental
way following the advices of the related scientific literatures.

The training of an MLP network is achieved by modifying the connection
weights and biases iteratively to optimize a performance function which is the
mean square error (MSE).

As for MLP, the ANN was trained and tested with gradient-descent,
Levenberg-Marquardt, and scaled-conjugate back propagation training
algorithms. MSE is 10~°, maximum iterations (epochs) are 10000. The training
process would stop if any of these conditions were met. The initial weights and
biases of the network were generated randomly.

One of the critical parameters in neural network training is the speed of
convergence, which is determined by the learning rate (Ir). In general, it is
desirable to have fast learning, but not so fast that cause instability of learning
iterations (Figure 68).

The performance of the algorithm was very sensitive to the proper setting of
the learning rate. If the learning rate is too small, the algorithm will take too long
to converge ([64], [67]).

A too high learning rate y makes the learning jump over minima but a too low
learning rate either takes too long to converge or makes it impossible the global
minima. Learning rate highly depends on the problem. The performance of the
algorithm was very sensitive to the proper setting of the learning rate.

4

loss

low learning rate

high learning rate

good learning rate

epoch

Figure 68. Learning rate scales [64]
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Table 17. MLP network design parameters for training with gradient descent and

Levenberg-Marquardt algorithms

Network type Feed-forward BP
Training algorithm 1st neural network Gradient descent
Training algorithm 2nd neural network Levenberg-Marquardt
Training algorithm 3rd neural network Scaled-con]ugz.;\te back
propagation
Training 70%
Validation 15%
Testing 15%
Learning type Supervised
Learning rate of gd 0.05...0.80
Learning rate of Im 0.05
Learning rate of scg 0.05
Activation function tansig
Performance function MSE
Weights initialization Random
Stopping criteria
Max. iterations 10000 epochs
Limit MSE 10%
Minimum Gradient 10-5
Maximum number of fails 6
Time inf

9.3 Comparison of the algorithms

In case of all three algorithms Ir = 0.05 is used, gradient descent algorithm
misses the local minima because Ir learning rate is too small, the algorithm takes
long time to converge making up to 10000 iterations without stopping (Figure
66). Therefore, Ir was optimized to find the shortest CPU running time to
converge (4852 iterations) (Figure 71) and the highest percentage of
classification ratio as Table 7 shows. Levenberg-Marquardt and scaled-conjugate
algorithms performed 36 and 50 iterations which are small enough in CPU
running time, however they provided high classification ratio (Figures 69 and
72). To compare the efficiency, Levenberg-Marquardt algorithm is the best for
this special task of the research. Parameteres were kept the same value when the
training algorithms were compared.
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Algorithms

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (trainlm)
Performance:  Mean Squared Error  (mse)
Calculations:  MEX

Progress

Epoch: 0 | 36 iterations | 10000
Time: 0:00:00

Perfarmance: 0168 [ 00mMo0 | 1.00e-05
Gradient: 00733 [0 DiD0Evs] 1.00e-07
Mus 0.00100 1.00e-08 1.00e+10
Validation Checks: 0 [ | 6

Figure 69. Progress parameters of Levenberg-Marquardt algorithm (Ir=0.05)

Algorithms

Data Division: Random (dividerand)
Training: Gradient Descent (traingd)
Performance: Cross-Entropy  (crossentropy)
Calculations:  MEX

Progress

Epoch: 0 10000 iterations || 10000
Time: Q:00:07

Performance: 0317 [ 1 00826 1.00e-05
Gradient: oies [ 0.00670) 1.00e-05
Validation Checks: 0 0 6

Figure 70. Progress parameters of gradient-descent algorithm (Ir=0.05)

Algaorithms

Data Divisien: Randem (dividerand)
Training: Gradient Descent (traingd)
Performance: Cross-Entropy  (crossentropy)
Calculations:  MEX

Progress

Epach: o [ 4882iterations 10000
Time: Q0003

Performance: 0623 1.00e-03
Gradient: 03s0 [NOGOISA | 1.00e-05
Validation Checks: 0 | 6 ] s

Figure 71. Progress parameters of gradient-descent algorithm (Ir=0.78)
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Algorithms

Data Division: Random (dividerand]

Training: Sealed Cenjugate Gradient  (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations:  MEX

Progress

Epoch: 0 50 iterations 10000
Tirmne: Q:00:00

Performance: 0.367 0.0430 1.00e-05
Gradient: 0133 | 00106 | 1.00e-06
Validation Checks: 0 | & | &

Figure 72. Progress parameters of scaled-conjugate algorithm (Ir=0.05)

Validation method performance depends on which algorithm was applied for
the classification. In case of Levenberg-Marquardt algorithm the performance
function is the MSE value, the gradient descent and scaled-conjugate algorithms
apply the cross-entropy as performance function. Figures 73-76 represent the
MSE and cross-entropy parameters in the function of epochs in all three training
algorithms for the training data, validation data and test data.

Best Validation Performance is 0.030759 at epoch 30
100
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Figure 73. MSE parameter in 30 epochs of Levenberg-Marquardt algorithm (Ir=0.05)
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Best Validation Performance is 0.074013 at enoch 10000
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Figure 74. Cross-entropy parameter in 10000 epochs of gradient descent algorithm

(Ir=0.05)

Best Validation Performance is 0.072364 at epoch 4846
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Figure 75. Cross-entropy parameter in 4852 epochs of Gradient Descent algorithm
(Ir=0.78)

Best Validation Performance is 0.023806 at epoch 44
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Figure 76. Cross-entropy parameter in epochs of Scaled-conjugate algorithm (Ir=0.05)
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Gradient values (Figures 77-80) are ideal to decrease fast in the starting
epochs and then are gradually decreasing in the later epochs. Scaled-conjugate
algorithm provided an even decreasing in the gradient values. In case of the
Levenberg-Marquardt algorithm, the decrease of the gradient values is not even,
they oscillate in the epochs. Gradient descent algorithm provided a relatively

smooth gradient curve, however the number of iterations is quite high.
Gradient = 0.0027456, at epoch 36
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Figure 77. Gradient value in epochs of Levenberg-Marquardt algorithm (Ir=0.05)
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Figure 78. Gradient value in epochs of Gradient Descent algorithm (Ir=0.05)
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Figure 79. Gradient value in epochs of Gradient Descent algorithm (Ir=0.78)

Gradient = 0.010585, at epoch 50
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Figure 80. Gradient value in epochs of Scaled-conjugate algorithm (Ir=0.05)
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Tables 18-21 show the confusion matrices of the three applied algorithms in
our experiment. In Table 22 the classification rates can be seen in percentage.
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Overall, Levenberg-Marquardt algorithm is the best for classifying percentage as
high as 92.0% the line grinding faults. In bearing diagnostics, it is very difficult
to identify and classify the small back-surface defects on the rollers. Gradient
descent algorithm with 1r=0.05 provided only 20% classification rate, therefore
it is useless to identify this defect type. Increasing the learning rate up to the
optimized level of 0.78 it provided 60.0% classification ratio that is quite lower
than the accuracy of the Levenberg-Marquardt algorithm. Scaled conjugate
algorithm can not provide sufficient classification rate for the industrial
classification of the roller back-surface defects. The changing of the learning ratio
did not provide higher classification ratios in case of the Levenberg-Marquardt
and the scaled conjugate algorithms.

Table 18. Confusion matrix for ANN with Levenberg-Marquardt algorithm with data by
3rd level wavelet decomposition (Ir=0.05)

H OR IR RF | IRB | MF | Class
45 0 0 0 0 H
3 18 0 0 1 0 OR
0 0 19 0 2 IR
0 0 0 19 0 0 RF
0 2 0 0 17 1 IRB
0 0 0 0 0 17 MF

Table 19. Confusion matrix for ANN with gradient descent algorithm with data by 3rd
level wavelet decomposition (Ir=0.05)

H OR IR RF | IRB | MF | Class
44 2 0 0 8 0 H
4 16 0 0 8 3 OR
0 0 18 0 0 0 IR
0 0 0 17 0 1 RF
0 1 0 0 4 0 IRB
0 1 1 2 0 16 MF

Table 20. Confusion matrix for ANN with gradient descent algorithm with data by 3rd
level wavelet decomposition (Ir=0.78)
H OR IR RF | IRB | MF | Class
46 0 0 0 3 0 H
16 0 0 5 1 OR
19 0 0 0 IR
0
0

0 16 0 RF
0 0 12 IRB
0 3 0 19 MF

oIV OO O
RlWlo|lo
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Table 21. Confusion matrix for ANN with scaled-conjugate algorithm with data by 3rd
level wavelet decomposition (Ir=0.05)
H OR IR RF | IRB | MF | Class
44 0 0 0 2 0 H
16 0 0 4 1 OR
18 0 0 1 IR
0
0

0 17 0 RF
0 0 14 IRB
1 2 0 18 MF

S|l W|IOoO|O| =
RlW oo

Table 22. Classification rates of ANN classification with the applied training algorithms

Class | Gd (Ir=0.05) | Gd (Ir=0.78) | L-M (Ir=0.05) | Scg (Ir=0.05)
OR 80.0 % 80.0 % 90.0 % 80.0 %
IR 94.7 % 100.0 % 100.0 % 94.7 %
RF 89.5 % 84.2% 100.0 % 89.5 %
IRB 20.0 % 60.0 % 85.0 % 70.0 %
MF 80.0 % 95.0% 85.0 % 90.0 %

Mean 72.8% 83.9% 92.0 % 84.8%

Gd: gradient descent algorithm
L-M: Levenberg-Marquardt algorithm
Scg: scaled conjugate algorithm

For real-time applications it is very important to perform the algorithms in
short CPU time (Table 23). It is more important in real-time diagnostics process.

Table 23. CPU times of ANN classification with the applied training algorithms
Class | Gd (Ir=0.05) | Gd (Ir=0.78) | L-M (Ir=0.05) | Scg (Ir=0.05)
Time 7813 ms 3248 ms 314 ms 548 ms

9.4 Results

In this experiment, five type of bearing defects were classified by an MLP-
ANN: outer-ring fault, inner-ring fault, roller fault, roller back-surface fault and
multi-fault Multi-fault was the combination of the roller fault and the roller back-
surface fault.

Three different training algorithms were applied: Levenberg-Marquardt,
gradient descent and scaled-conjugate gradient. The feature extraction for the
artificial neural network was executed by MRA. Feature vectors after MRA
consisted of four main statistical parameters of the vibration signal; range,
kurtosis, skewness, crest factor. Network was planned by considering the
topology, layers, activation functions, number of neurons, training functions and
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the learning rate. Parameteres were optimized with Bayesian optimization and
experimental way. Parameteres were kept the same value when the training
algorithms were compared. Gradient descent algorithm with 1r=0.05 provided
only 20% classification rate, therefore it is useless to identify this defect type,
therefore the learning rate was optimized to reach the proper speed of
convergence and high pattern recognition efficiency for the classification.
Levenberg-Marquardt algorithm was the best for classifying percentage as high
as 92.0% the linear grinding faults. Increasing the learning ratio to the optimized
level of 0.78 it provided 60.0% classification ratio that is quite lower than the
accuracy of the Levenberg-Marquardt algorithm. Scaled conjugate algorithm
could not provide sufficient ratio for the industrial classification of the roller
back-surface defects. The changing of the learning ratio did not provide higher
classification ratios in case of the Levenberg-Marquardt and the scaled conjugate
algorithms. CPU time was analysed to measure the shortest running time,
Levenberg-Marquardt provided 314 ms that is small enough for practical
applications compared to the other training algorithms.
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10. New scientific results

THESIS 1

An object-oriented measurement system and method was developed to
analyse certain type of manufacturing surface faults of roller bearings with
rectangular shape contact areas. The main parts of the special
measurement system are a designed test-rig which is suitable to analyse
roller bearings of different sizes and types according to the requirements
of the analysis, a vibration transducer and a data acquisition system,
algorithms for surface fault detection and fault size estimation, designed
wavelets and filters with developed Labview VIs for measurements and
data processing. It was proven on tapered roller bearings that the
measurement system and the method is effective for the detection and size
estimation of the investigated type of bearing faults. It was proved with the
Maximum Energy-to-Shannon Entropy Criteria that the optimized wavelets
are appropriate for the analysis.

[DK3] K. Dedk, T. Mankovits, 1. Kocsis, Optimal wavelet selection for
manufacturing defect size estimation of tapered roller bearings with vibration
measurement using Shannon Entropy Criteria, Strojniski Vestnik-Journal of
Mechanical Engineering, vol. 63, no. 1, 2017, p. 3-14.

Further related publications:

[DK10] K. Dedk, I. Kocsis, Rotary machine and roller bearing fault measurement
with FPGA embedded system, in Tavaszi Szél / Spring Wind, II. kétet Allam- és
jogtudomdny, kézigazgatds tudomdny, had- és rendészettudomdny, 2014.

[DK18] K. Dedk, 1. Kocsis, Applied vibration measurement methods and data
extraction for bearing fault diagnosis, in Proceedings of the International Scientific
Conference on Advances in Mechanical Engineering, 2016, p. 122-126.

[DK20] K. Dedk, I Kocsis, Condition Monitoring by Applying Advanced
Diagnostic Method, in Proceedings of the International Scientific Conference on
Advances in Mechanical Engineering, 2017, p. 102-108.

[DK5] K. Dedk, |. Menyhdrt, L. Czégé, Defect analysis of bearings with vibration
monitoring and optical methods, International Journal of Engineering and
Management Sciences, vol. 3, no. 4, 2018, p. 1-12.
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[DK 22] K. Dedk and I. Kocsis, Applied diagnostic methods in engine and bearing
health monitoring. In: 7th International Scientific Conference on Advances in
Mechanical Engineering, 2019.

THESES RELATED TO WAVELET DESIGN

A discrete and a continuous wavelet were designed to detect rectangular
shape manufacturing grinding faults of roller bearings and to estimate the
fault sizes. It was proven with measurements on tapered roller bearings
that the designed wavelet in the range from 0.63 mm to 1.63 mm is more
effective than the traditional wavelets which are generally applied for
bearing fault detection. The effectiveness of both methods in the fault size
estimation was proven by optical and contact validation measurement
methods.

THESIS 2A

A new discrete wavelet was developed using the transient signal model
referring to the entry and exit interactions between the roller and the
defect. It was proven on tapered roller bearings that the designed wavelet
is more effective than the traditional wavelets which are generally applied
for bearing fault detection.

THESIS 2B

A new complex Morlet wavelet was designed to determine the fault
frequency of the investigated fault type, and to estimate the fault size in
noisy environment. It was proven with measurements that the designed
wavelet is more effective up to SNR=26 dB than the traditional wavelets
which are generally applied for bearing fault detection.

[DK1] K. Dedk, Design of Discrete Wavelet by Using Transient Model for Exact
Measurement of Manufacturing Faults of Tapered Roller Bearings, Periodica
Polytechnica Mechanical Engineering, vol. 63, no. 2, 2019, p. 113-122.

[DK2] K. Dedk, I. Kocsis, Complex Morlet wavelet design with global parameter
optimization for diagnosis of industrial manufacturing faults of tapered roller
bearing in noisy condition, Diagnostyka, vol. 20, no. 2, 2019, p. 77-86.

Further related publications:

[DK8] K. Dedk, 1. Kocsis, Gépek kdrosoddsa dltal eldidézett kifdraddsos
csapdgyhibdk dltal generdlt tranziens impulzusok jelfeldolgozdsa ablakozott
fourier és wavelet transzformdciok segitségével = bearing fault detection and
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signal processing with STFT and wavelet transform in maintenance engineering,
in Miiszaki Tudomdny az Eszak-kelet Magyarorszdgi Régidban, 2014, p. 67-72.

[DK13] Z. Keviczki, K. Dedk, 1. Kocsis, Machine condition monitoring in bearing
manufacture using vibration analysis and intelligent approaches, in Proceedings of
the International Scientific Conference on Advances in Mechanical Engineering,
2014, p. 55-69.

[DK14] K. Dedk, I. Kocsis, Manufacturing of tapered roller bearings, defects and
fault detection, in Proceedings of the International Scientific Conference on
Advances in Mechanical Engineering, 2015, p. 44-53.

[DK19] K. Dedk, 1. Kocsis, Selection of wavelet function for detection of bearing
defects by Shannon entropy, in Proceedings of the International Scientific
Conference on Advances in Mechanical Engineering, 2016, p. 127-134.

[DK21] K. Dedk, I. Kocsis, Wavelet design for diagnosis of tapered roller bearing
manufacturing defects, in Proceedings of the International Scientific Conference on
Advances in Mechanical Engineering, 2018, p. 39-40.

[DK17] K. Dedk, I. Kocsis, Diagnosztikai és karbantartdsi vizsgdlat csapdgyhiba
esetében wavelet transzformdcié alkalmazdsdval, in Miiszaki tudomdny az Eszak-
Kelet Magyarorszdgi régiéban, 2016, p. 720-727.

THESIS 3

A new method was developed to classify rectangular shape
manufacturing grinding defects of roller bearings. The classifications were
executed with SVM method and Artificial Neural Network. Input vectors of
the machine learning systems were derived from the 3rd level
multiresolution decomposition of the vibration signal using four statistical
parameters. It was proven with measurements that the efficiency of the
new classification method satisfies the requirements set in the relevant
literature. Artificial Neural Network with optimized parameters using
Levenberg-Marquardt algorithm resulted in a classification efficiency of an
average of 92 %. The SVM method produced a classification efficiency of
93.5 %.

[DK4] K. Dedk, 1. Kocsis, Support Vector Machine with Wavelet Decomposition
Method for Fault Diagnosis of Tapered Roller Bearings by Modelling
Manufacturing Defects, Periodica Polytechnica Mechanical Engineering, vol. 61,
no. 4, 2017, p. 276-281.
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11 Conclusions and Future Works

11.1 Summary and conclusion

In the research an object-oriented measurement system and method was
realized which could detect rectangular shape manufacturing grinding faults of
roller bearings and estimate the fault size. The system and the method were built
on vibration analysis using vibration transducer, data acquisition unit,
specialized software scripts for feature extraction and fault size classification. It
was revealed that the roller bearing grinding fault detection and fault size
estimation related to manufacturing were not investigated in the related
researches.

For the experiments a test-rig was designed and constructed as the part of the
object-orinted measurement sytem considering its structure and design. The
test-rig was designed with vibration isolation basement to minimalize the
vibration level and the modal frequencies were measured by experimental way
to avoid resonances.

The mechanical signal model of the roller bearings with line-contact and
rectangular shape grinding problems was defined which described the transient.

The generated transient wave was analysed and the main features of the
transient were calculated. The transient was compared to other transient signals
which were derived from different size of bearings. It was stated that similar
signals were produced, namely transients which were different only in their
parameters.

A fault size estimation procedure is developed for the special grinding faults.
The entry and the exit points related to the motion of the roller at the place of the
fault are analysed considering the mechanical model of the bearing. The
geometrical size of the fault is estimated with wavelet multiresolution analysis.
To find an efficient wavelet for this procedure the Symlet, Daubechies, Meyer and
Morlet wavelets are compared with the Energy-to-Shannon Entropy ratio
criteria. According to the study the Morlet wavelet provided the best result in the
case of the grinding fault. The entry and the exit points are determined accurately
to the fault size estimation in the certain geometrical size range.

A discrete wavelet was designed which proved to be more efficient in
detection of the specific manufacturing faults than the user-ready wavelets.
Maximum Energy-to-Shannon Entropy ratio criteria is used to compare the
efficiency of the wavelets in the experiment. The designed wavelet is compared
with Symlet and Daubechies wavelets which are generally used for bearing fault
diagnosis. The geometrical size of the defect is estimated accurately by the
designed wavelet and the results are validated by contact and optical
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measurements. The result is checked by the Chapa-Rao algorithm which
provided practically the same result as the wavelet which is designed in Labview.

Complex Morlet wavelet was designed with global parameter optimization. It
was revealed as an effective filtering procedure because of its flexibility to
change its center-frequency and bandwidth in order to make better match to the
transient. Genetic algorithm was used for the parameter optimization. The
designed wavelet was compared with Symlet, Daubechies, Morlet, Meyer
wavelets by the Energy-to-Shannon Entropy ratio criteria to prove its efficiency
in the grinding fault detection. After filtering the information content of the
signal is further increased by autocorrelation enhancement. The results
provided that the fault frequencies could be more efficiently determined with
this procedure and, therefore, the calculation of the geometrical size of the defect
was more accurate. Results of the fault size estimation was validated with optical
and contact measurement devices.

Machine learning procedure using SVM was introduced to classify five
different bearing faults. Besides the widely investigated ring and roller defects,
back-surface faults were classified which could cause difficulties during quality
inspection in the manufacturing process. Teaching data was created by huge
quantity of bearings in order to get representative data set. The rotational speed
of the test-rig and the axial spanning force of the bearing were adjusted to realize
the sufficient data for the teaching procedure. At first, a fault classification
method was presented using Support Vector Machine method. Parameters were
chosen to reach the best classifying efficiency in the case of the bearing faults
studied. Feature vectors derived from the wavelet decomposition by
multiresolution analysis. The method enhanced the statistical parameters of the
signal to achieve better bearing fault classification. Outer ring faults, inner ring
faults, roller faults, back-surface defects and multi-type defects were classified
with this method.

A multilayer neural network (ANN) was planned for bearing fault
classification. The main purpose was to find a machine learning method that
provides the best pattern recognition capability with the least CPU time for the
classification. Three types of algorithm were compared; gradient-descent,
Levenberg-Marquardt, scaled-conjugate back propagation. The parameters of
the network were chosen to achieve the goal efficiently. Learning rate was
optimized to get ideal classification.

Machine learning techniques produced sufficient level of multi-class fault
classification even in the case of the small-sized back-fault defect.
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11.2 Future works

As for the future work I plan to develop the measurement methods to analyse
other kind of manufacturing faults with IT tools.

Electrical marks are many times a problem of the bearings of electrical motors
which has similar rectangular shape under certain circumstances. If the fault has
a well-defined entry and exit points, the fault could be detected similar way that
the grinding defects. My purpose is to analyse how to detect the suffered
bearings of the electric motors by using the vibration data of the system.

Further purpose is to test my method for detecting similar shape of problems
on other machine elements, e.g. crane raceways or linear motion devices.

The optimization of the wavelet parameters is very subtle method, therefore my
plan is to investigate other optimization methods besides the genetic algorithms
such as differential algorithms, simulated annealing and compare their results.

I plan to analyse the efficiency other training algorithms in case of deep
learning which can be used in neural networks for fault classification, such as
BFGS Quasi-Newton, Resilient Backpropagation, Fletcher-Powell Conjugate
Gradient, Polak-Ribiére Conjugate Gradient.

Further idea is to combine the SVM and ANN and analyse the fault
classification efficiency of this hybrid system.

In some case measurements can not be executed in low noise level conditions,
therefore my idea to test Adaptive Noise Cancellation Using RLS Adaptive
Filtering to extract useful information from a noisy signal.

I plan to analyse the acoustic signals of the bearings picked by sensitive
microphones and compare the results of fault detection and fault size estimation
to the vibration measurement methods.

Realizing an expert system which gathers an overall data from the faulty items
is an ultimate purpose of my research which can be implemented in the
engineering serial production and quality inspection processes.
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Appendix

Appendix 1.: SVM script for fault classification

#SVM loading
library(el071)
#teaching and test data

ta <- read.csv ("G:\\2015marcPhD\\tanulo.csv", header=FALSE, sep=";")
tanulox=matrix (data=0,nr=118,nc=5, byrow=TRUE)

tanulox[,l]<-data.matrix (ta$Vl, rownames.force = NA)
tanulox[,2]<-data.matrix (ta$V2, rownames.force = NA)
tanulox[,3]<-data.matrix (ta$V3, rownames.force = NA)
tanulox[,4]<-data.matrix (tas$V4, rownames.force = NA)
tanulox[,5]<-data.matrix (ta$V5, rownames.force = NA)

tanuloy<-data.matrix (ta$Ve6, rownames.force = NA)

te <- read.csv("G:\\2015marcPhD\\teszt.csv", header=FALSE, sep=";")

tesztx=matrix (data=0,nr=28,nc=5,byrow=TRUE)

tesztx[,l]<-data.matrix (te$Vl, rownames.force = NA)
tesztx[,2]<-data.matrix (te$V2, rownames.force = NA)
tesztx[,3]<-data.matrix (te$V3, rownames.force = NA)
tesztx[,4]<-data.matrix (te$V4, rownames.force = NA)

tesztx[,5]<-data.matrix (te$V5, rownames.force = NA)
teszty<-data.matrix (te$V6, rownames.force = NA)

# searching the optimal parameters (RBF kernel)

n=110

cv=numeric (length=n*4)
dim(cv)=c(n, 4)

cvn=1

e=0.01
for (c in 1:10) {
for (g in 0:10) {

svr <- svm(tanulox,tanuloy,type="C-classification", kernel="radial",
cost=c*6, epsilon=e, gamma=0.01%*g)

preyf <- predict(svr,tesztx)

prey=as.numeric (levels (preyf)) [preyf]

dim(prey)=c(28,1)



cvicvn,l]l=e
cv[cvn,2]=c
cv[cvn,3]=0.10*g
cvicvn,4]1=0
for (i in 1:28) {
if (tesztyl[i]==prey[i]) {cvicvn,4]=cv(cvn,4]+1}
}
cvn=cvn+1l
}
}

cv
#running svm

svr <- svm(tanulox,tanuloy,type="C-classification",
cost=10, epsilon=0.01, gamma=0.5)

preyf <- predict(svr,tesztx)
prey=as.numeric (levels (preyf)) [preyf]
dim(prey)=c(28,1)

#searching optimal parameters (poly kernel)

n=60

cv=numeric (length=n*4)
dim(cv)=c(n, 4)

cvn=1

e=0.01
for (c in 1:10) {
for (d in 0:5) {

svr <- svm(tanulox,tanuloy,type="C-classification",
cost=c, epsilon=e, degree=d)

preyf <- predict (svr,tesztx)
prey=as.numeric (levels (preyf)) [preyf]
dim(prey)=c(28,1)

cvicvn,l]l=e
cv[cvn,2]=c
cv[cvn,3]=d
cvicvn,41=0
for (i in 1:28) {
if (tesztyl[i]==prey[i]) {cvicvn,4]=cv(cvn,4]+1}
cvn=cvn+1l

# running svm

svc <- svm(tanulox,tanuloy,type="C-classification",
cost=10, epsilon=0.01, degree=3)

kernel="radial",

kernel="poly",

kernel="poly",



Appendix 2.: Feature vectors axial loading of healthy bearing data set for
SVM and ANN classification of 450 N

Healthy bearing data 3th level wavelet decomposition
Crest
1/min Hz |(_Range )| Mean value | Std. Dev. (Kurtosis) erwnesb Gctor Parseval | Entropy P/E
60 1 0,018847 -0,00082 0,002264 | 4,081449 | -0,09829 2,981569 6719,5 | 6,511915 | 1031,878
120 2 0,018749 | -0,000701 | 0,002772 | 2,939331 | -0,04747 | 2,875317 | 4908,128 | 8,984309 | 546,3
180 3 0,027093 | -0,000716 | 0,003747 | 3,150093 | -0,0453 3,564365 | 5131,637 | 15,09428 | 339,9723
240 4 0,042218 | -0,000866 | 0,004836 | 3,493317 | -0,15007 3,424472 | 7502,245 | 23,71926 | 316,2934
300 5 0,040454 | -0,000813 | 0,005593 | 3,310499 | -0,18189 3,204644 | 6609,207 | 30,43005 | 217,1934
360 6 0,063872 | -0,000827 | 0,007311 | 4,272462 | 0,140571 | 4,493483 | 6341,948 | 48,20512 | 141,9341
420 7 0,073486 | -0,000827 | 0,009487 | 3,532236 | -0,00693 3,700488 | 6846,116 | 76,65694 | 89,30849
480 8 0,072323 | -0,000854 | 0,008842 | 3,80974 | -0,06155 | 3,895327 | 7296,888 | 67,73188 | 107,732
540 9 0,067252 | -0,000916 | 0,009812 | 2,750087 | -0,03362 3,151972 | 8385,763 | 83,02191 | 101,0066
600 10 0,076848 | -0,000828 | 0,011545 | 3,011838 | -0,04588 3,329296 | 6860,713 | 109,5121 | 62,64797
660 11 0,108247 | -0,000905 | 0,012636 | 4,031234 | -0,13713 3,359039 | 8193,394 | 126,1569 | 64,94605
720 12 | 0,089078 | -0,000852 | 0,013013 | 3,075932 | -0,09551 3,30437 | 7262,358 | 134,7359 | 53,90068
780 13 | 0,101192 | -0,000915 | 0,014952 | 3,197802 | 0,000125 3,28679 | 8370,379 | 170,7185 | 49,03029
840 14 | 0,110178 | -0,000871 | 0,01657 | 3,061923 | -0,05365 | 3,071873 | 7592,61 | 205,0667 | 37,02507
900 15 0,12057 | -0,000937 | 0,018728 | 2,799756 | -0,17792 | 2,715597 | 8780,352 | 254,6538 | 34,47957
960 16 0,117035 | -0,000868 | 0,017783 | 2,709391 | -0,14138 3,417192 | 7533,905 | 233,7886 | 32,22528
1020 17 0,143648 | -0,000796 | 0,021634 | 3,065857 | -0,06395 3,17631 6332,704 | 323,1429 | 19,59723
1080 18 | 0,134741 | -0,000703 | 0,01989 | 3,06941 | -0,20346 | 2,983795 | 4946,353 | 281,1854 | 17,59107
1140 19 0,135903 | -0,000787 | 0,020694 | 3,04322 | -0,19987 3,061897 | 6187,222 | 300,1242 | 20,61554
1200 20 | 0,140612 | -0,000827 | 0,021626 | 2,910767 | 0,059307 3,18775 | 6844,988 | 324,7494 | 21,07775
1260 21 0,137882 | -0,000864 | 0,022926 | 2,742244 | -0,08278 2,897853 | 7473,141 | 360,8653 | 20,70895
1320 22 0,199004 | -0,000738 | 0,027383 | 3,325325 | -0,18368 3,230011 | 5452,173 | 482,0188 | 11,31112
1380 23 0,19111 -0,000453 | 0,026597 | 3,081708 | -0,1841 3,507912 | 2052,977 | 460,0098 | 4,462898
1440 24 | 0,210145 | -0,000452 | 0,029225 | 3,332805 | -0,06725 | 3,535085 | 2045,343 | 535,5319 | 3,819274
1500 25 0,212431 | -0,000429 | 0,030968 | 3,278124 | -0,02197 3,485028 1838,94 | 589,6311 | 3,118797
1560 26 0,214854 | -0,000506 | 0,030932 | 3,785122 | -0,05338 3,557816 | 2558,703 | 577,8027 | 4,428333
1620 27 0,263381 | -0,000581 | 0,034852 | 3,840612 | -0,00164 3,640912 | 3379,216 | 704,293 | 4,798025
1680 28 0,280401 | -0,000524 0,04207 | 3,133561 | 0,204965 3,746952 2746,161 | 987,2474 | 2,781634
1740 29 0,268769 | -0,000623 | 0,037258 | 3,573581 | 0,237893 4,064713 | 3885,339 | 795,4331 | 4,884558
1800 30 0,245388 | -0,000426 | 0,038042 | 3,264307 | 0,153307 3,327976 | 1811,147 | 829,7793 | 2,182685
1860 31 0,244666 | -0,000551 | 0,037747 | 3,204139 | 0,121229 3,578486 | 3039,354 | 821,3385 | 3,700489
1920 32 0,226446 | -0,000745 | 0,036252 | 3,039657 | -0,10752 3,117138 | 5554,346 | 771,5094 | 7,199324
1980 33 0,218833 | -0,000556 | 0,035326 | 2,912621 | -0,20885 2,74461 3086,794 | 744,1189 | 4,148254
2040 34 0,225838 | -0,000525 | 0,035454 | 2,914394 | 0,016655 3,347183 | 2757,337 | 749,0188 | 3,681266
2100 35 0,262278 | -0,000665 | 0,038743 | 3,137744 | 0,109817 3,607592 | 4427,263 | 861,668 | 5,138015
2160 36 0,305419 | -0,000757 | 0,050979 | 2,713718 | 0,019061 3,169454 | 5733,026 | 1370,596 | 4,182871
2220 37 0,347619 | -0,000562 | 0,054193 | 2,947048 | 0,121309 3,261088 | 3158,619 | 1496,175 | 2,11113
2280 38 0,399032 | -0,000382 0,06346 | 2,837045 | 0,078718 2,931435 | 1458,583 | 1932,502 | 0,754764
2340 39 0,457685 | -0,000728 | 0,072985 | 2,714054 | -0,01189 3,014642 | 5305,474 | 2425,619 | 2,187266
2400 40 0,56376 -0,000694 | 0,092619 | 2,600805 | 0,077268 3,159299 | 4816,786 | 3522,263 | 1,367526
2460 41 0,605841 | -0,000719 | 0,107031 | 2,793614 | 0,270008 3,257952 5166,828 | 4316,854 | 1,196897
2520 42 0,797444 | -0,000709 | 0,120707 | 3,027249 | 0,38206 3,809479 5020,32 5086,45 | 0,986999
2580 43 0,815401 | -0,000539 | 0,130765 | 2,873556 | 0,289278 3,555913 | 1709,962 | 5725,623 | 0,298651
2640 44 0,833066 -0,00059 0,126828 | 2,835058 | 0,07388 3,418097 1608,555 | 5512,676 | 0,291792
2700 45 0,805706 | -0,000493 | 0,126846 | 2,773021 | 0,033412 3,327424 | 1608,996 | 5537,521 | 0,290562
2760 46 0,799241 | -0,000886 | 0,130312 | 2,678681 | -0,10423 3,107404 | 1698,189 | 5774,285 | 0,294095
2820 47 0,754221 -0,00046 0,140225 | 2,622329 | -0,10646 2,552839 1966,302 | 6418,031 | 0,306371
2880 48 0,802923 | -0,000299 | 0,145243 | 2,645185 | -0,10946 2,681502 2109,54 | 6717,008 | 0,314059




Appendix 3.: Details of the Labview VIs for the experiments
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Appendix 4.: Script for Neural Network fault classification and parameter
optimization

Solve a Pattern Recognition Problem with a Neural Network

Script generated by Neural Pattern Recognition app

Created 30-Jun-2019 20:33:50

This script assumes these variables are defined:

input - input data.

0 O o o° o° d° d° o

target - target data.

x = input;

target;

Choose a Training Function

For a list of all training functions type: help nntrain

'trainlm' is usually fastest.

'trainbr' takes longer but may be better for challenging problems.

o0 o oo o° oo

'trainscg' uses less memory. Suitable in low memory situations.

o)

trainFcn = 'trainlm'; % gradient descent

% Create a Pattern Recognition Network
hiddenLayerSize = 10;

net = patternnet (hiddenlayerSize, trainFcn );

% Choose Input and Output Pre/Post-Processing Functions
% For a list of all processing functions type: help nnprocess
net.input.processFcns = {'removeconstantrows', 'mapminmax'};

net.output.processFcns = {'removeconstantrows', 'mapminmax'};

% Setup Division of Data for Training, Validation, Testing

% For a list of all data division functions type: help nndivide
net.divideFcn = 'dividerand'; % Divide data randomly
net.divideMode = 'sample'; % Divide up every sample
net.divideParam.trainRatio = 70/100;

net.divideParam.valRatio = 15/100;

net.divideParam.testRatio = 15/100;

% Choose a Performance Function
%

For a list of all performance functions type: help nnperformance

)

net.performFcn = 'crossentropy'; % Cross-Entropy

% Choose Plot Functions
% For a list of all plot functions type: help nnplot
net.plotFcns = {'plotperform', 'plottrainstate', 'ploterrhist’,

'plotconfusion', 'plotroc'};

% Train the Network



[net,tr] = train(net,x,t);

% Test the Network

y = net(x);

e = gsubtract(t,y);

performance = perform(net,t,y)

tind = vec2ind(t):;

yind = vec2ind(y);

percentErrors = sum(tind ~= yind) /numel (tind) ;
% Recalculate Training, Validation and Test Performance
trainTargets = t .* tr.trainMask{l};
valTargets = t .* tr.valMask{l};

testTargets = t .* tr.testMask{l};
trainPerformance = perform(net,trainTargets,y)
valPerformance = perform(net,valTargets,y)
testPerformance = perform(net, testTargets,y)

% View the Network
view (net)

Plots

Uncomment these lines to enable various plots.
figure, plotperform(tr)

figure, plottrainstate(tr)

figure, ploterrhist (e)

figure, plotconfusion(t,y)

figure, plotroc(t,y)

o0 o0 o d° o0 o° o°

% Deployment

% Change the (false) values to (true) to enable the following code
blocks.

% See the help for each generation function for more information.

if (false)

Generate MATLAB function for neural network for application
deployment in MATLAB scripts or with MATLAB Compiler and Builder

tools, or simply to examine the calculations your trained neural

o d° o o°

network performs.
genFunction (net, 'myNeuralNetworkFunction') ;
y = myNeuralNetworkFunction (x) ;
end
if (false)
Generate a matrix-only MATLAB function for neural network code
generation with MATLAB Coder tools.
genFunction (net, 'myNeuralNetworkFunction', '"MatrixOnly', 'yes');
y = myNeuralNetworkFunction (x) ;
end
if (false)
Generate a Simulink diagram for simulation or deployment with.
Simulink Coder tools.

o
o
o
o

o
°
o
©



gensim(net) ;

end

[m,n] = size(bearingdata) ;

% Split into train and test

P=20.7;

Training = bearingdata (l:round(P*m),:) ;
Testing = bearingdata (round(P*m)+l:end,:);
XTrain = Training(:,1l:n-1);

YTrain = Training(:,n);

XTest = Testing(:,1l:n-1);

YTest = Testing(:,n);

% Define a train/validation split to use inside the objective

function

cv = cvpartition (numel (YTrain), 'Holdout', 1/3);

% Define hyperparameters to optimize

vars = [optimizableVariable ('hiddenLayerSize', [1,20], 'Type',

'integer') ;optimizableVariable('lr', [le-3 1], 'Transform', 'log')]l;

% Optimize

minfn = @(T)kfoldLoss (XTrain', YTrain', cv, T.hiddenlayerSize, T.lr);

results = bayesopt (minfn, vars, 'IsObjectiveDeterministic', false,...
'AcquisitionFunctionName', 'expected-improvement-plus');

T = bestPoint (results)

% Train final model on full training set using the best

hyperparameters

net = feedforwardnet (T.hiddenlayerSize, 'traingd');
net.trainParam.lr = T.lr;

net = train(net, XTrain', YTrain');

o)

% Evaluate on test set and compute final rmse
ypred = net (XTest');

finalrmse = sqgrt(mean((ypred - YTest')."2))

function rmse = kfoldLoss(x, y, cv, numHid, 1r)

% Train net.

net = feedforwardnet (numHid, 'traingd'):;
net.trainParam.lr = 1lr;

net = train(net, x(:,cv.training), y(:,cv.training));

o)

% Evaluate on validation set and compute rmse
ypred = net(x(:, cv.test));

rmse = sqrt (mean ((ypred - y(cv.test)).”2));
end



