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Executive Summary

Monitoring rotating machinery is often accomplisheh the aid of vibration sensors.
The vibration sensor signals contain a wealth ohglex information that characterizes
the dynamic behavior of the machinery. Transformthg information into useful
knowledge about the health of the machine can ladlertging due to the presence of
extraneous noise sources and variations in theatir signal itself. An approach for
bearing fault diagnosis using neural networks, geragorithm, higher order statistics
and frequency-domain bearing vibration analysidaseloped to address this problem.
Identification of the most useful features is darsng genetic algorithm. This step is
very important for an efficient classification ggpomsed to using all features which leads
to very high computational cost and is consequendy desirable. The project also
benchmarks these abilities against the best esioliconventional methods for motor
condition monitoring. A case study is performedeonumber of healthy and faulty roller

bearing to illustrate the effectiveness of the ps@al techniques.
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Chapter 1: Introduction and Literature Review

Condition monitoring of machinery has increasedmportance as more engineering processes
are automated and the manpower required to oparadesupervise plants is reduced. The

monitoring of the condition of machinery can sigrahtly reduce the cost of maintenance.

Firstly, it can allow an early detection of potahttatastrophic fault, which could be extremely

expensive to repair. Secondly, it allows the impdamation of conditions based maintenance
rather than periodic or failure based maintenadgelh these cases, significant savings can be
made by delaying schedule maintenance until coewemir necessary.

Although there are numerous efficient methods fadeting of mechanical systems, they all
suffer the disadvantage that they are only valid&garticular machine. Changes within the
design or the operational mode of the machine nilymequire a manual adaptation. Using
Neural Networks to model technical systems elin@aahis major disadvantage. The basis for a
successful model is an adequate knowledge basehdarh ihe network is "trained". Without
prior knowledge of the machines systematic behawiats history, training of a neural Network
is not possible. Therefore, it is a pre-requishattthe knowledge base contains a complete
behavior of the machine covering the respectiveraimmal modes whereby, not all rather the
most important modes are required. Neural netwdrikge a proven ability in the area of
nonlinear pattern classification. After being tedn they contain expert knowledge and can
correctly identify the different causes of bearwgration. The capacity of artificial neural
networks to mimic and automate human expertisehastwnakes them ideally suited for handling
nonlinear systems. Neural networks are able taleapert knowledge by being trained using a
representative set of data [2]-[6]. At the begignof a neural network’s training session, the
neural network fault detector’s diagnosis of thetan's condition will not be accurate. An error
guantity is measured and used to adjust the newtaork’s internal parameters in order to
produce a more accurate output. This process eateg until a suitable error is achieved. Once
the network is sufficiently trained and the parasngthave been saved, the neural network
contains all the necessary knowledge to perfornfahk detection.



One of the most important aspects of achieving geadal network performance has proven to
be the proper selection of training features. Tinse of dimensionality states that, as a rule of
thumb, the required cardinality of the training fmt accurate training increases exponentially
with the input dimension [7]. Thus feature selectiwhich is a process of identifying those
features that contribute most to the discriminatadmlity of the neural network is required.
Proposed methods for selecting an appropriate sobgsatures are numerous [8]-[11]. Methods
based on generating a single solution, such agdpalar forward step wise approach, can fail to
select features which do poorly alone but offeugshle information together. Approaches that
maintain a population of solutions, such as geragorithms (GA) are more likely to speedily
perform efficient searches in high dimensional sgaavith strong interdependencies among the
features. The emphasis in using the genetic alguorifor feature selection is to reduce the
computational load on the training system whil# atiowing near optimal results to be found

relatively quickly.

To obtain accurate measure of the condition of nm&ci, a wide range of approaches can be
employed to select features indicative of conditiBy comparing these features with features for
known normal and probable fault conditions, the Ima@&'s condition can be estimated. The
most common approach is that of analysis in theueecy domain by applying a Fast Fourier
Transform (FFT) to the time domain history dataeTitlea is simply to measure the energy
(mean square value) of the vibrations. As the nmeclwondition deteriorates, this measure is
expected to increase. The method is able to retlealharmonics around the fundamental
frequency of the machine and other predominantuiaqy component (such as the cage
frequency) [12]. Frequency analysis is well essdtdd and may be used to detect, diagnose and
discriminate a variety of induction motor faultsceuas broken rotor bars, cage faults, phase
imbalance, inner and outer race faults. Howevecoasmon in the monitoring of any industrial
machine, background noise in recorded data can pdetra difficult to interpret. In addition,

the accuracy of a spectrum is limited due to enérglkage [12- 14].

Like many of the new techniques now finding apglaxa in machinery condition monitoring,
Higher Order Statistics was originally confinedte realms of non-linear structural dynamics. It
has of recent however found successful applicatdhe identification of abnormal operation of



diesel engines and helicopter gearboxes [5, 7]héti@drder Statistics provide convenient basis
for comparison of data between different measurénmstances and are sufficiently robust for
on-line use. They are fast in computation compavéd frequency or time-domain analysis.
Furthermore, they give a more robust assessmemtldlager orders and can be used to calculate
higher order spectra. This dissertation reportskwehich attempts to extend this capability to

induction motors.

The aim of this project is therefore to examine uke of Genetic Algorithms to select the most
significant input features from a large set of flossfeatures in machine condition monitoring
contexts. The results show the effectiveness oftiected features from the acquired raw and
preprocessed signals in diagnosis of machine dondifhis project consists of the following
tasks:

» Using Fast Fourier transform and higher order dgytechniques to preprocess data
samples.

» Create an intelligent engine using computationgligence methods. The aim of
this engine will be to recognize faulty bearingsl aassess the fault severity from
sensor data.

» Train the neural network using a back propagatlgarahm.

» Implement a feature selection algorithm using genelgorithms to minimize the
number of selected features and to maximize thepeance of the neural network.

» Retrain the neural network with the reduced seteafures from genetic algorithm
and compare the two approaches.

» Investigate the effect of increasing the numbenidflen nodes in the performance of
the computational intelligence engine.

» Evaluate the performance of the system using canfusatrices.

The output of the design is the estimate of fayhetand its severity, quantified on a scale
between 0-3. Where, 0 corresponds to the absentie adpecific fault and 3 the presence of a
severe machine bearing fault. This research shoake contribution to many sectors of industry
such as electricity supply companies, and theaadrindustry due to their need of techniques
that are capable of accurately recognizing the ldgweent of a fault condition within a machine



system component. Quality control of electric met@ an essential part of the manufacturing
process as competition increases, the need fabteland economical quality control becomes
even more pressing. To this effect, this researchegt will contribute in the area of faults

detection in the production line of electric motor.



Chapter 2: MACHINE CONDITION MONITORING USING
NEURAL NETWORKS: FEATURE SELECTION USING
GENETIC ALGORITHM

Abstract: Artificial neural network have been widely used for health diagnosis of rotating
machinery using features extracted from vibration enission signals. One of the most important
considerations in applying neural networks to condion monitoring of electrical machine is the
proper selection of training features. Irrelevant @ noisy features unnecessarily increase the
complexity of the problem and can degrade modelingerformance. A Genetic algorithm for feature
selection is developed, based on the concept of daence. The algorithm is used to effectively select
a smaller subset of features that together form aametically fit family for fault identification and
classification tasks. The effectiveness of the meith is demonstrated on recorded ball bearing test

data.

2.1 Introduction

With the increase in production capabilities of mod manufacturing systems, plants are
expected to run continuously for extended hourss Tias fueled the need for faster and more
accurate methods of machine condition monitoringacMne condition monitoring can
significantly reduce the cost of maintenance. Kirst can allow early detection of potential
catastrophic faults which could be very expensiee repair. Secondly, it allows the
implementation of condition based maintenance rattiean periodic or failure based
maintenance. Thirdly, it is required to detectnisly and then classify different kind of faults
that can occur within a machine system. Often,atibn data are collected using accelerometers
placed at both the drive and fan end of the motasing. Vibration data are then preprocessed
to extract time invariant features. In many ca#ies power spectrum changes when faults occur.
This is especially likely in rotating machinery whehe vibrations are dominated by harmonics
of the rotating frequency [13]. Using the Fast kaufransform can provide a fast estimate of

the power spectrum. This, however, produces a laogeber of features and in general, only a



subset of the frequency components generated dsfaselassification. By treating the vibration
as a random variable, other Higher Order Statishwaments, cumulants and measures such as
the crest factor can also be used as featuresraN®atworks have shown great promise as a
means to detect faults in rotating machinery. Ohéhe most important aspects of achieving
good neural network performance has proven to beptioper selection of training features.
Feature selection is a challenging and crucial estafymany empirical modeling where the
solution to the problem is neither trivial, nor que. It is often noticed that relevant features are
excluded from the subset of optimal features, asrofeatures encode the same information. In
addition, a feature that carries no independerrmétion can become of critical importance
when combined with other features. This fact isrtmaked when feature selection is based on
correlation tests or on information measures siucmatual information between the potential
predictors and the output variable. Such interddpeaies can become confounding factors for
many feature selection techniques. Extraction tegl@s such as the Principle Component
Algorithm (PCA) are based on the assumption that dreater the spread of the data on a
particular axis, the greater their effect on thecdmination ability of the neural network [14].
This need not be true. Furthermore, methods basegkperating a single solution such as the
stepwise approach can fail to select features, lwhdo poorly alone but offer valuable
information together [14]. Approaches, that mamtpopulations of solutions, such as Genetic
Algorithms (GA), are likely to speedily perform efent searches in high dimensional spaces,
with strong interdependencies among the featurBf [&kA-based techniques have also been
shown to be extremely successful in evolutionargigte of various classifiers, such as those
based on artificial neural network [16], partiabde square [17] and principal components
regression [18]. The work presented herein proptisesise of multi objective genetic algorithm
for feature selection. In addition, applicabilitysuch an approach in neural network modeling is
shown. The key features of the developed methogadog its computational simplicity and its
effectiveness on real world problems of consideraiensionality. A confusion matrix is used
to evaluate the performance of the classifier emgline structure of the report is as follows. The
next section introduces the rolling element beaand its structure. Sections 2.3 and 2.4 discuss
the use of Fast Fourier Transform and Higher ORtatistics as preprocessing tools. In section
2.5, a description of neural network model usediven. Section 2.6 introduces multi objective
algorithm approach to feature selection. In sec?idh a classifier evaluation technique known as



confusion matrix is presented. Sections 2.8 angp28ent the problem description, training and
simulation respectively. Results without GA optiatibn are presented in section 2.10. In
section 2.11 ANN coupled with GA optimization rasudre presented, followed by the overall

analysis of the results in section 2.12 and a cmiwh in 2.13.

2.2 Rolling Element Bearing

The basic purpose of a machine bearing is to peoaichear frictionless environment and to
support and guide a rotating shaft. Rolling elenie#rings, regardless of type (ball, cylindrical,
spherical, tapered, or needle) consist of an irar& an outer race separated by the rolling
elements, which are usually held in a cage as showigure 1. Mechanical flaws may develop
on any of these components. Using the basic gegragta bearing, the fundamental frequencies

generated by these flaws can be determined [19].

Vo = Outer Race Velocity
Vi=Inner Race Velocity
Ve =Cage Velocity

D =EBearing Peach Diameter

d =Folling Element Diameter

a=Contact Angle {Inner
Eing and the ball)

Outer Raceway

Figure 1: Basic rolling element bearing geometry [@]

All rolling element bearings have one thing in coommall parts must be in physical metal to
metal contact at all times. Installation instruogospecify the amount of bearing pre-load to
maintain the component contact [19]. Two generalripg styles are utilized at this time: the
journal bearing and the rolling element bearingr Faver horsepower and lighter loaded
machines, the rolling element bearing is a popciarice [11, 12]. Some of the reasons why the

rolling element bearings are used are: low starfri@ion, low operating friction, ability to



support loads at low (even zero) speed, lower geigito lubrication and the ability to support
both radial and axial loads in the same bearing. [B2 themselves, rolling element bearings
have very little damping, so whenever a machinéh wdlling element bearings traverses a
balance resonance, large vibration can result [Alp, compared to fluid film bearings which
generally have a long life, rolling element beasifzve a limited fatigue life due to the repeated
stresses involved in their normal use. Rolling elatrbearings have some unique concerns not
found in journal bearings. A rolling element begriwvill always force a vibration node at its
location. Because of the metal to metal contags, bearing will provide very little vibration
damping [19]. Although these bearings are a veecigely machined part they have a limited
lifetime. Each component of the bearing will generspecific frequencies as defects initiate and
become more prevalent [19].

2.3 Fast Fourier Transform

Since most bearing vibrations are periodical mov@sjeit is easy to select vibration features
from the frequency domain using the powerful anghydar Fast Fourier Transform (FFT)
technique. In many cases, the power spectrum esandpen faults occur. This is especially
likely in rotating machinery where the vibrationse alominated by harmonics of the rotating
frequency [11].The fast Fourier transform (FFT) is an efficiengalithm for computing the
Discrete Fourier Transform (DFT) of a sequencés ot a separate transform. It is particularly
useful in areas such as signal and image processihgre its uses range from filtering,
convolution, and frequency analysis to power sp@etestimation. Fourier analysis is extremely
useful for data analysis, as it breaks down a sigma constituent sinusoids of different
frequencies [11].

Matlab's FFT function is an effective tool for caming the discrete Fourier transform of a
signal. The typical syntax for computing the FFTadfignal is FFTY, N) wherex is the signal to
transform, and N is the number of points in the ARTmust be at least as large as the number of
samples in the signal [13]. For this research ptpjd was set to 64 i.e. a 64 point FFT of the
raw data was carried and those values were usegwasdata for the given data sample.



2.4 Higher Order Statistics

Higher Order Statistics or Higher Order Spectra field of statistical signal processing
which has become very popular in the last 15 ydansakes use of information extra to
that usually used in traditional signal processmgasures such as the power spectrum
and autocorrelation function. This extra informat@an be used to get better estimates of
parameters in noisy situations, or to shed lighhonlinearities in the signal's production

mechanism.

2.4.1 Moments and Cumulants

Moments are defined as the expectations of theespondingly powered signal values.
Cumulants are the Taylor expansion coefficientauadozero of a function called the second
characteristic function. Both moments and cumulaares single valued. A summary of the

mathematical relationship between moments )( cumulants ¢ ) and the commonly used
parameters of mean, variance, skewness, and lairsgsiovided below in Equations 1-5. Where

the k™ moment (n, ) of a random variable is calculated as follow:
k™ Order Moment,m, :EZ(X— x)* (1)
n

Where k=1 ... 4.

Cumulants are calculated using Equations 2 — 5abelo

1% Order Cumulantg, = m, (2)
2" Order Cumulantg, = m, —m,? (3)
3 Order Cumulantg, = m, —3m,m, +2m° (4)
4" Order Cumulantg, = m, + 4mm, — 3m? +12m,m? — 6m? (5)

2.4.2 Gaussian Noise Elimination

One of the benefits in the use of Higher Orderi§tes (HOS) to maintenance engineers is

based on the properties of a Gaussian signal oefaem. A Gaussian signal is completely



characterized by its mean and variance. It carhbess that all higher order cumulants of a zero-
center Gaussian are identically zero. This propsugygests that, measurement noise, which is
often assumed to be Gaussian, disappears at tidrtligher cumulants order (as shown in Table
1) [5]. This is one of the key motivations behirtk tinvestigation into HOS for condition
monitoring of electrical machines. It is worth mening at this stage that, higher-order
cumulants are invariant to a shift of mean; henicés convenient to define them under the

assumption of zero mean.

Table 1: Moments and cumulants properties for a

Gaussian noise [5]

Order Moment Value Cumulant Value

1% 0 0
2" o? o?
3¢ 0 0
4" 3c°? 0

2.5 Neural Networks

An Artificial Neural Network (ANN) is an informatio processing paradigm that is inspired by
the way biological nervous systems, such as the,lgpeocess information. It is a machine that is
designed to model the way in which the brain penfora particular task. The network
architecture or topology (including: number of neda hidden layers, network connections,
initial weight assignments, activation functionfys a very important role in the performance
of the ANN, and usually depends on the problemaaidh Figure 2 shows a simple ANN and its
constituents. In most cases, setting the corrguilogy is a heuristic model selection. Whereas
the number of input and output layer nodes is galyesuggested by the dimensions of the input
and the output spaces, selecting the network coatpler regularization is yet again very
important. Every ANN consists of at least one hidtigerin addition to the input and the output
layers. The number of hidden units governs theesgiwve power of the Neural Network and thus
the complexity of the decision boundary. For welbarated classes fewer units are required and

10



for highly interspersed data more units are reguiféne number of synaptic weights is based on
the number of hidden units. This number represémsdegrees of freedom of the network.
Hence, we should have fewer weights than the nuroberaining points.Network Learning
pertains to training an untrained network. Inputtgraas are exposed to the network and the
network output is compared to the target valuesaloulate the error, which is corrected in the
next pass by adjusting the synaptic weights. Séweriaing algorithms have been designed; the
most commonly used being the Levenberg-Marquarhit) (back-propagation algorithm [9]. In
back-propagation, the output values are comparéd tivé correct answer to compute the value
of some predefined error function. The error isntfied back to the network. This process is
repeated until the network converges to some sidiere the error of the calculation is
reasonably small. This algorithm is used throughbist study. The stopping Criteriondicates
when to stop the training process. It can be agiszthined limit of absolute error, Minimum
Square Error (MSE) or just the maximum number ahing epochs.

Input Hidden Layer Dutput
Layer Layer

Input #1 —=

Figure 2: A simple ANN [9]

11



2.6 Genetic Algorithms

The GA is a stochastic global search method thamicsi the metaphor of natural biological
evolution [16]. GAs operate on a population of poid solutions applying the principle of
survival of the fittest to produce (hopefully) lesttapproximations to a solution. At each
generation, a new set of approximations is credtgdhe process of selecting individuals
according to their level of fitness in the problelamain and breeding them together using
operators borrowed from natural genetics. A Typ@al cycle and its high level description are
shown in Figure 3. This process leads to the ewwlubf populations of individuals that are
better suited to their environment than the indrald that they were created from, just as in
natural adaptation [16].

One may think that generating populations from dwlg parents may result in loosing the best
chromosome from the last population. This is targ] so elitism is often used. This means, that
at least one of a generation's best solution isedowithout changes to a new population, so the
best solution can survive to the succeeding generft7].

12



1. [Start] Generate a random populationnroéhromosomes (suitable solutions for the

problem)
2. [Fitness] Evaluate the fitned$x) of each chromosomein the population

3. [New population] Create a new population by repeating the follovateps until the

new population is complete

1. [Selection]Select two parent chromosomes from a populatiooraatg to
their fitness (the better their fitness, the bigtir chance to be selected)

2. [Crossover] With a crossover probability cross over the paéatform new
offspring (children). If no crossover was performetispring is the exact

copy of parents.

3. [Mutation] With a mutation probability mutate new offspringeach locus

(position in chromosome).
4. [Accepting] Place new offspring in the new population
4. [Replace]Use new generated population for a further ruthefalgorithm

5. [Test] If the end condition is satisfied{op, and return the best solution in the current

population

6. [Loop] Go to ste®

Figure 3: High level description of a GA algorithm[15]

2.6.1 Genetic Algorithms for Feature Selection

There has been widespread interest from the cootrmimunity in applying Genetic Algorithm
(GA) for feature selection in engineering. Featsgkection is similar to an optimization problem
of choosing an optimal combination of features franfarge and possibly multimodal search

space. Two major classes of optimization technigouage traditionally been used, namely:
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calculus-based techniques, that use gradient-basench mechanisms, and enumerative
techniques, such as Dynamic Programming (DP) [D&)s are useful when a global minimum
may not be possible or very difficult to achieveovrever, their computational complexities
make them unsuitable for effective use in most fimakccases as well as in problems where the
dimension is too high for an exhaustive searcheéhnique called the backtrack search [17],
also known as the branch-and-bound algorithm carerbployed to ease the computational
burden. The backtrack search guarantees the opsiotation if the criterion function satisfies
the monocity condition. The monocity condition regs that the value of the criterion function
be nondecreasing when additional features are adélédleveloped in this project meets these
requirements. The key concept here is dominanclétion is dominant over another only if it
has superior performance in all criteria. The cphogf dominance can maintain population
diversity to allow the algorithm to discover a rargf features with different performance versus
dimensionality trade-offs. In some situations, tli@ension of the input vector is large, but the
components of the vectors are highly correlatediundant). It is useful in this situation to
reduce the dimension of the input vectors. An eéffecprocedure for performing this operation
is Principal Component Analysis (PCA) [17]. Thighaique has three effects: it orthogonalizes
the components of the input vectors (so that teyuacorrelated with each other); it orders the
resulting orthogonal components (principal compdsleso that those with the largest variation
come first; and it eliminates those components ¢batribute the least to the variation in the data
set. It is the most widely used technique amonglaintechniques such as Multi Dimensional
Scaling (MDS) and Singular Value Decomposition (§V[A7]. PCA can be much less
computationally expensive than a GA-based appro&ttwever, all features need to be
computed for PCA before a rotated feature spaceébeatreated for easier use. Therefore, using
PCA still requires computation of all features dediag a large amount of data processing. GA
facilitates a better scenario, in which althougé domputational cost will be very high during
the offline training and feature selection phasecimless computing is required for online
classification. Other methods for feature selectmmtude Forward Sequential selection method.
The forward sequential method starts by choosiegbst individual features. Then the feature
set is built from the ground up, by repeatedly agdihe next feature that works best with the
previously chosen features [21]. This algorithmuiegs a large number of evaluations and it
chooses the candidates based on their respectiradmal performances. The major drawback

14



of this technique is that, in some cases, a fedhatecarries no independent information may be
excluded from the subset of optimal features, an become of critical importance when
combined together with other features. Comparedtréalitional search and optimization
procedures, mentioned earlier, the GA is robustb@l and generally more straightforward to
apply in situations where there is little or no aop knowledge about the process to be
controlled. As the GA does not require derivatiw®imation or a formal initial estimate of the
solution region and because of the stochastic eaifithe search mechanism, the GA is capable
of searching the entire solution space with mdtelihood of finding the global optimum. The
GA approach for feature selection proposed in Wik addresses simultaneously but also
independently, two optimization issues i.e. miniaizn of the number of selected features and

maximization of the achieved performance.

2.7 Confusion Matrix

Confusion matrixes have long been used to evalclassifier performance in many fields. A
confusion matrix contains information about theuattand predicted classifications done by a
classification system. It provides information dwe tradeoff between the hit rate (true positives)
and the false alarms (false positive) [31]. Tableebw shows the confusion matrix for a two

class classifier.

Table 2: Confusion matrix for a two class classifie

Predicted
Negative Positive
Actual Negative a b
Positive c d

In this project, the entries in the confusion malrave the following meaning:

a is the number of correct predictions that the ingais healthy.
b is the number of incorrect predictions that tharbg is faulty.
c is the number of incorrect predictions that tharlre is healthy.

Y V VYV V

d is the number of correct predictions that the inggis faulty.
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Several terms and abbreviations have been usedaligtisians for a two class

matrix:

» The accuracy (AC) is the proportion of the totaimner of predictions that were
correct [31]. It is determined using Equation 6.

a+d

AC=———
a+b+c+d

(6)

» The sensitivity or True Positive (TP) fraction eetproportion of cases picked out
by the classifier i.e. the proportion of positiveses that were correctly identified
[31]. It is given by Equation 7.

TP=—— @)

» The False Positive (FP) rate is the proportion efjative cases that were
incorrectly classified, as calculated using Equagd31].

b
FP=—— 8
a+b ®

» The True Negative (TN) rate is defined as the progo of negative cases that
were classified correctly as given by Equation 8 [3

a
TN=—"- 9
a+b ®)

» The False Negative (FN) rate is the proportion ofijive cases that were
incorrectly classified as negative [31]. It is gmMey Equation 10.

FN=—" (10)
c+d

Provost et.al[30] showed that for evaluation and comparisonddferent classifier,
confusion matrix is better than classification aecy. Confusion matrix was extensively

used in this project to evaluate the performancdassifiers.
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2.8 Problem Description and Method

A simpler problem of a roller bearing health monig has been used to illustrate the
effectiveness of Genetic Algorithms in feature skt for fault classification using ANNSs.
Several bearings with different outer race, in@erand ball defects were used in the test setup.
The experiment described below was conducted atCée Western Reserve University
Bearing Data Center [26]. Motor bearings were seeded with faults us@lgctro-discharge
machining (EDM).EDM is a process that uses a fine, accurately obletr electrical spark to
erode metal. The cutting electrode is made of cadroa wire feed system [32]. Faults ranging
from 0.007 inches in diameter to 0.021 inches antdditer (on increment of 0.007 inches) were
introduced separately at the inner raceway, roliehgment (i.e. the ball) and outer raceway.
Faulty bearings were reinstalled into the test matad vibration data was recorded for motor
load of 2 horsepower. Two sensors (acceleromedtiaihed to the housing with magnetic bases
were employed to get the signal from all faulty foegs plus one bearing without any defect.
Accelerometers were placed at the 12 o’clock parsitit both the fan and the drive end of the
motor housing. A total of 10 samples (9 faults wilirying groove size to simulate growing
crack and 1 without any defect) of ball bearingieinrace and outer race vibration data at
different severity levels were collected using a cttannel DAT recorder. Digital data was
collected at 48000 samples per second at 50 kHzetd 2'®samples points per experiments

depending on how long the experiment was [22].

2.8.1 Feature Extraction

Of the 10 type of faults obtained earlier, 9 fawdte categorized into three risks categories low
(1), medium (2), high (3) and the healthy beariognfed category 4. Data per experiment
(2**samples points) was divided into 128 segments dB2gamples each. The 128 segments
were then divided into three independent subsetgdoing, validation and testing respectively
(as described in section 2.9.1). Up to 124 feat@assdescribed in the next sections) were
calculated for each segment from all experimemscdnstructing the neural network model, a
binary representation was used to code faults &ypkseverity levels in a 5 word binary format
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as shown in Table 3. This binary encoding schenewsad because it allows for faster training
[22].

Table 3: Binary input encoding of the 10 type of falts

Fault Description Binary Code
Normal bearing (No defect) 00000
Inner Race Fault (low) 10001
Inner Race Fault(medium) 10010
Inner Race Fault (high) 10011
Outer Race Fault(low) 11001
Outer Race Fault (medium) 11010
Outer Race Fault (High) 11011
Rolling Element (low) 11101
Rolling Element (medium) 11110
Rolling Element (high) 11111

Because the output of the neural network had toneeof the values shown in Table 3 depending
on the type of fault and severity level under cdasation, any other outcome not shown in the
table was taken as an incorrect classificationntyshe measured signal, three dataset were
prepared: the spectral feature set, the statisteature set and the combination of both the

spectral and the statistical feature sets.

2.8.2 Spectral Features

A spectrally based feature set was created. Fdr @&ithe two channels sampled, a 64 point FFT
was carried out. Based on visual inspection, it alaserved that the frequency component were
very small in magnitude (very close to 0) beyond finst 32 values. Consequently, only 32

values per channel were retained, i.e. a totalofd@ues from the combined two channels. These

were then stored as a column vector of 64 valued as input features for the given sample.
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2.8.3 Statistical Features

The statistical features dataset contained cumsilahtip to order 4. An approach suggested in
[27] was adapted to create a variety of features systematic manner. As stated in section 2.7
above, two accelerometers were used to measurendhedual vibration components in two
directionsx andy. In order to compute the combined effect, anosiigmalz was generated using
values from the two accelerometers as shown in tioqual.

z=4+/(X* +Yy?) (11)

Cumulants, as described in Equations 1-5 were ctedpior allx, y andz and a 60 element
matrix feature vector was formed for each data $arap described by Equation 12. The 60

elements contained in Equation 12 were used ast&tat input feature to the neural network.

k=[c,c,C,C,C,C,C,C,C,C,C,C,
c,*C,C,*C,C, *C, C,*C,
c,*C,C,*C,C, *C,C,*C,
c,*c,C,*C,C,*C,C,*C,
c,*C,C,*C,C,*C,C, *C,
c,*C,C,*C,C,*C,C, *C, (12)
c,*C,C, *C,C, *C,C, *C,

c, *C,C, *C,C, *C,C, *C,
c,*c,C, *C,C, *C,C, *C,

c, *C,C, *C,C,*C,C, *C,
c,*C,C, *C,C, *C,C, *C,

c, *Cc,C,*C,C, *C,C, *C,

c, *C,C, *C,C, *C,C, *C, ]
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2.8.4 Combination of Statistical and Spectral Feates

As a further preprocessing on raw data, combintagissical and spectral dataset produced a
larger test set of 124 features (64 spectral featand 60 statistical features). The raw data was
normalized using Equation 13 prior to the featuedculation. It has been shown that the
normalized data performs much better in terms ahing time and training success .[9his

helps in fast and uniform learning of all catege@ad results in small training errors [25].

Xi — (Xi _/ux) (13)
Oy

Where, o, is the variance andy, is the mean of the sequence

Of course, Equation 13 is applicable under therapsion that, the vibration data has a Gaussian
distribution. A Gaussian signal is completely cloteazed by its mean and standard deviation.
The mean of a distribution is, in common parlarfeedverage value. The standard deviation is a
measure of the spread of the probability distrinuaround the mean. A small standard deviation
means the distribution are close to the mean. gelaalue indicates a wide range of possible
outcomes [23]. An estimate of the PDF (Probabilignsity Function) was carried out and the

results are shown in Table 4.
Table 4: PDF of the vibration data

Signal Mean Std Deviation RMS difference

Probability Density 0.23600 0.32130 0.00375

In order to compare the measured vibration signdi whe theoretical Gaussian curve (in this
case a zero mean and unity standard deviation ;uheRMS (Root Mean Square) value of the
difference curve was calculated using the PROB rnaoluDATS for Windows [24]. This is a
single value which quantifies the difference. Insthase, the difference is very small which
suggests that the vibration data had a Gaussisibdison.
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2.9 Training and Simulation

2.9.1 ANN without GA

For the training of this neural network, the Bafitaining Algorithm was used. To start the

primary training, the first set of input and targeictors are presented to the network [29].
During the training process the weightings withie hetwork are arranged to minimize the error
between the real output and the calculated vahereby obtaining a better simulated output.
After a training period that provides satisfyingsuts with regard to a specified number of
training epochs, the training is stopped. Throtigh procedure, trained Neural Network is

therefore able to simulate (predict) the vibratioverall level of the bearing of interest by

providing various process parameters as input vecto

Training was carried out using three data sets. feature set comprised all the statistically
based features (60 features). The second feattreosaprised all the spectral features (64
features). These two dataset were combined to dolanger input feature set of 124 inputs.

To cater for “catastrophic forgetting” for which td@al Networks are prone (i.e. training the

network to do one task, then train it to do theoselcand then find out it has forgotten how to do
the first task), all the 10 type of input (as sihaw Table 3) were used to train the network at the

same time.

The neural network was trained using each featetreseparately. A fully connected two layered
MLP architecture was used in the experiment. Eaglran in one layer is directly connected to
the neurons of the subsequent layer. A NETLAB [@@]box that runs in MATLAB was used to
implement the MLP neural network. A two-layered MlaPchitecture was used because it
resulted in better results and due to the univexgptoximation theorem, which states that a two
layered architecture is adequate for MLP [29]. Bedr activation function was selected. The
optimization technique used for training this aretiure was the Scaled Conjugate Gradient
(SCG) method. The method is a batch-mode optineratbutine with the advantage that, there
is no need to specify the learning rate; the alboriuses line searches instead [30]. Furthermore,
SCG method was found to solve optimization problemsountered when training an MLP
network more efficiently than the gradient des@am conjugate gradient methods [30]. In order
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to describe the accuracy of the model and to testability of the network to generalize with
unknown data, the network is forced to simulatewiieation by presenting process values that

have not been used before during the training.

2.9.2 ANN with GA

For this problem, a binary chromosomal represenmtatvas used. The design problem is to
search for optimal subset of inputs. Among the midépredictor variables, there is considerable
information redundancy and strong interdependendi8s The genetic operators used should
guarantee that only valid models are producedepmbfy without redundancy. Redundancy will
exist when there are several differegpresentations of the same model structure. Aatran on
the recombination operator proposed by Lucasius kaidman [18] is used here. Offspring
subsets are first produced from parents, presethigig intersection. The remaining elements are
then shuffled and exchanged to produce two offgprin this way, the order in which terms

appear in parents is ignored and redundancy idredbed as shown in Figure 4.

64| 7 3] 1 41 17 3| 6 41 1| 7 59
N N ><

9511 2] 4 114121519 1( 4] 2 3| 6

(a) (b) ©

Figure 4: Crossover: (a) parents. (b) Retain commoparts. (c) Cross

The mutation operator simply replaces terms inwiddials with another term from the

complimentary subset as shown in Figure 5. Thug,namated individual can be guaranteed to

be valid.
6 8 13
3 12 15 10 11
/ 14
4l 1| 7|59 12 2 16

Figure 5: Subset mutation
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The following GA settings were applied:

Population sizeSeveral experiments were carried out in ordeimit &n appropriate population
size using trial and error. It was found that, gudation of size 20 was appropriate for
convergence in reasonable time and was kept fixedighout the experiments.

Mutation rate As with all current machine learning problemssitworth tuning the parameters
such as mutation probability to find reasonabléirggs for the problem class you are working
on. A very small mutation rate may lead to premaonvergence of the genetic algorithm in a
local optimum. A mutation rate that is too high magd to loss of good solutions. There are
theoretical but not yet practical upper and loweurds for these parameters that can help guide
selection. To this effect, a multi point mutatiosskd on a specific probability was implemented
and a mutation rate of 0.03 was used in all expamts

Crossover:A two-point crossover was implemented and the soesr rate was set to 0.5. All
members of a population were made to crossover ity were paired based on their fitness.
The chromosomes were then sorted in order of dsioigditness and pairs were formed with
immediate neighbors; i.e. the best chromosomes pedred with the next best and the third best
with the next one on the list and so on.

Elitism was implemented to retain the best chromosomes. mbans, that the generation's best
solution was copied without changes to a new pdjounaso the best solution can survive to the
succeeding generation.

Fitness function'The number of correct classification by the ANMiIf(lg the combination of
statistical and spectral dataset) was used as ithes$ function to capture the system’s
performance.

Number of generationTo limit the computation time to reasonable etderthe number of
generation was set to 220. Figure 6 shows the dimgram and a summary of the steps followed
during the implementation of this stage. The Gen&tgorithm toolbox used is the open source
GAOT [19].
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Add offspring to the [* v v
Mating pool Mutatior
Figure 6: Flow diagram showing all the steps in thénplementation
2.10 Results

2.10.1 Training Performance and Overfitting

The critical issue in developing this neural netkvaras generalization i.e. how well will the
network make predictions for cases that are ndahéntraining set? ANNSs, like other flexible
nonlinear estimation methods such as kernel reigressan suffer from underfitting or
overfitting. Overfitting is especially dangerouschase it can easily lead to predictions that are
far beyond the range of the training data with mafiythe common types of ANNs [3].
Overfitting can also produce wild predictions in Ititlayer perceptrons even with noise-free
data. This is because of the usually large numlbeyoaptic weight in these networks. This
means that the back propagation algorithm mighh tiflee network “too perfectly”, so that the
weights are even tuned to fit idiosyncrasies ors@oof the training pattern that are not
representative for their respective classes [4]s Thsults in decreased generalization of the
network. In order to avoid overfitting, the netwatould not be trained for too many epochs as
overfitting usually occurs during later iteratiod® cater for overfitting, a technique known as

early stoppingwas implemented and is explained below.

24



Dataset were divided up into training, validatiorddest subsets. Half of the data was reserved
for training and the other half for validation ates$ting. As an initial guess, seven neurons were
used in the hidden layer. The network was tramgidg only the training data. Every now and
then, however, training was stopped, and the ndtwerformance tested on the independent
validation subset. It is important to note that weight updates were made during this test.
Learning curves showing error on the training aalithtion sets are shown in Figure 7.

Error on training and validation sets
16

14
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10 A

— Training set

— Validation set

Minimum square error
(o]
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0 100 200 300 400 500 600 700 800

Number of epochs

Figure 7: Error on training and validation sets

It is interesting to note, from Figure 7, that thraining and validation sets have similar
characteristics. However, performance on the vatddaset will stop improving, and will
typically get worse after 400 epochs of training.tiat stage, the network stops learning things
which are expected to be true of any data sampleavioid overfitting, training was simply
stopped after 400 epochs, where performance oveligation set is optimal.

With the maximal number of iterations at hand, ib&t step was to test the trained network on a
set of independent data to measure its abilityetwegplize; this was done using the third set (test
set) and the results are presented in the followeuions.
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2.10.2 Results: ANN without GA

After being trained using the training set (as aimd in section 2.9.1), the classifier was tested
on test sets. Ten types of faults were investigaked each type, 330 data were available for
testing. The test sets were presented to the nketawd the number of correct and incorrect
classification recorded. The output of the neuetivork was expected to be one of the faults
type in binary format shown in Table 3. Tables 57,688, 9 and 10 show the results obtained with
a simple neural networks trained with the statdticaining set (i), the spectral training set (ii)
and the combination of statistical and spectrahing sets (iii), respectively. These are average
performances as each experiment has been perfoamézhst 30 times in order to achieve
statistically reliable results. The results showrthese tables are a summary of all 10 types of
faults combined i.e. there are 3300 cases of wBBthare negative cases (healthy bearing). For a
detailed representation of individual cases pleester to appendix A. In the tables to follow,

Neg. means negative while Pos. means positive.

2.10.3 Statistical Input

Table 5 shows the confusion matrix entries on tagssical input set.

Table 5: Confusion matrix entries on the statistichtest set

3 Neurons 5 Neurons 7 Neurons 10 Neurons
Predicted Predicted Predicted ftedi
Neg. Pos. Neg. Pos. Neg. Pos. Neg. Pos.

Actual Neg. 215 115 285 45 301 29 307 23
Pos. 2573 397 2195 775 1547 1423 1042 1928

From Table 5, it is clear that the performancehefsingle classifier with 3 neurons in the hidden
layer produces poor results; as out of the 330tlmeddearing only 215 cases are correctly
identified. Likewise, out of 2970 (the product @by 9) faulty cases, only 397 are correctly
identified by the system. This poor performanceaiitesn a high number of misclassified faults
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and false alarms. With 5 neurons in the hiddenrlageere is a slight improvement but the
outcome remains poor. With 7 and 10 neurons irhitiden layer, the outcome is much better as
out of 330 healthy cases, 301 and 307 respectarelyxorrectly identified. Similarly, out of 2970
faulty bearings, 1423 and 1928 respectively araectly identified. The numbers of faults
incorrectly classified however still remain highiof the confusion matrix shown in Table 5, the
overall performance of the system was computedgusguations 5 — 10. The results are shown
in Table 6.

Table 6: System's performance on statistical teses

Number  Accuracy True False True False

of (%) Positive Positive Negative Negative
neurons (TP) (FP) (TN) (FN)

3 Neurons 18.55 0.134 0.350 0.651 0.867
5 Neurons 32.12 0.261 0.136 0.863 0.739
7 Neurons 52.24 0.479 0.089 0.912 0.516
10 Neurons67.73 0.863 0.069 0.930 0.350

Recall that the accuracy of the system was defm®dhe number of predictions that were
correct. The accuracy in this case varies betwé&ebh5% and 67.73% with 3 and 10 neurons,
respectively, in the hidden layer. TP rate represséme proportion of faulty bearings correctly
identified by the system. The closer this valu®id the better the performance of the classifier.
In this case, the value varies between 0.134 wheguBons are used in the hidden layer to 0.863
with 10 neurons in the hidden layer. The FP rate efined as the proportion of healthy bearing
incorrectly classified it can be seen that the @ahove from 0.350 with 3 neurons in the hidden
layer to about 0.069 with 10 neurons in the hididgmer. Let’s note that the closer this value is to
0, the better the performance of the classifiedantifying healthy bearings. The ability of the
system at detecting healthy bearing is further icovfd by the TN rate which is the proportion
of healthy bearing correctly identified. From TalBliethe TN rate moves from 0.651 with 3
neurons in the hidden layer to 0.912 with 7 neuiartBe hidden layer and finally to 0.930 when
10 neurons are used in the hidden layer. The R vétich is the proportion of faulty bearings
misclassified, is very high. This is the main aoé&oncern in this case.
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2.10.4 Spectral Input

The single classifiers that used the spectral inpators generally performed better as shown in
Table 7.

Table 7: Confusion matrix entries on the spectraldst set

3 Neurons 5 Neurons 7 Neurons 10 Neurons

Predicted Predicted Predicted ieted

Neg. Pos. Neg. Pos. Neg. Pos. Neg. Pos.

Actua Neg. 280 50 293 37 317 13 324 6
Pos. 1850 1120 1162 1808 487 2483 187 2783

Out of 330 healthy bearings, up to 280 are cowyeaxtssified with only 3 neurons in the hidden
layer. With 5 neurons, this number goes up to 28B8h 7 and 10 neurons in the hidden layer,
317 and 324 healthy bearings respectively are ctlyra&entified. Similarly, out of 2970 faulty
bearings, 1120 are correctly identified with 3 maww in the hidden layer; with 5 neurons in the
hidden layer, 1808 faulty bearings are correctniified. This performance gets better when 7
and 10 neurons are used as 2483 and 2783 faultingsarespectively, are correctly identified.
The general performance of the system is showralers.

Table 8: System's performance on spectral test set

Number  Accuracy True False True False

of (%) Positive Positive Negative Negative
neurons (TP) (FP) (TN) (FN)

3 Neurons 42.42 0.378 0.151 0.849 0.622
5 Neurons 63.64 0.608 0.112 0.888 0.391
7 Neurons 84.84 0.837 0.039 0.960 0.164
10 Neurons94.09 0.937 0.018 0.981 0.063

In this case, the accuracy of the system is goaxjimg from 42.42 % with 3 neurons in the

hidden layer to about 94.09 % with 10 neurons. TReaate as well is very good getting closer to
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1 as the number of neurons in the hidden nodecieased to 10. Because of the system’s ability
to accurately identify both faulty and healthy begs, the false alarm rate has gone down
considerably as shown by both FP and FN. Recdllthiegacloser these two values to 0, the better
the performance of the classifier.

2.10.5 Combination of Input

In this case, statistical and spectral featurespartetogether and the behavior of the

system at recognizing faults is investigated. Tdwilts are shown in Tables 9 and 10.

Table 9: Confusion matrix entries on the combinatia of input test set

3 Neurons 5 Neurons 7 Neurons 10 Neurons

Predicted Predicted Predicted dieted

Neg. Pos. Neg. Pos. Neg. Pos. Neg. Pos.

Actual Neg. 288 42 312 18 321 9 325 5
Pos. 1558 1412 682 2288 276 2694 85 2885

Out of 330 healthy bearings, up to 288 are cdgretassified with only 3 neurons in the hidden

layer. With 5 neurons in the hidden layer, 312 tigabearings are correctly identified. With 7

and 10 neurons in the hidden layer, 321 and 32%hyehearings, respectively, are correctly
identified. Similarly, out of 2970 faulty bearings412 (almost half of the total number of faulty
bearings) are correctly identified with only 3 nens in the hidden layer; with 5 neurons in the
hidden layer, 2288 faulty bearings are correctniified. This performance gets better when 7
and 10 neurons are used as 2694 and 2885 faultingsarespectively, are correctly identified.

The general performance of the system is showralrel10.
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Table 10: System's performance on spectral test set

Number  Accuracy True False True False

of (%) Positive Positive Negative Negative
neurons (TP) (FP) (TN) (FN)

3 Neurons 51.51 0.475 0.127 0.872 0.525
5 Neurons 78.79 0.770 0.054 0.945 0.229
7 Neurons 91.36 0.907 0.027 0.972 0.092
10 Neurons97.27 0.971 0.015 0.985 0.028

Clearly, this bigger input vector size performedtéethan both the statistical and the spectral
input datasets. Here, the accuracy of the systeresmpidly from 51.51% to 97.27% when 3

and 10 neurons are used in the hidden layer, regplgc Similarly, the TP and the FN rates

which determine the ability of the system at clyasg faulty and healthy bearings respectively
are very good. Consequently, the false alarm @ites by both FP and FN are low.

2.11 Genetic Algorithm with ANN after 220 Generatioms

Although the combination of input dataset produtesbest results so far, the major drawback
with these bigger networks is that they need alBoét to 80% more of the time the statistical or
spectral networks needed to be trained. To catethfe weakness, a GA based algorithms was
developed to select the best inputs to the newrbdkark. The goal of this exercise was to

determine whether optimizing neural network arahtilee using genetic programming as a
machine learning strategy would improve the abitifyneural networks to model, detect and

accurately classify bearing faults in a reasonsibvie span.

A simple GA was used with a population of 20 indivals, starting with randomly generated

genomes and run for 220 generations. The numbéadfires required in the solution set for

input to the neural network was varied betweend 2h This number was finally set to 10 as it

produced the best results in a reasonable time $f@amever, a GA-based search combined with
additional constraints and cost functions for f®:eevaluation could have been used to

dynamically find an optimal value for the numberf@dtures to use rather than pre-specifying it
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explicitly. To evaluate the performance in termstraiining efficiency, the error rate criterion
was used. The error rate represents the numbesrcdatly classified faults to the total number
of faults. The number of hidden nodes was keptdfize 10 nodes; the reason being that it was
shown that in most cases, the best performancewitGA optimization was achieved with 10
hidden nodes. The convergence of the optimizat'oshiown in Figure 8. These results are
obtained from 20 independent runs and show the &#opmance at each generation. From
Figure 8, it can be seen that the GA consistemthverges towards a minimum.

Error rate evolution for GA supported ANN
900

800 -
700 -
600 -
500 -
400
300 -
200 -
100 -

O T 1 1 1
0 50 100 150 200 250

Error rate

Generation number

Figure 8: GA fitness function convergence curve

Table 11 compares performance of the system withaatinout GA optimization.

From the Table, it is clear that all GA supportddMhave performance in excess of 96 % with
the combination of feature set producing the besfopmance at 100%; indicating accurate
classification. This performance is achieved usamly 10 inputs out of a possible 124. One

point worth mentioning in this particular problemthat, of the 10 features selected by the GA,
around 6 were spectral features and the remainifeqtdires were either entirely selected from
the statistical set or from both sets. The GA atbar was run multiple times and it was found

that, in about 80% of cases, selected features theresame for that particular dataset. In all
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cases, GA supported ANNs clearly outperformed taadsalone ANNs. The time taken to train
GA supported ANN was reduced by a factor of 10.

Using 10 neurons in the hidden layer, a relatiwhall network has been created that fulfils the
criteria set earlier on. A network of this size Wbbe ideal for a real time implementation on a

microcontroller.

Table 11: Comparison between stand alone ANN and Gwith

ANN after 220 generation for all data sets

Best ANN without GA GA with best AN

Data Set No. of No. of Perf. No. of No.of Perf.

Inputs Hidden % Inputs Hidden %
Statistical 60 10 67.73 10 10 96.4
Features
Spectral 64 10 94.09 10 10 99.5
Features
All 124 10 97.27 10 10 100
Features

2.12 Analysis of Results

A direct comparison of the statistical methods apéctral analysis is difficult because the two
approaches are very different. However, as carebre §om Tables 5 and 7, the spectral content
of the data is ideally suited to recognizing selvefdhe periodic type of faults that are generated
by the different conditions. This feature set digautperformed the dataset made of statistical
features. The low performance observed on thesttati methods may be explained by the
presence of too many irrelevant features in thesdtthat not only degrade the modeling
performance of the neural network, but also unrssrdyg increase the complexity of the

problem. It was observed during preprocessing tthatdataset contained too many null entries
due to very small or very low-frequency content rgie in the signal and as a result, the

statistical signal did not show any significantf@liénces with time.
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The feature set containing all the data had thédsgtraining time compared with any of the
other sets. However its classification performaiscthe best. This is a direct result of the fact
that some features from the statistical featureslse work very well; in conjunction with good
spectral features, they gave the best performance.

The excellent performance of GA supported ANN is tluthe fact that the GA only extracts the
significant (non zero) features to train the ANNdathereby results in significantly better
performance and faster training time.

The hidden layers are responsible for the promedfethe artificial neural network. Especially
the ability to generalize depends on the numbereafons in the hidden layer. It was shown that
if this number is too small, the network is notealbd learn. If it is too large, the ability to
generalize is lost. For this project, the numdaneurons for good performance was found to be
around 10 in all cases

2.13 Conclusion

This paper presented an approach for motor rollegring fault diagnosis using neural
networks, genetic algorithms, higher order stasstand frequency-domain bearing vibration
analysis. The capability of spectral and statistmaasures to detect induction motor faults, to
distinguish between them and assess their sewsaty presented. It was shown that Neural
Networks together with Fast Fourier Transforms stadistical analysis are suited for condition
monitoring of electrical machinery. One major drawk of the use of single valued statistical
and spectral measures is that they produce a laugwer of features and in general only a
subset of those components generated are useth&sification. A genetic algorithm approach
based on the concept of dominance was developeabfonal feature selection. It is shown that
GA is well suited to feature selection as it caaduce a diverse set of solutions with differing
performance versus complexity trade-off charadiessn a single population. The methodology
was tested with a large number of inputs and vevgpdgresults were achieved. It was
demonstrated that genetic algorithm is capableet#fcting a subset of 10 inputs from a set of
124 features that allow the artificial neural netkvto perform with 100% accuracy.
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Appendix A: Table of Results

As defined earlier, @onfusion matrix is a visualization tool typically used in supeeds

learning. Each column of the matrix representsitiseances in a predicted class, while each

row represents the instances in an actual class.l@nefit of a confusion matrix is that it is

easy to see if the system is confusing two cla@sscommonly mislabeling one as an other).

Tables below present confusion matrixes for theliff@rent types of faults with statistical test

set, spectral test set and the combination of both.

A.1 Statistical Test Set Results

Table 12: Statistical test set result using 3 neuns

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 215 57 58
IR 300 30
Low
IR 263 67
Medium
IR 289 41
High
OR 291 39
Low
OR 281 49
Medium
OR 290 40
High
BO 310 20
Low
BO 269 61
Medium
BO 280 50
high
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From Table 12 above, of the 330 healthy bearifgssystem predicted that 57 were low level

Outer Race faults, 58 were low level Ball faultsilet215 where actually correctly classified.

Likewise of the 330 low level Inner Race (IR lovagufts, 300 were misclassified as healthy

bearings while only 30 were actually correctly slified. Also of the 330 medium level Inner

Race faults (IR medium), 263 were misclassifiedhaalthy bearings while only 67 were

properly identified. The same logic can be utilizedhe remainder of the confusion matrix

tables. Clearly the current system has troubleindistshing between faulty and healthy

bearings. The number of neurons in the system masased to 5 and the results are shown in

Table 13 below.

Table 13: Statistical test set result using 5 neuns

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 285 45
IR 255 75
Low
IR 235 95
Medium
IR 242 88
High
OR 244 86
Low
OR 234 96
Medium
OR 242 88
High
BO 285 45
Low
BO 225 105
Medium
BO 233 97
high
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Although there is a slight increase in the numblefaalty bearings correctly classified as

shown in Table 13, the general performance of yis¢esn remains poor. In all cases, less

than the third of the total number of faulty begsrare recognized by the system.

Table 14: Statistical test set result using 7 neuns

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 301 19 10
IR 179 151
Low
IR 163 167
Medium
IR 174 156
High
OR 172 158
Low
OR 162 168
Medium
OR 170 160
High
BO 206 124
Low
BO 153 177
Medium
BO 168 162
high

Table 14 shows the statistical test set performantlee system when 7 neurons are used in

the hidden layer. It can be see from the Table timatsystem in question still has trouble

classifying faulty bearings, but seems to be ablecdrrectly classify healthy bearings.

Clearly, of the 330 healthy bearings, the systetnadgood job of correctly classifying 301

and wrongly predicted that 19 of them were mediumel Race faults and 10 were

predicted as medium Outer Race faults. 151 lowallRt$ were correctly classified and 179
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misclassified as normal bearings. Out of 330 higvel Ball faults (BO high) 162 were

correctly classified while 168 were misclassifiédjain there is a slight increased in the

performance of the system but the number of misiled bearings is still high.

Table 15: Statistical test set result using 10 neans

Normal IR IR IR OR BO BO BO
Low Medium  High  Low Low Medium  high
Normal 307
IR 121 209
Low
IR 107 223
Medium
IR 118 212
High
OR 116 214
Low
OR 106
Medium
OR 113
High
BO 148 182
Low
BO 97 233
Medium
BO 112 218
high

Table 15 shows the statistical test result usinghd@drons in the hidden layer. Here 307

healthy bearings are correctly identified by thetegn compare to 301 in the previous case.

The total number of faulty bearings properly idéati by the system as well has increased.

In spite of these improvements, it is clear that general performance of the system is not

satisfactory as the number of false alarms renfagts
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A.2 Spectral Test Set Results

The classifier that used the spectral input vegtrerally performed better. With only 3 neuronthi& hidden
layer as shown in Table 16, more than a third wfcst all faulty bearings are correctly identifi€af. the 330
healthy bearings, 280 are correctly identified @l8D are predicted as low level IR faults. Whenrthmber
of neurons is increased to 5 this performance rithdu increased as shown in Table 17. Of the 3Z0tine
bearings, 293 are correctly identified by the systnd 37 are predicted as low level IR faults. Imast all
faulty bearings cases, more than 200 of them avpeply identified except for the IR low and the B&v
cases. This performance gets even better whenuimder of neurons is increased to 7 and 10 as shrown
Table 18 and 19. With 10 neurons more than 300ifg=mrare correctly identified with a case where all

bearings are correctly identified by the system

Table 16: Spectral test set result using 3 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high

Normal 280 50

IR 217 113

Low

IR 197 133

Medium

IR 204 126

High

OR 206 124

Low

OR 196 134

Medium

OR 204 126

High

BO 244 86

Low

BO 187 143
Medium

BO 195 135
high
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Table 17: Spectral test set result using 5 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 293 37
IR 141 189
Low
IR 121 209
Medium
IR 128 202
High
OR 130 200
Low
OR 120 210
Medium
OR 128 202
High
BO 168 162
Low
BO 111 219
Medium
BO 119 211
high
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Table 18: Spectral test set result using 7 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 317 13
IR 66 264
Low
IR 53 277
Medium
IR 53 277
High
OR 55 275
Low
OR 45 285
Medium
OR 53 277
High
BO 82 248
Low
BO 36 294
Medium
BO 44 286
high
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Table 19: Spectral test set result using 10 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 324 6
IR 33 297
Low
IR 20 310
Medium
IR 27 307
High
OR 22 308
Low
OR 12 318
Medium
OR 20 310
High
BO 49 281
Low
BO 0 330
Medium
BO 11 319
high
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A.3 Combination of Inputs Test Set Results

Table 20: Combination of inputs test set result usig 3 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 288 42
IR 185 145
Low
IR 172 158
Medium
IR 163 167
High
OR 174 156
Low
OR 164 166
Medium
OR 172 158
High
BO 201 129
Low
BO 155 175
Medium
BO 172 158
high
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Table 21: Combination of inputs test set result usig 5 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 312 18
IR 88 242
Low
IR 83 247
Medium
IR 66 264
High
OR 77 253
Low
OR 67 263
Medium
OR 75 255
High
BO 101 229
Low
BO 58 272
Medium
BO 67 263
high
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Table 22: Combination of inputs test set result usig 7 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 321 9
IR 88 287
Low
IR 83 292
Medium
IR 66 309
High
OR 77 298
Low
OR 67 308
Medium
OR 75 300
High
BO 101 274
Low
BO 58 317
Medium
BO 67 308
high
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Table 23: Combination of inputs test set result usig 10 neurons

Normal IR IR IR OR OR OR BO BO BO
Low Medium  High  Low Medium  High Low Medium  high
Normal 325 5
IR 22 308
Low
IR 17 313
Medium
IR 0 330
High
OR 11 319
Low
OR 0 330
Medium
OR 10 320
High
BO 25 305
Low
BO 0 330
Medium
BO 0 330
high
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