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Abstract

Rolling element bearings are a vital part in many rotating machinery, including
vehicles. A defective bearing can be a symptom of other problems in the ma-
chinery and are due to a high failure rate. Early detection of bearing defects
can therefore help to prevent malfunction which ultimately could lead to a to-
tal collapse. The thesis is done in collaboration with Scania who want a better
understanding of how external sensors such as accelerometers, can be used for
condition monitoring in their gearboxes.

Defective bearings creates vibrations with specific frequencies, known as Bearing
Characteristic Frequencies, bcf [23]. A key component in the proposed method is
based on identification and extraction of these frequencies from vibration signals
from accelerometers mounted near the monitored bearing. Three solutions are
proposed for automatic bearing fault detection. Two are based on data-driven
classification using a set of machine learning methods called Support Vector Ma-
chines and one method using only the computed characteristic frequencies from
the considered bearing faults. Two types of features are developed as inputs to
the data-driven classifiers. One is based on the extracted amplitudes of the bcf
and the other on statistical properties from Intrinsic Mode Functions generated
by an improved Empirical Mode Decomposition algorithm. In order to enhance
the diagnostic information in the vibration signals two pre-processing steps are
proposed. Separation of the bearing signal from masking noise are done with
the Cepstral Editing Procedure, which removes discrete frequencies from the raw
vibration signal. Enhancement of the bearing signal is achieved by band pass
filtering and amplitude demodulation. The frequency band is produced by the
band selection algorithms Kurtogram and Autogram.

The proposed methods are evaluated on two large public data sets considering
bearing fault classification using accelerometer data, and a smaller data set col-
lected from a Scania gearbox. The produced features achieved significant separa-
tion on the public and collected data. Manual detection of the induced defect on
the outer race on the bearing from the gearbox was achieved. Due to the small
amount of training data the automatic solutions were only tested on the public
data sets. Isolation performance of correct bearing and fault mode among multi-
ple bearings were investigated. One of the best trade offs achieved was 76.39 %
fault detection rate with 8.33 % false alarm rate. Another was 54.86 % fault de-
tection rate with 0 % false alarm rate.
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1
Introduction

The automotive industry performs system monitoring using several kinds of indi-
cators. The monitoring is performed in the On-Board Diagnosis system for real-
time monitoring, or as an external system for assisted troubleshooting, for exam-
ple at the workshop. This in order to maintain both law enforced and product
advantage driven functionality and security of their products. The development
in autonomous driving will most surely accelerate the need for robust monitoring
methods for the system. Information from early detection of malfunction in ve-
hicles, can be used in several beneficial ways. The information gives the opportu-
nity to intervene before the monitored part causes damage to itself, surrounding
parts, and ultimately to the function of the vehicle. One such counter-measure is
to plan for maintenance with minimal disturbance of the operating routine. The
effectiveness of such a counter-measure grows with how well the defective area
can be isolated. That is, can the fault be isolated to, for example, the whole gear-
box of a vehicle. Or, could it be isolated to the outer race of a bearing located on
the main shaft of the gearbox. The former would require more time consuming
and expensive troubleshooting compared to the latter.

1.1 Motivation

Malfunction in the machinery can be due to many different causes. A bent shaft,
misalignment of the shaft, crack in a gear tooth, shaft/bearing looseness or a lit-
tle spall in a bearing, are some examples [12], [24]. Bearings have a wide use in
rotating machinery in general and in vehicles specifically. Bearings are also sub-
ject to a high failure rate compared to other components [23]. Although bearings
wear out and ultimately fail, these defects are often caused by other problems in
the machinery and the defective bearings are only the symptom [12]. Hence, if
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2 1 Introduction

bearing defects can be isolated, it will not only prevent failures, but can also tell
something about the overall condition of the machinery. Due to this fact, this the-
sis will examine the possibilities to diagnose defects coming from bearings and
how this can be applied to gearboxes of heavy duty trucks.

This thesis is made in collaboration with Scania. Scania is investigating how exter-
nal sensors can be used in the development of their diagnostic methods. One use
of external sensors is to measure vibrations with accelerometers, something that
has not been done with the purpose of finding defects in the gearboxes at Scania
before. If it is possible to localize faults from vibration data that are otherwise
difficult to diagnose, external accelerometers together with developed software
could be used as a standardized tool when searching for defects.

1.2 Related Research

Fault diagnosis of rolling element bearings in rotating machinery using vibration
measurements is a well studied and active research subject. Applications in chal-
lenging environments with much interference from masking noise, coming from,
for example, gears and engine, place high demands on the methods trying to as-
sess the condition of the machinery. Figure 1.1 shows an example of a spectrum
from a vibration signal originating from a machine containing a defective bear-
ing. The red unfilled triangles shows the frequencies which corresponds to the
defective bearing. The black filled triangles indicates the frequencies of the shaft
of which the bearing is mounted.
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Figure 1.1: Spectrum of a vibration signal from machinery with a defective
bearing. Black filled triangles show shaft speed of which the bearing is lo-
cated. Red unfilled triangles show defect frequencies of the bearing.

A benchmark method for manual detection of bearing defects consists of three
steps. First, some kind of unmasking procedure is performed, followed by a fre-
quency band selection of which the signal is band pass filtered and demodulated.
Finally, analysis of the processed signals envelope spectrum is done in order to lo-
cate the Bearing Characteristic Frequencies (bcf) [26]. The unmasking step can be
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performed by for example removing the Time Synchronous Average (tsa) from the
original signal. This method averages out the bearing signal, leaving the masking
components which then can be subtracted from the original signal. The method
needs, aside from the vibration signal, measurements or estimates of the angular
position from the shaft of which the bearings are modulated [7]. In this work a
relatively new method is used called Cepstral Editing Procedure (cep), where dis-
crete masking frequencies are removed to increase the signal to noise ratio [22].
The choice of frequency band for the band pass filter and amplitude demodula-
tion of the signal can be done by choosing a frequency band ad hoc, or by using
a selection procedure. The Kurtogram is a band selection procedure developed
in [4], which picks the band with the highest kurtosis value. When the rolling
elements in the bearings passes a defect, a shock is introduced. Since the kurtosis
is a measure of impulsiveness, a band where the bearing impulses are prominent
the kurtosis value is large. The performance of the Kurtogram is in certain cases
limited and other band selection procedures exists, for example the Protrugram
[6] and the Autogram [21].

Data driven methods can be used to automatize the diagnosis. One problem is to
extract relevant and powerful features from the data, in order to separate faulty
cases from nominal behavior. In [3], Empirical Mode Decomposition (emd) is used
to enhance the diagnosable information compared to the raw signal and calcu-
lates a set of statistical properties which are then used to train a neural network.
Another approach of feature generation was proposed by [28]. Instead of statisti-
cal properties, amplitudes of the known bearing characteristic frequencies were
extracted from different Intrinsic Mode Functions (imf) generated from the emd-
algorithm and used for training of a Support Vector Machine (svm). A problem
with many data driven methods is that they rely on a large representative fault-
case training data set, in order to train classifiers for fault isolation. Although
methods based on proper fault training data can be way superior, faulty data can
in many cases be difficult and sometimes practically impossible to produce [25].
This thesis make use of physical modelling of the bearing defect frequencies in
order to identify different faults in bearings. Automation of the diagnosis is per-
formed with data-driven classification. When the amount of training data is not
enough, a non-data-driven approach for automatic diagnosis is taken, only based
on the extracted defect frequencies.

The problem at hand is approached by utilization of vibration signals coming
from accelerometers. The effect a defect bearing is having on the measured sig-
nals is modelled, which is a key aspect in the analysis. The vibration signal is
also analyzed without a model yielding two separate bases for diagnosis. Analy-
sis, training of classifiers, and evaluation are carried out with three independent
data sets. Two public data sets [1],[2] are used along with a third data set col-
lected from a Scania gearbox. When training classifiers, the data are separated
into a training and a validation data set.
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1.3 Problem Formulation

The purpose of this thesis is to investigate rolling element bearing fault classi-
fication and its application to gearboxes of trucks. Classification is to be per-
formed using vibration signals coming from a single accelerometer mounted on
the gearbox. The approach is general and no geometric assumption is taken on
the machinery generating the vibration signals. The only information needed are
bearing specifications and shaft speed of which the bearing is placed. The major
questions this thesis is set out to answer are:

1. Are defective bearings located in a gearbox of a stationary truck detectable
in vibration data coming from a single accelerometer mounted on the sur-
face of the gearbox?

2. If so, can different kind of defects and defects coming from different bear-
ings be isolated from each other?

3. Can the process of diagnosing the bearings be automatized using models
and training data from nominal and faulty scenarios?

The scope of this thesis include analysis of bearing diagnostics in a case study, a
Scania gearbox. The setup is to measure vibrations by accelerometers attached to
the gearbox, while it is mounted in the truck. This is achieved by dismounting
of the cardan shaft which enable engagement of the gearbox while the truck is
standing still. The objective is to investigate how bearing diagnostics can be per-
formed by a single external accelerometer mounted on the surface of the gearbox.
Issues investigated are: accelerometer position, operational conditions such as
rotational speed and shifting state, this in relation to classification performance.

Three fault modes are considered in the scope of this thesis. Defects occurring on
the inner or outer race will be called inner race fault and outer race fault respec-
tively, sometimes abbreviated as irf and orf. The third fault mode is normal
condition or No Fault, abbreviated nf. Only early defects (small marks) located
on the races of the bearings will be considered.

1.4 Report Structure

The following part of the thesis is organized as follows:

Chapter 2 presents the different data sets that has been used. The public data sets
along with the experimental setup for the gearbox case data set are presented.

Chapter 3 consist of the methods for fault signal enhancement including how the
fault signal can be altered in order to enhance the diagnostic information in the
raw signal.

Chapter 4 explains how features have been generated and presents the different
classifiers that are used.

Chapter 5 presents three methods for automatic diagnosis.
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Chapter 6 presents all results showing separation performance of the features in
the different fault modes as well as performance for the different classifiers. The
analysis is divided into two parts. First the official data sets are analyzed and
then the collected gearbox data set.

Chapter 7 discusses the results. Reflections regarding weaknesses and strengths
of the method are presented.

Chapter 8 conclusions of the thesis along with recommendations of future work
ends the report.





2
Experimental Setup

Three data sets are used in this thesis to illustrate and evaluate the proposed
methods and will be used as training data for classification. Two of the data sets
are taken from official experiments. One from the Case Western Reserve Univer-
sity, where measurements are collected from an electric motor with two bearings
located on one shaft. The other is from the Society for Machinery Failure Preven-
tion Technology, where measurements are taken from a bearing test rig consisted
of a single bearing. The third data set has been collected from a gearbox at Sca-
nia during the project. One bearing from the gearbox have been manipulated to
model a defect on the outer race.

2.1 Public Data

The first of the two public data sets comes from Case Western Reserve Univer-
sity Bearing Data Center Website [1], hereon forth referred to as the cwru data
set. Many articles have been conducted with the cwru data set as evaluation of
proposed methods [26],[9]. The data set is produced mainly by two accelerome-
ters (in some cases three), mounted on an electric motor. Two accelerometers are
placed above two bearings respectively and the third (when used) is placed at the
supporting base of the machine.

Local defects are introduced using an electro-discharge machine with fault diam-
eters ranging from approximately 0.18 mm to 1 mm. Data are collected under
baseline, inner race, outer race and ball defect conditions with various loads and
shaft speed ranging from 1720 rpm to 1797 rpm. As the outer race is stationary,
four placings of the defect are provided; 12, 3, 6 and 9’o clock. The data set comes
in three parts. Two are from one of the defective bearings, acquired in different

7



8 2 Experimental Setup

sampling rates, 12 kHz and 48 kHz. These are by the cwru denoted as the drive
end bearing data. The third set is coming from the other bearing with sample
rate 12 kHz, denoted as the fan end bearing data.

Based on the large size of the whole cwru data set, a subset of the data set are
used for the purpose of this thesis. Only the 12 kHz drive end data are used and
fault sizes considered are: 0.18 mm, 0.36 mm and 0.53 mm. For the outer race
faults, only the 6’o clock placing of the defect is considered. Both accelerometers
which are placed near the bearings are used. The third base placed accelerometer
is not considered.

The second data set is coming from the Society for Machinery Failure Prevention
Technology [2], referred from now on as the mfpt-data. This data set is used for
example in [27] and [19]. The data originates from a bearing test rig with defects
introduced on the inner and outer races of a single bearing. Data are collected
from nominal, outer race and inner race defect conditions with a shaft speed of
1500 rpm with different loads. Sample rate is either 48 828 Hz or 97 656 Hz. Fault
sizes and positioning of the accelerometer are unknown. Bearing specifications
for both data sets are available in Table 2.1.

CWRU bearing MFPT bearing

Ball diameter (d) 7.94 mm 5.842 mm
Pitch diameter (D) 39.04 mm 31.62 mm
Nr of elements (n) 9 8
Load angle (ϕ) 0 0

Table 2.1: Measurements for the cwru drive end bearing and themfpt bear-
ing.

To train and evaluate the classifiers used in the proposed method of this thesis,
the data sets are split into a training and an evaluation data set. Both the cwru
and mfpt data set are present in the training and evaluation data set. Training
of the classifiers are hence performed with both public data sets simultaneously.
Evaluation is also performed on both public data sets simultaneously. The seg-
mentation into a training and evaluation data set is done without prior investiga-
tion on the data but merely to yield an even distribution between different load
and fault sizes.

2.2 Collected Gearbox Data

As a mean to evaluate the method using "real world" conditions, experiments
have been conducted on a Scania GRS905R gearbox. The gearbox is equipped
with split and range consisting of 12 forward gears, two crawler gears and two
reverse gears. Figure 2.1 shows an example of a vibration signal collected from
the gearbox.
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Figure 2.1: A vibration signal collected from the gearbox.

The acquisition setup consists of five Brüel & Kjær 4394 piezoelectric accelerome-
ters linked to the acquisition hardware/software system Dewesoft. The accelerom-
eters were screwed to a metal brick which was glued to the surface of the gearbox
with Loctite 454. The placing of the accelerometers on the gearbox can be seen
in Figure 2.2. For further reference the accelerometer positions will be named
A through E, where A denotes the accelerometer highest up in the picture of
Figure 2.2 and E denotes the one in the lowest part of the picture. Note that ac-
celerometer C is placed axially while the others (except A which is placed with
an angle to the radial direction) are placed radially. Due to some unknown prob-
lem, the measurements from accelerometer A produced mostly noise and was
therefore omitted in further investigations.

Data were collected in two occasions: during nominal behaviour and when an
outer race fault was induced. The acquisition scheme was semi-automatized
meaning that rotational speed was controlled by software but shifting was per-
formed manually. Time stamps ensured that the right mode could be tracked
after acquisition. Data were collated at each occasion in six operational modes
carried out sequentially. Data from each mode was collected during 15 seconds
at 50 kHz sampling frequency. These modes are "no gear engaged" and "gear
engaged" executed at three motor speeds: 600 rpm, 800 rpm and 1000 rpm re-
spectively.

Execution of the described acquisition scheme, and splitting the data into sepa-
rate sets resulted in 60 data sets (five accelerometers, six operation modes and
two condition modes). Different rotational speeds were investigated sequentially
during the same acquisition record, yielding time periods with dynamic rota-
tional speed. Due to this, 12 s of data were extracted from each mode in order to
keep the rotational speed as constant as possible.

An important factor in the experiment is that the gearbox is still mounted in the
truck. The cardan shaft needs to be dismounted prior to the data collection to
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be able to run the experiments with the truck stationary. This means that no
external load was enforced on the gearbox.

Figure 2.2: Placement of accelerometers in the gearbox setup. From top to
bottom the accelerometers are denoted A to E.

2.2.1 Fault Induction

The bearing chosen for investigation was the spigot (or pilot) bearing positioned
between the input and the main shaft, near accelerometer B in Figure 2.2. The
outer race of the bearing is integrated on the input shaft and the inner race is
placed on the main shaft. This results in the fact that both the outer and inner
race are moving. Specifications of the bearing can be seen in Table 2.2.

dm Dm n ϕ

10.83 mm 62.46 mm 15 12.78 ◦

Table 2.2: Specifications of the gearbox pilot bearing. dm is mean roller
diameter, Dm mean pitch diameter, n number of rollers and ϕ load angle.

The experiment was designed in order to see what possibilities there are to detect
and isolate faults in bearings using vibration data from accelerometers collected
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in the conditions described in this chapter. If the defect is too small and is not
detected by any of the proposed methods, nothing can be said about the perfor-
mance of the method. On the other hand, if the defect is too large the defect
could be trivial to detect. Since the experiment was leaning towards analyzing
the possibility to detect the fault at all, the former problem was considered less
problematic and the choice of defect size was chosen accordingly. To get a grip
on a "reasonable" large defect magnitude, defect sizes in other experiments were
consulted. The defect size was chosen based on the maximal defect size of the
cwru-data experiments (1 mm) relative to the pitch diameter. This yielded a
fault size of approximately 1.62 mm. This was rounded to 2 mm with the motiva-
tion that the vibration signal would be subject to more masked noise in the real
world experiment. The defect was introduced on the outer race (located on the in-
put shaft) as a cylindrical mark with a magnitude of 2mm in diameter and 1mm
in depth. Figure 2.3 shows the input shaft with the outer race and the introduced
defect.

Figure 2.3: Outer race located on the input shaft with a modelled initial spall
defect in the middle of the race.

After operating a sufficiently long time, the bearing ultimately form fatigue cracks
beneath the surface of the races. This results in removal of portions of the contact
surface, called fatigue spalling. The expected life of a bearing is sometimes based
on the time until this initial spall occur [18]. The spall is, as it develops, causing
increased heat generation and vibration spreading the initial mark, roughening
the races and ultimately casing the bearing to collapse [18]. To detect spalls in
an early stage is therefore advantageously in order to prevent damage in rotating
machinery. This motivates the choice of modelling a defect as a small mark on
the raceway.





3
Modelling and Signal Processing

The outline for this chapter will follow three important core steps that the pro-
posed bearing fault classification method is devised to deal with, namely: fault
signal enhancement by fault signal separation, frequency band selection and au-
tomation of the diagnosis. A method for automatic fault diagnosis of multiple
bearings is proposed. The method is modular such that it can be used to auto-
matically detect single bearings and moreover manually do so. Figure 3.1 gives a
schematic overview of the method.

13
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Figure 3.1: Overview of the proposed method.
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3.1 Bearing Defect Frequency Modelling

When a rolling element in a bearing passes a localized defect on either the inner
race or the outer race, a shock is introduced. The same happens when a defect on
one of the rolling parts strikes one of the races. The frequencies of which these
impulses are introduced are called Bearing Characteristic Frequencies (bcf) [23].
There are three bcf:s: Ball Pass Frequency Outer race (bpfo), Ball Pass Frequency
Inner race (bpfi) and Ball Spin Frequency (bsf). The bcf:s are calculated using the
following equations:

BP FO =
nfr
2

(1 − d
D

cosϕ) (3.1)

BP FI =
nfr
2

(1 +
d
D

cosϕ) (3.2)

BSF =
D
2d

(1 − (
d
D

cosϕ)2) (3.3)

fr denotes the rotational speed of the shaft on which the bearing is mounted, n
is the number of rolling elements (balls/rollers), d the diameter of the rolling
element, D the mean distance between the inner outer race and the outer inner
race, called the pitch diameter, and ϕ the angle of the load from the radial plane.
When dealing with tapered bearings as is the case in the gearbox application, the
calculations are basically the same. However, instead of the rolling element diam-
eter d and the pitch diameter D, the mean rolling element diameter dm and the
mean pitch diameter Dm are used. Figure 3.2 shows the measurements needed to
calculate the bcf:s.
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Figure 3.2: Bearing specifications.
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Equations (3.1) through (3.3) are modeled assuming no slip. In reality, due to
variations in load angle with the rolling element positions, the effective diameter
of each element is different, causing them to roll in different speeds. The cage
holding the elements limits the deviation from the nominal value and the result
is a random slip. This slip yield an uncertainty of about 1-2 % of the calculated
bcf [23].

The bcf:s and their harmonics can be used to identify defects in rolling element
bearings and are the fundamental building block in the proposed method. Fig-
ure 3.3 shows the envelope spectrum from a vibration signal with a local defect
on the outer race. The spectrum shows clearly prominent peaks at bpfo and its
harmonics. The proposed method relies on three components to perform diagnos-
tic information about bearing defects in the system at hand. These are, vibration
data, speed on the shaft on which the bearing is located (which is assumed con-
stant) and the bearing specifications.
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Figure 3.3: Signal with outer race fault. The two first harmonics of BPFO are
marked together with uncertainty due to slip.

3.2 Fault Signal Enhancement

Enhancement of the faulty part of the signal is an important step to increase the
diagnostic information in the signal. The procedure of doing this is in this thesis
proposed to be done in two steps. Signal separation from masking components
such as gears is the first. The second is automatic band selection for band pass
filtering and amplitude demodulation. This is done to find a frequency band
where the faulty signal is as most expressive.

3.2.1 Signal Separation

In order to separate signals coming from rolling element bearings, a pre-processing
step is carried out. This procedure is introduced to reduce the influence of mask-
ing components (frequencies and noise caused by gears, shafts, etc.) such that
the signal to noise ratio is increased. There are several ways of achieving this and
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a common approach is to separate components in the signal which can be mod-
elled as deterministic from components which are random. Signals from gears
and shafts are commonly modelled as deterministic [23]. Signals from bearings
can be modelled as cyclostationary, although they more strictly are considered
as pseudo cyclostationary. Due to little practical difference between a pseudo
cyclostationary and a cyclostationary signal the bearing signals are commonly
modelled as the former [23]. There exists much theory on cyclostationarity and
its application in signal processing, see for example [5].

A common way of achieving separation between deterministic and random sig-
nals is to subtract the tsa from the original signal. The main drawback is that
additional sensors are needed that measure the angular position of the shafts to
compensate for these in the vibration signal. Hence, if there are multiple shafts,
each tsa signal has to be subtracted from the original one. There exists methods
to perform tsa automatically without tachometer information, for example in
[10], where only the vibration signal itself is used to form the tsa.

Another method, first introduced in [22], is the Cepstral Editing Procedure (cep)
where discrete frequency components of choice can be removed. The output from
the cep-algorithm is a reconstructed time signal where certain frequency compo-
nents have been removed. This requires knowledge of the masking frequencies.
If these are not known, the cep-algorithm can be carried out in a more automa-
tized fashion by removing frequencies with amplitude over a certain threshold.
Since the bearing frequencies often are much less expressive, certainly in the
raw spectrum produced by the FFT, the bearing frequencies are left in the signal,
while masking frequencies are removed. Figure 3.4 shows two envelope spec-
trums generated from a vibration signal collected from accelerometer B (with
placement according to Figure 2.2) at 600 rpm, in gear case, from the Scania gear-
box. Both of the envelope spectrums are generated by band pass filtering and am-
plitude demodulation with the band [ f s4

3f s
8 ], where fs is sample frequency. The

lower spectrum have been pre-processed with the cep-algorithm, with respect to
5 Hz. As shown in the lower plot in Figure 3.4, several of the 5 Hz harmonics
have been removed and other decimated. The reference frequency component
12 Hz is still present in the lower spectrum. It can also be noted that the cep
pre-processed signal seem to loose in signal-to-noise ratio compared to the raw
signal.

As stated, the cep algorithm allows selection of discrete frequencies to be re-
moved from the spectra and recover the time signal. Because of this, and with
its proven performance and simpler implementation (compared to tsa), the cep
is here chosen as unmasking step. The cep-algorithm is shown in Figure 3.5.
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Figure 3.4: Upper: Envelope spectrum of raw signal. Lower: Envelope spec-
trum of cep pre-processed signal with respect to 5 Hz.
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Figure 3.5: The Cepstral Editing Procedure algorithm.
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3.2.2 Band Selection

Band selection can be an important tool to find a frequency band where the fault
signal is most prominent in the vibration signal. One common algorithm is the
kurtosis based algorithm. The algorithm filters the original signal in different fre-
quency bands and uses the band with maximal kurtosis. Kurtosis is a statistical
property (fourth standardized moment) and is defined according to:

kurtosis(X) =
E[(X − µ)4]
E[(X − µ)2]2 (3.4)

Where E is the expected value and µ is the mean of X. The kurtosis is a mea-
sure of impulsiveness in the signal. Since a signal with a localized defect in the
bearing produces an impulse at the given bcf, the kurtosis will be high in a fre-
quency band where this impulse is as most prominent. For reference, a signal
which is normally distributed have kurtosis equal to 3. Figure 3.6 shows a signal
with a localized fault on the outer race before and after performing kurtosis band
selection with the Fast Kurtogram algorithm, described in [4]. As can be seen, the
kurtosis value is increased in the lower figure. Looking at the envelope spectrum
in Figure 3.7, the bpfo and its harmonics are much more visible in the band pass
filtered case.
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Figure 3.6: Upper: Raw signal, kurtosis = 3.5. Lower: Signal after filtering
with band selected with the Fast Kurtogram algorithm, kurtosis = 6.7
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Figure 3.7: Upper: Envelope spectrum of signal with outer race fault.
Lower: Envelope spectrum of the bandpass filtered signal with outer race
fault.

The kurtogram has been used successfully in bearing fault diagnosis, for exam-
ple in [26]. It is often capable of finding the non-stationarities coming from a
defect bearing, even in presence of strong Gaussian noise [21]. There exists how-
ever some problems. If the bearing signal is due to low signal to noise ratio or if
non-Gaussian noise is present, the performance of the kurtogram is limited [21].
These problems often exists in more complex rotating machinery (such as gear-
boxes) [21]. Although, it has been proven successful and is therefore used in this
thesis.

To cope with low signal-to-noise ratio and non-Gaussian noise, other kinds of
band selection algorithms have been proposed. One such algorithm is the Pro-
trugram [6], which calculates the kurtosis on the squared envelope instead of the
time signal. The Autogram algorithm is a procedure developed recently in [21],
where the key is the utilization of the approximately 2nd order cyclostationar-
ity (CS2) of the faulty bearing signals. 2nd order cyclostationary signals have a
periodic autocorrelation function whereas 1st order cyclostationary signals and
stationary signals does not [15]. The Autogram algorithm calculates the autocor-
relation of the autocorrelation function of the signal. The autocorrelation of a
2nd order cyclostationary signal is as stated periodic and the autocorrelation of
a periodic signal is also periodic. The result is that signals containing much CS2
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content will yield a higher kurtosis value than that of stationary or 1st order cy-
clostationary signals. These calculations are carried out on a set of differently
band passed versions of the signal for comparison. The band yielding the highest
kurtosis is given as the outcome of the algorithm, leaving a band which have the
most prominent 2nd order cyclostationary characteristics. The Autogram is one
of the most recently developed methods for band selection and deals with some
of the problems accompanied with the Kurtogram. This makes it an interesting
comparison to the Kurtogram and is therefore used in this thesis.

Another approach of analyzing the vibration signal in different frequency bands
is by Empirical Mode Decomposition (emd) [13]. This method is not a band selec-
tion algorithm per se but decomposes the raw time signal into almost orthogonal
parts called Intrinsic Mode Functions (imf:s). Each of the imf:s are time signals
with different frequency content [20]. In this thesis an improved method of cal-
culating the imf:s is used dealing with some of the problems accompanied with
the original algorithm. This method is called Improved Ensamble Empirical Mode
Decomposition, ieemd and is surveyed in [16]. The imf:s are used to calculate sta-
tistical properties as well as extract amplitudes of bcf:s as indicators of bearing
condition. As an example Figure 3.8 and 3.9 show the six first imf:s from the
ieemd-algorithm generated from a vibration signal containing a bearing defect
on the outer race. Note that the most high frequent content is located in the first
imf:s. Note also that the overall energy content mainly is in the first imf:s.
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Figure 3.8: Intrinsic Mode Functions 1-3.
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Figure 3.9: Intrinsic Mode Functions 4-6.

3.2.3 Amplitude Demodulation

After removing irrelevant frequencies and filtering the signal to improve fault-
to-noise ratio, the third important step is to look at the signal in the frequency
domain. The plain spectrum of the signal often lacks diagnosable information,
that is, the bcf:s, its harmonics and sidebands. This is due to the random slip
that the rolling elements produces, causing the low magnitude bearing signals to
smear with other frequency components. Envelope analysis is well established as
a benchmark method for bearing diagnostics. Whereas the plain spectrum fails,
the envelope spectrum have repeatedly been proven to be superior in extracting
diagnostic information [23]. The signal is amplitude demodulated in a frequency
band of choice (decided ad hoc or by a band selection algorithm) to form the enve-
lope signal. The envelope signal is then transformed into the frequency domain
by, for example, the Fast Fourier Transform algorithm yielding the Envelope Spec-
trum [24]. Both spectrums in Figure 3.10 are generated from the same vibration
signal, containing a faulty outer race bearing. The upper spectrum is the enve-
lope spectrum generated by amplitude demodulation in a high frequency band
[ f s4

3f s
8 ]. The lower spectrum is generated by applying the FFT. As can be seen,

the bpfo harmonics are clearly visible in the envelope spectrum case. In the FFT
spectrum no diagnosible information regarding the bpfo exists.



3.2 Fault Signal Enhancement 23

0 50 100 150 200 250 300 350 400

Frequency [Hz]

0

0.05

0.1

0.15

0.2

A
m

p
lit

u
d

e

BPFO harm.

0 50 100 150 200 250 300 350 400

Frequency [Hz]

0

0.005

0.01

0.015

0.02

A
m

p
lit

u
d

e

BPFO harm.

Figure 3.10: Upper: Envelope spectrum of signal with outer race fault.
Lower: FFT spectrum of signal with outer race fault.





4
Feature Generation and Data-driven

Classification

All necessary tools for manual diagnosis of rolling element bearing faults have
been presented in the previous chapters. In this chapter tools for automatic di-
agnosis of defect bearings are explained. The manual diagnosis procedure is per-
formed by analyzing the amplitudes of the harmonics of the expected frequencies
from a bearing. An intuitive approach to automatize the diagnosis is merely to
transfer how the manual diagnosis is done, to an automatized one.

The simplest approach would be to extract the characteristic frequencies of each
bearing fault, looking at their amplitudes and comparing them to a threshold.
But this threshold could be hard to decide. In this thesis, two of the three ap-
proaches for automatized diagnosis are based on data-driven classification. The
first approach consists of three independent binary Support Vector Machines (svm)
[11], which are combined to form the automatized diagnosis. The three svm:s are
trained on both normal condition and fault induced data, one fault for each clas-
sifier.

Since fault case training data can be hard to produce a second approach is taken.
The second approach is to train a single one class svm classifier [8], only on nor-
mal condition data, designed to distinguish between the cases no fault and fault.
Hence, it has by itself no ability to isolate between fault modes. To feed the clas-
sifiers, a set of features are developed based on the processed accelerometer data.

4.1 Feature Generation

Two types of features are extracted to train the svm classifiers. Both are presented
in the two following sections.
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4.1.1 Bearing Fault Frequency Analysis

The first set of features is based upon the amplitude of the bcf:s, where the am-
plitude of different harmonics of bpfi and bpfo are extracted from frequency
domain data. The amplitudes are extracted in different ways and from different
spectrums, but are all based on the following equation:

FBCF = log
X[fBP FI ]
X[fBP FO]

(4.1)

X denotes frequency amplitude values and fx denotes discrete frequency values,
corresponding to bpfi, bpfo or their harmonics. The idea is that if an inner race
fault is present, FBCF in (4.1) is positive. If instead a signal is subject to an outer
race fault, FBCF would be negative. In a nominal condition case, peaks at bpfo
and bpfi should be equally large, yielding a value close to 0. Hence, the motiva-
tion for using (4.1) is that it theoretically gives information if the signal is in one
of the three described fault modes. How large positive or negative FBCF in (4.1)
is depends on the system and is why data-driven classification is introduced later
in this report.

Seven different features are computed based on (4.1). The difference between the
bcf related features is due to two things. Firstly, which harmonic or harmonics,
i.e. which fx, that are extracted as basis for (4.1). Secondly, which method, that is
used to generate the spectrum, hence which X, that the amplitudes are extracted
from. The seven bcf features are presented in Table 4.1.

The different variations are mainly due to four different ways of calculating the
spectrum. The four methods calculates the spectrum with and without CEP pre-
processing and with Kurtogram or Autogram yielding four possible versions. The
resulting frequency domain data is generated by the envelope spectrum.

In order to clarify and make the rest of this thesis easier to read, some nomencla-
ture is introduced. The bcf features are denoted P harmonicmethod , with P as in "peak".
The elevated index indicates which harmonic or harmonics in the spectrum that
are extracted. The lowered index shows which spectrum or spectrums that has
been used for the extraction. An elevated "1st" indicates that the first harmonic
is extracted. An elevated "max" indicates that the maximal peak in the spec-
trum, weighted to the surrounding noise floor is extracted. An elevated "4" means
that the first four peaks are extracted and averaged together. The lowered index
marked with "mean" illustrates that the mean of (4.1) for the four methods are
used for the feature. A lowered "max" means that the method yielding the maxi-
mum extracted peak is taken. It should be noted that the maximum peak search
is done among both bpfi and bpfo, yielding eight possible peaks. Hence, if bpfi
for a certain method is the maximum, bpfo of the same method is extracted to
calculate FBCF in (4.1). A lowered "ieemd " indicates that the extracted peaks
comes from the envelope spectrum (high band selected with [ fs4

3fs
8 ], where fs is

sample frequency) of the first imf of the ieemd-algorithm. To exemplify the peak
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extraction, the procedure to calculate feature P maxmax is presented in the following
steps:

1. Four spectrums from the raw signal are calculated according to: a) Raw
signal, band selection with Kurtogram. b) cep pre-processed signal, band
selection with Kurtogram. c) Raw signal, band selected with Autogram. d)
cep pre-processed signal, band selected with Autogram.

2. The maximum weighted amplitude of bpfi and bpfo respectively are ex-
tracted for the four spectrums calculated in step 1. This yields eight values.

3. A maximum operation is carried out of the eight values of step 2 yielding
the total maximal bcf amplitude. It could be bpfo or bpfi.

4. The method that yielded the maximal bcf of step 3 is used to extract the
other bcf pair.

5. The bcf generating equation is used to calculate P maxmax from the extracted
bpfo and bpfi amplitudes.

BCF feature Harmonics Method

P 1st
mean First Mean of FBCF in (4.1).

calculated for all four methods.

P maxmean Max peak Mean of FBCF in (4.1)
calculated for all four methods.

P 4
mean First four Mean of FBCF in (4.1)

calculated for all four methods.

P maxmax Max peak Max peak search among all four methods.

P 1st
max First Max first bcf harmonic peak search of all

four methods.

P 1st
IEEMD First High-band [ f s4

3f s
8 ] envelope spectrum

of first imf from ieemd algortihm.

P maxIEEMD Max peak High-band [ f s4
3f s

8 ] envelope spectrum
of first imf from ieemd algorithm.

Table 4.1: bcf-related features. Max peak denotes the maximum bcf am-
plitude, weighted to the surrounding noise floor, in the spectrum generated
from the method at hand.
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4.1.2 Statistical Properties of IMF:s

The second type of features is based on statistical properties calculated from the
imf:s generated by the ieemd algorithm. These features can be found in Table 4.2.
The statistical features are calculated in different variations. The frequency spe-
cific features are calculated from the FFT but also from the high band passed
[ f s4

3f s
8 ] envelope spectrum. To separate these, frequency features calculated

from envelope spectrum will be denoted Xesrms, whereas when the FFT is used, it
is denoted Xrms. The procedure for selecting the imf:s for calculation follows the
procedure in [16] and is summarized here: The imf:s are calculated according to
the ieemd-algorithm. The statistical properties in Table 4.2 are calculated on the
first six imf:s (with the view that these contains the most of the diagnosable infor-
mation). These are then fused such that those imf:s which are highly correlated
with the original signal will have a greater impact. To compare the procedure in
[16], the same calculations are carried out on the first imf only. Features gener-
ated this way are denoted xrms1 compared to xrms. This yield in total 30 statistical
features.

Statistical features Statistical features

xm =
∑N
n=1 x(n)
N xstd =

√
1
N

∑N
n=1(x(n) − xm)2

xrms =
√

1
N

∑N
n=1 x(n)2 xkur =

1
N

∑N
n=1(x(n)−xm)4

x4
std

xpeak = max(x(n)) xcf =
xpeak
xrms

xsf = xrms
xm

xif =
xpeak
xm

xsk =
1
N

∑N
n=1(x(n)−xm)3√∑N
n=1(x(n)−xm)2

3 Xm =
∑K
k=1 X(k)
K

Xrms =
√

1
K

∑K
k=1 X(k)2 Xkur =

1
K

∑K
k=1(X(k)−Xm)4

( 1
K

∑K
k=1(X(k)−Xm)2)2

Table 4.2: Statistical features. N and K are number of elements in the time
domain and frequency domain vector x[n] and X[k] respectively.

4.1.3 Feature Selection

Not all features are used to train the data-driven classifiers. Initially more bcf fea-
tures were extracted than presented in Table 4.1, but were selected out. The selec-
tion process is based on separation in histogram and validation by classification
performance. Hence, no advanced selection process is used. To illustrate how
the selection process was performed, two histograms can be seen in Figures 4.1



4.2 Data-driven Classification using Support Vector Machines 29

and 4.2. The feature in the left figure shows no separation in any of the labeled
classes. The feature in the right figure is able to separate normal condition data
from that of faulty data, and is therefore selected for training. From the total
of 37 features (plus those bcf features not in Table 4.1) 16 was chosen based on
histogram inspection, 7 bcf features and 9 statistical. These are presented in
Table 4.3.

Figure 4.1: Separation with not se-
lected feature Xm.

Figure 4.2: Separation with selected
feature Xf kur1

Features Features

P 1st
mean xkur
P maxmean xpeak
P 4
mean xcf
P maxmax Xkur
P 1st
max xcf 1
P 1st
IEEMD Xkur1
P maxIEEMD xesm1
xrms xesrms1

Table 4.3: Features used to train the classifiers.

4.2 Data-driven Classification using Support Vector
Machines

Two of the three developed automatic diagnostic solutions uses one class and
binary classification with Support Vector Machines respectively. One difference
between binary and one class svm classifiers is that the binary svm distinguish
between two classes and is trained with data from both classes. The one class svm
uses only training data from one class and tries to determine if new observations
are in that class or not [8]. In both cases, the svm classifier uses support vectors to
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set up a decision boundary between data points (features) from different classes.
The support vectors can be viewed as the outer rim of the corresponding class.
The problem is to find a decision boundary that separates the features in the best
way, that is, to make the margin from the support vectors to the decision bound-
ary as large as possible. If one kind of features is not enough to distinguish two
classes apart, separation may be achieved by introducing another set of features
[11].

In the binary svm approach, three independent binary svm:s are trained with
fault mode specific data (orf, irf and nf respectively) as positive labels and the
complement as negative labels. This yields three classifiers meant to manage one
fault mode each. Hence, the individual classifiers only decides if a new observa-
tion is in the prescribed fault mode or not. A single one class svm is developed
which is trained on normal condition data only and designed to determine be-
tween nominal and faulty condition.

Since the classification problem is not binary but consists of three modes, a sim-
ple step can be taken in the binary classifier case to merge the three into a multi-
class problem. For a given observation a confidence score can be taken of each of
the three classifiers. The score represents the signed distance from the decision
boundary to the observation. A larger value indicates, based on training data, a
more reliable classification. A negative value indicates that the observation is not
in the positive class (the fault mode corresponding to each svm) and is thereby in
one of the others. In this way a ranking system can be achieved, where the highest
positive score represents the fault mode that the system is in. If all of the scores
are negative, the conclusion must be that the observation cannot be explained by
any of the known fault modes or the fault free case. Hence, there is a fault in the
system, but it is unknown. Binary classifiers combined in this fashion to solve a
multiclass problem is called the one-vs-all approach. In this approach, one classi-
fier for each fault mode is created. An alternative approach is to train the binary
classifiers using the all-vs-all approach. If N is the number of fault modes, this
method yield N (N − 1) number of classifiers. Each classifier is designed to distin-
guish between each pair of the fault modes, e.g. nf/irf, irf/orf etc. The scores
can, as in one-vs-all multiclass classification, be compared in order to extract the
most likely diagnosis.

The one class classifier is not subject to the comparison of scores as the binary
classifiers are. This since only one score is given to each observation. A negative
score indicates a faulty bearing, whereas a positive score indicates normal con-
dition. Alone, the one class svm cannot say anything about which of the fault
modes (irf, orf) the system is subject to. It can only state whether the system is
in normal condition or not. If faulty data is available another approach could be
to sample data from each fault type using a one class svm classifier similar to e.g.
[17].
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4.3 Validation

When evaluating the performance of the svm:s, the way the data set is divided
into training/validation can have a big impact on the performance. The approach
of validating the classifier performance in this thesis is to first divide the whole
data set into training data and validation data. Moreover, to give a reliable valida-
tion measure and to see how robust the svm:s are to changes in training data, the
training data set is segmented with the k-fold cross validation method [14]. This
means that the training data set is randomly divided into a k−1

k big training part
and a 1

k big testing part. The svm:s are then trained with the training part and
evaluated using the testing part. The random segmentation of training/testing
sets are then performed k times, yielding k performance measures. 5-fold is used
in this thesis, hence k = 5. Since the segmentation is done with so called stratified
segmentation it is not completely random but creates the partitions such that the
proportion of faulty and non faulty labels are maintained.

Classification performance is calculated using, True Positive Rate (tpr), True Neg-
ative Rate (tnr), False Positive Rate (fpr) and False Negative Rate (fnr). The defi-
nitions are as follows:

T P R =
Correctly predicted positive samples

Positive samples
(4.2a)

T NR =
Correctly predicted negative samples

Negative samples
(4.2b)

FP R =
Negative samples predicted as positive

Negative samples
(4.2c)

FNR =
Positive samples predicted as negative

Positive samples
(4.2d)

Note that tpr, fnr and tnr, fpr respectively sums to 1.
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Automatic Diagnostic Procedures

Three automatic bearing fault classification approaches are proposed:

1. Binary classification procedure

2. One class classification procedure

3. Non-data-driven classification procedure

The first two of these are data-driven using the features specified in Sections
4.1.1 and 4.1.2. The first consists of three binary classifiers, one for each fault,
and the second consists of a single one class classifier trained on fault-free data
only. The third is a non-data-driven classifier procedure using only information
of extracted bcf peaks.

Two types of indicators are developed to assist the diagnosis procedures. The
two data-driven procedures are combined with these indicators to state the final
diagnose when the classification outcome from the classifiers is ambiguous, or
cannot give any information. The non-data-driven procedure is solely based on
the indicators.

The first set of indicators consist of three different measures specific to one vibra-
tion signal. The indicators are the amplitudes corresponding to bpfo and bpfi
extracted just like for the features: P 4

mean, P maxmax and P 1st
max. The indicators are ar-

ranged as 1x2-sized vectors, consisting of a value corresponding to bpfo and bpfi,
respectively. These indicators correspond to how prominent certain amplitudes
of the bcf:s are. Each indicator gives a measure of how likely it is that a fault
is present on either the inner or outer race. The three measures will be denoted
ppi:s for Prominent Peak Indicator and are summarized in Table 5.1. The ppi:s
are extracted the same way as the features and, therefore, follow the same index
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nomenclature as the features as described in section 4.1.1.

Indicator Extraction

P P I1st
max Searches between the four methods to find the maximum first

bcf-peak, both bcf:s are extracted from that method.

P P Imaxmax Searches between the four methods for the maximal
surrounding noise floor weighted bcf-peak. Both bcf:s are
extracted from that method.

P P I4
mean Averages the first four bcf-peaks from the four methods.

Table 5.1: Indicators, called ppi:s and how they are extracted.

The second type of indicator is based on the first type and is called No Fault
Indicator, abbreviated nfi. The nfi indicates how likely the signal is to be in fault
or no fault mode and is calculated as:

NFI =
1
3

3∑
i=1

var

(
P P Ii
||P P Ii ||2

)
(5.1)

Where nfi is a scalar and ppii is a vector with size 1x2.

The algorithms for the three different procedures are illustrated in Figures 5.1
and 5.2. Given a new observation and if more than one bearing is considered
for diagnosis, the data-driven algorithms calculates a set of features for the new
observation, for each bearing. The only difference between the generated sets of
features is that the peaks that are extracted and used in (4.1) are extracted from
the bcf:s specific to each bearing. The classifiers corresponding to each method
makes a prediction based on each set of features. Confidence scores are then
produced for each bearing and fault modes. The number of bearings also affects
the number of nfi:s and ppi:s since they extract amplitudes corresponding to the
bcf:s.
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Figure 5.1: Algorithm for the one class and non data-driven automatic diag-
nosis procedure.
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Figure 5.2: Algorithm for the binary classifier based automatic diagnosis
procedure.
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5.1 One Class and Non Data-driven Classification
Procedures

Figure 5.1 shows the algorithm for automatized bearing fault isolation for the one
class classifier based procedure and the procedure without data-driven classifier.
The algorithm is defined in the following steps:

1. Firstly, a set of features for each bearing specification is calculated. The one
class classifier makes a prediction based on each of the individual sets of
features, yielding a set of confidence scores. The number of scores is hence
equal to the number of bearings considered for monitoring. A positive score
indicates a normal condition bearing and a negative score a faulty one.

2. If any of the scores are negative, the system relies on the classifier outcome
that the system is faulty and by that gives the classifier "the first say". This
is not an obvious approach and would be very bad for a classifier with high
probability of false alarm. The one class classifier is calibrated to have a
low false alarm rate, meaning that the performance of detection is lower
and when detection actually occurs the approach is to trust this. If the
answer here is yes, go to step 3 otherwise go to step 4.

3. With the one class classifier stating that the system contains a faulty bearing.
The next question is, in which bearing and in which fault mode? The three
ppi:s yield a 1x2-sized vector to each bearing. For convenience, these are
arranged as a matrix, where each row corresponds to a different bearing and
the columns to the ppi-value corresponding to bpfi and bpfo respectively.
The following matrix illustrates the arrangement for one type of ppi with,
for example, two bearings:P P IBearing1

BP FI P P I
Bearing1
BP FO

P P I
Bearing2
BP FI P P I

Bearing2
BP FO

 (5.2)

Three matrices like this are always produced, one to each ppi. These are
then used to form three ranking vectors. The largest value of each ppi-
matrix (as in (5.2)) is ranked as one, the second largest as two and so on.
The diagnose is then taken as the mean ranking of these three ranking vec-
tors.

4. If the scores are all positive, the one class classifier indicates that the system
is in normal condition. As stated, by design the classifier is over optimistic
in determining data as no fault, which makes that outcome uncertain. To
cover up for this thenfi-measure is used. Hence, one value for each bearing
is given, indicating how close it is to normal condition. These values are
compared to a threshold and if only one of them is too high, the diagnose is
given as the mean ranking of the three ranking vectors as in step 2. If all of
the nfi:s are lower than the prescribed threshold the system is considered
fault free.
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The threshold determining whether an observation should be considered as a
fault or not can be decided based on how the operator wants the system to per-
form. The trade-off is between low false alarm rate and high fault detection rate.
A high threshold will reduce the number of false alarms but also true fault de-
tection rate since smaller faults will not exceed the threshold. It comes down
to what application that is considered and what risks that can be accepted. In
a scenario where it is of uttermost importance that the defects are detected and
investigations of false alarm are easy, the system can allow for a larger amount
of false alarms. At the other extreme, where it is difficult and expensive to in-
vestigate faulty bearings and missed detection can be tolerated a lower true fault
detection rate can be tolerated to avoid false alarms. The risk is that early faults
could be missed and detected in a more progressed state.

The threshold calibration can be performed by collecting samples from normal
condition cases and select a threshold corresponding to an acceptable false alarm
rate. Since normal condition data often are easier to collect, the time/money ex-
penses in such a data collection could perhaps be more motivated than collecting
from a faulty case. If the approach is to minimize false alarms, the threshold can
be set with margin to the highest value collected from the data. As more samples
are collected, the threshold can be adjusted to accomplish desired performance.
To avoid missed detections, a lower threshold can be selected and then adjusted
as more data are collected from fault-free scenarios.

The non data-driven classification procedure is also illustrated in Figure 5.1, where
the initial check by the classifier is omitted and the first thing checked is the
above mentioned threshold. Note that the algorithm in Figure 5.1 is general and
applies to systems with a single bearing as well as multiple.

5.2 Binary Classification Procedure

The binary classification procedure is not as dependent on the external indicators
to determine the diagnosis as is the one class and non-data-driven procedures. In
fact, it could be used all by itself. But, in order to enhance its robustness if there
is ambiguity in the multiclass classification outcome, the ppi:s are used to state
the diagnosis. The algorithm is illustrated in Figure 5.2 and can be summarized
in the following steps:

1. As for the one class classification procedure, one set of features for each
bearing is calculated. Each of the three classifiers then makes predictions
from each of the different sets of features. Hence, three scores for each
bearing are generated, one from each classifier corresponding to each fault
mode. Two bearings yield six scores, three bearings nine, etc.

2. If all the scores are negative, the data can not be explained by any of the
known fault modes, hence the diagnosis becomes "Unknown".

3. If the highest positive score corresponds to any of the no fault modes (one
per bearing), the diagnosis is "No Fault".
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4. If there is only one diagnostic outcome from the classifiers which have a
positive score then the diagnosis is that outcome.

5. If there is ambiguity from the classifiers, giving more than one positive
score, the ppi matrices are used. The procedure follow exactly Step 3 in
section 5.1. The mean ranking of the labels corresponding to positive scores
are taken as diagnose.

Note that the classification performance of binary classifiers can be calibrated
with respect to requirements in false alarm rate and missed detection rate. With
respect to the one class classifier, new faulty data can be used to improve existing
classifiers by recalibrating the thresholds.





6
Results

The results from evaluating the proposed bearing fault classification methods are
presented from the public and the collected gearbox data set respectively. First
the separation ability of the features are presented for the public data sets. Then
the performance of each of the four individual classifiers are given. The public
data set results ends with presentation of the performance for the three automa-
tized diagnostic methods. In the second part, manual bearing fault classification
is performed using the Scania gearbox data. The ability to detect the induced
outer race fault in the gearbox data set is treated first. The gearbox data set sec-
tion ends with presentation of the features ability to separate the data into nf
and orf, for different operational conditions.

6.1 Public Data Sets

Data separation performance of a subset of the selected training features is pre-
sented. After that, individual classification performance for the three binary clas-
sifiers and the one class classifier are given. Lastly, classification performance of
the three proposed automatic diagnostic procedures, in different scenarios, are
provided.

Note that, as stated in Chapter 2, the two public data sets are merged and after-
wards divided into a training and a validation data set. The classifiers are then
trained on the training data set (with both public data set present) and validated
on the validation data set (also containing both public data sets).

41
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6.1.1 Feature Separation Performance

To show the features potential to classify vibration signals into the fault modes
nf, orf and irf, their ability to separate data from the training sets of cwru and
mfpt into these three modes are assessed. A subset of the training features were
selected to illustrate the separation performance of data from different faults,
that can be achieved. Four of the bcf-related features and three of the statistical
features were chosen. The features showing the best separation of data from the
three fault modes, by visual inspection in histograms, were picked. Although
the best, these features are representative, in terms of performance, of the rest of
the training features. The four bcf features chosen to exemplify the separation
performance are shown in Figures 6.1 through 6.4. The statistical features picked
are shown in Figures 6.5 through 6.7.

The statistical features are, as denoted in Chapter 4, calculated from the ieemd
algorithm in two ways. Namely as the first imf and as the weighted correlation
between the six first imf:s and the original signal. Separation performance was
not significantly better for any of the two approaches. Instead, the method with
best performance shifted for the different statistical properties.

Figure 6.1: Histogram of feature
P 1st
IEEMD on the training data set.

Figure 6.2: Histogram of feature
P 1st
max on the training data set.
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Figure 6.3: Histogram of feature
P maxmax on the training data set.

Figure 6.4: Histogram of feature
P 4
mean on the training data set.

Figure 6.5: Histogram of feature
Xesm1 on the training data.

Figure 6.6: Histogram of feature
Xf kur1 on the training data set.
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Figure 6.7: Histogram of feature Xkur on the training data set.

6.1.2 Individual Classifier Performance

The four svm classifiers, i.e. the three binary SVM classifiers and the one-class
SVM classifier, are the basis for the automatic diagnostic methods. Therefore it is
interesting to see how these perform to classify data individually.

Tables 6.1 and 6.2 shows cross validation classification performance for each
cross validation segment for the irf-classifier andorf-classifier respectively. This
show how different training/validation segmentation affect the classification per-
formance. For example, Table 6.2 show that the tpr varies from 80% to 66.67%,
only based on which data that have been used for training and validation. Cross
validation performance for the nf-classifier was performed with 100% success
rate and is therefore not displayed.

Table 6.3 summarizes the performance for all the classifiers when all training
data have been used for training and validation is carried out on the unseen vali-
dation data.
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Seg. T P R T NR FP R FNR

1 100% 100% 0% 0%
2 100% 100% 0% 0%
3 92.86% 100% 0% 7.14%
4 100% 100% 0% 0%
5 92.86% 100% 0% 7.14%
Mean 96.43% 100% 0% 3.57%

Table 6.1: Inner Race Fault-classifier cross validation performance on the
training data set as function of partition node.

Seg. T P R T NR FP R FNR

1 80% 100% 0% 20%
2 73.33% 100% 0% 26.67%
3 86.67% 100% 0% 13.33%
4 66.67% 100% 0% 33.33%
5 73.33% 100% 0% 26.67%
Mean 76% 100% 0% 24%

Table 6.2: Outer Race Fault-classifier cross validation performance on the
training data set as function of partition node.

Classif. T P R T NR FP R FNR

IRF 87.5% 98.1% 1.9% 12.5%
ORF 77.88% 100% 0% 22.2%
NF 33.3% 100% 0% 66.7%
OCNF 100% 32.2% 67.8% 0%

Table 6.3: Classification performance on unseen evaluation data were OCNF
denotes the one class classifier.

6.1.3 Automatic Diagnostic Performance

As for the evaluation of the individual classifier performance, the three automatic
diagnostic procedures are evaluated on a validation set containing both of the
public data sets. Hence, all results include both of the public data sets.

The evaluation of the automatic diagnosis procedures are performed in two cases,
in single bearing fault isolation and when multiple bearings are assumed present.
The same data sets are used in both cases. The only difference is that the features
are calculated one time per set of bearing specifications. In the multiple bearing
case, the system has to generate features based on all of the bearing specifications,
yielding more scores and more indicators (ppi, nfi). This makes the fault diag-
nosis harder. Three bearing specifications are used to assess the three automatic
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procedures’ ability to isolate faults in the multiple case. Two corresponding to the
specifications of the two bearings from the public data sets, as in Table 2.1. The
third one is an artificial bearing with specifications according to Table 6.4 and is
designed not to be located too close to the other bcf:s. Note that, if the classifica-
tion performance would be 100% then this bearing would not be in any diagnosis
statement. It is only introduced in order to assess the isolation performance of
the methods when there is multiple bearings to chose from.

d D n φ

11.2 mm 40 mm 4 0.3525 ◦

Table 6.4: Artificial bearing used for multiple bearing fault isolation evalu-
ation. d is roller diameter, D pitch diameter, n number of rollers and ϕ load
angle.

To assess the performance of the classifiers a so called confusion matrix is pro-
vided. The rows indicates the true mode and the columns the predicted ones.
The percentages in each box is the performance relative to the number of true
instances of the corresponding mode. For example, if four nf samples are pre-
dicted as irf and the total number of nf are 10, the performance value is 4/10.
The confusion matrices are given in Figures 6.8 through 6.17.

Single and multiple bearing fault mode isolation performance for the binary clas-
sifier solution is presented in Figures 6.8 and 6.9. Note that these are the only
confusion matrices presented that have the mode uf, as in Unknown Fault. Pre-
dictions of unknown faults occur when all of the three binary classifiers state that
the fault is in the opposite binary class. Hence, the prediction is that none of the
three fault modes can describe the state of which the system is in.

Since the non-data-driven and one class automatic diagnostic solutions are sub-
ject to design of a threshold, two values of this threshold are presented for these
solutions. The nfi:s from a few nominal condition samples from the training set
was collected. The thresholds were then set to the highest nfi-value and to the
median value respectively. This yield a classification performance with low false
alarm rate and high detection rate, respectively.

The confusion matrices for the non-data-driven and one class automatic diag-
nostic solutions are presented side by side for comparison. Figures 6.10 and 6.11
show the classification performance for the single bearing and low threshold case.
Note that the two approaches performs exactly the same in this case. Figures 6.12
and 6.13 shows the same solutions but in the high threshold case. The two solu-
tions now differs from each other. The fault classification performance of the
one class classifier based solution is better compared to the non-data-driven one,
false alarm performance is instead worse. Figures 6.14 and 6.15 introduces the
multiple bearing isolation performance for the non-data-driven and one class au-
tomatic diagnostic solutions with low threshold. As can be seen the two solutions
are comparable in the low threshold case. The multiple bearing case with high
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threshold can be seen in Figures 6.16 and 6.17. In this case the overall fault iso-
lation performance of the one class classification solution is higher but instead
lacks in false alarm performance compared to the non-data-driven solution.

Table 6.5 provides binary detection performance to complement the confusion
matrices for all the diagnostic procedures. The measures describes the perfor-
mance in terms of fault and no fault, where fault is the positive label. Hence, tpr
is the rate of which faults are detected, no matter if they are incorrectly classified.
For example, if the classifier state irf on bearing 1 but it is in fact orf on bearing
2, a fault is considered detected. To include classification accuracy between dif-
ferent fault modes, the measure Fault Mode Classification Accuracy Rate (fmcar)
is introduced in addition to the four previously defined in Equations (4.2). Note
that tpr and fnr still sums to 1. Table 6.5 show that the fmcar is high in all
cases. This means that if the fault is detected, the classification in a certain fault
mode is performed with high accuracy.

IRF ORF UF NF

Predicted class

IRF

ORF

UF

NF

T
ru

e
 c

la
s
s

11.1%

12.5%

22.2%

55.6% 33.3%

87.5%

77.8%

100.0%

Figure 6.8: Classification perfor-
mance for the multiclass binary
classifier procedure on a single
bearing.

IF
B1

IF
B2

IF
B3

O
FB1

O
FB2

O
FB3

UF NF

Predicted class

IFB1

IFB2

IFB3

OFB1

OFB2

OFB3

UF

NF

T
ru

e
 c

la
s
s

5.6%

11.1%

61.1%

16.7%

33.3%

55.6%

22.2%

33.3%

83.3%

100.0%

77.8%

100.0%

Figure 6.9: Classification perfor-
mance for the multiclass binary
classifier procedure on three bear-
ings.



48 6 Results

InnerFault OuterFault No Fault

Predicted class

InnerFault

OuterFault

No Fault

T
ru

e
 c

la
s
s

2.7%

50.0%

9.3%

50.0%

100.0%

88.0%

Figure 6.10: Classification perfor-
mance for the one class classi-
fier procedure on a single bearing
with low threshold.
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Figure 6.11: Classification perfor-
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Figure 6.15: Classification perfor-
mance for the non data-driven pro-
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Single

OC Low T ND Low T OC High T ND High T MBC
T P R 95.14% 95.14% 65.28% 53.47% 100%
T NR 50% 50% 95.83% 100% 33.33%
FP R 50% 50% 4.17% 0% 66.67%
FNR 4.86% 4.86% 34.72% 46.53% 0%
FMCAR 98.61% 98.61% 100% 100% 86.96%

Multiple

OC Low T ND Low T OC High T ND High T MBC
T P R 93.75% 93.75% 76.39% 54.86% 97.10%
T NR 50% 50% 91.67% 100% 33.33%
FP R 50% 50% 8.33% 0% 66.67%
FNR 6.25% 6.25% 23.61% 45.14% 2.90%
FMCAR 92.36% 92.36% 97.22% 97.92% 85.51%

Table 6.5: Binary classification performance for all automatic diagnosis pro-
cedures. The non data-driven and one class classifier procedures includes
performances for two different thresholds. OC represent the one class proce-
dure, ND the non data-driven procedure, MBC the multiple binary classifier
procedure and T threshold.

6.2 Collected Data

In the previous sections, results regarding the public data sets have been pre-
sented. Due to the small amount of training data, the gearbox data are not ana-
lyzed by any of the data-driven methods. Although, in order to show the poten-
tial to apply the developed data-driven methods to a gearbox case, results from
manual detection and feature separation are presented. The manual detection
analysis is performed to show if it is possible to detect a bearing fault with the
proposed signal processing tools described in Chapter 3. The analysis of feature
separation is made to show the features ability to separate the gearbox data into
outer race and no fault cases. Based on the separation, their potential to be basis
for training of some of the classifiers developed in this thesis can be assessed.

6.2.1 Manual Detection

To asses the ability of the signal processing techniques to extract diagnostic infor-
mation from the gearbox case, a manual inspection of some of the collected data
from the Scania gearbox are presented.

In order to correctly assess if a fault is present in a vibration signal, a few consider-
ations must be done. The spectrum cannot just be inspected with respect to each
bcf individually, if there are other disturbing frequencies present in the signal.
Even in a vibration signal with very little masking noise, shaft speed will always
be a disturbance. In the gearbox case there are several disturbing frequencies,
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making the diagnosis by bcf peak assessment challenging. If the bcf harmonic
lies to close to that of another harmonic, that particular bcf harmonic cannot re-
liably be used for diagnosis. A couple of disturbing frequency components have
been considered when assessing if a bcf harmonic should be counted as reliable
or not. These frequencies include, for example, expected frequencies from dif-
ferent shafts and gear mesh frequencies. Some frequency components (including
harmonics) are identified where the origin is unknown. These frequencies are
5 Hz and 12 Hz. Figure 6.18 show an example of these frequencies presence in
the 600 rpm, in gear case for accelerometer B. In all figures in this chapter, dis-
turbing frequencies are marked with a triangle. The legend in the figures states
where the disturbing frequencies are coming from.

0 5 10 15 20 25 30 35 40 45 50

Frequency [Hz]

0

1

2

3

A
m

p
lit

u
d
e

10-5

Input shaft

5 Hz

12 Hz

Figure 6.18: Illustration of the two identified disturbing frequency compo-
nents (5 Hz, black triangle and 12 Hz, magenta triangle) with unknown ori-
gin. Presented along with the frequency of the input shaft, black triangle.

In some cases, although two different harmonics are close, two distinct tops are
present. This indicates that energy has not spilled over to adjacent frequencies
and that there actually are two separate frequency components. An example of
this is shown in Figure 6.20 and these bcf-harmonics are considered as reliable.

Six cases will illustrate the detection ability of the proposed manual method.
Four faulty cases and two from nominal condition. All spectrums are taken from
the 600 rpm in gear case. Figure 6.19 comes from accelerometer B. The upper
spectrum is produced by band selection with the Kurtogram algorithm yielding
a band with center frequency 21 354 Hz and bandwidth 1 042 Hz. Figure 6.20
show a zoomed version of the upper spectrum where three distinct peaks are
visible. The lower spectrum in Figure 6.19 is produced by cep pre-processing
band selected by Autogram yielding a band with center frequency 22 656 Hz
and bandwidth 1563 Hz. Figure 6.21 also comes from the 600 rpm in gear case
but instead from accelerometer C. The upper spectrum is the raw signal band
selected with Kurtogram yielding center frequency 23 177 Hz and band width
521 Hz. The lower spectrum is the cep pre-processed signal band selected with
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Autogram yielding center frequency 12 891 Hz and bandwidth 781 Hz. All four
methods show similar results in the B and C accelerometer case, all giving sub-
stantial indication of an outer race defect.

The normal condition data does not show the kind of indication of an outer race
fault as the fault induced data. Although, in a few cases there are indicators
that potentially could be assessed as such. The lower spectrum in Figure 6.22
illustrate such a situation from accelerometer B. This spectrum is produced with
Autogram band selection from the raw signal giving center frequency 17 578 Hz
and bandwidth 781 Hz. It is more common for the normal condition data that
the spectrum looks like the upper spectrum from acceleroemter B in Figure 6.22,
showing no indication of an outer race fault. This spectrum is produced with cep
pre-processing and Kurtogram band selection giving center frequency 6923 Hz
and bandwidth 4 Hz.
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Figure 6.19: Accelerometer B. 600 rpm in gear case. SS, S, MS denotes side
shaft, input shaft and main shaft respectivly. Upper: Raw signal, band se-
lected by Kurtogram yielding: bandwidth: 1 042 Hz and center frequency:
21 354 Hz. Lower: cep pre-processed signal, band selected by Autogram
yielding: bandwidth: 1 563 Hz and center frequency: 22 656 Hz.
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Figure 6.20: Zoomed version of Figure 6.19. Showing three separate tops.
SS denotes side shaft.
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Figure 6.21: Accelerometer C. 600 rpm in gear case. Upper: Raw signal,
band selected by Kurtogram yielding: bandwidth: 521 Hz and center fre-
quency: 23 177 Hz. Lower: cep pre-processed signal, band selected by Au-
togram yielding: bandwidth: 781 Hz and center frequency: 12 891 Hz.
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Figure 6.22: Accelerometer B. 600 rpm in gear case. Upper: cep pre-
processed signal, band selected by Kurtogram yielding: bandwidth: 4 Hz
and center frequency: 6923 Hz. Lower: Raw signal, band selected by Auto-
gram yielding: bandwidth: 781 Hz and center frequency: 17 578 Hz.
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6.2.2 Feature Separation Performance

To show the features ability to separate the gearbox data, assess different opera-
tional conditions and accelerometer positions, six cases are picked for exempli-
fication. One dimensional scatter diagrams are used to illustrate the separation
showing the feature value on the x-axis. A point indicates a feature value from
a certain condition and accelerometer position. No fault labels are marked with
red and faulty labels with blue. The legend in the figures show four different
symbols all corresponding to a different accelerometer position.

Since the features’ are calculated from the logarithm, a larger peak at bpfo re-
sults in a negative feature value. A normal condition sample should end up close
to zero whereas a large peak at bpfi should yield a positive value. Hence, per-
formance of the features and operating condition/accelerometer positions can be
assessed by separation between fault/no fault but also in terms of location rela-
tive to zero. If good separation is achieved, but the faulty samples all are positive,
the performance should not be trusted. The black line in the presented figures
marks the zero value.

Figure 6.23 illustrates one of the best separation that could be achieved. The
figure is from features P maxmax and P 1st

max in 600 rpm, in gear mode. The next two
figures means to show samples from the other operational condition modes. Fig-
ure 6.24 show the same features as in the first figure but from 600 rpm, no gear
engaged mode. The last figure comes from feature P maxmax from 800 rpm and 1000
rpm in gear case respectively, presented in Figure 6.25. The nfi values in Table
6.6 shows how close the magnitudes of the amplitudes of bpfi and bpfo are for
the 600 rpm in gear case. If a fault is present, this value should be significantly
higher than that of nf, which ideally should be zero.
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Figure 6.23: 1D scatter diagram showing: Features: Upper: P maxmax and Lower:
P 1st
max. Rotational speed: 600 rpm. Gear case: in gear. Red indicates samples

from normal condition, blue from induced outer race fault. Each accelerom-
eter is marked with a different symbol.
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Figure 6.24: 1D scatter diagram showing: Features: Left: P maxmax and Right:
P 1st
max. Rotational speed: 600 rpm. Gear case: no gear engaged. Red indicates

samples from normal condition, blue from induced outer race fault. Each
accelerometer is marked with a different symbol.
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Figure 6.25: 1D scatter diagram showing: Feature: P maxmax . Gear case: in gear.
Rotational speed: Left: 800 rpm and Right: 1000 rpm. Red indicates sam-
ples from normal condition, blue from induced outer race fault. Each ac-
celerometer is marked with a different symbol.

Accelerometer NFI value ORF NFI value NF

B 0.1014 0.0153
C 0.0657 0.0322
D 0.0549 0.003
E 0.0436 0.0850

Table 6.6: No Fault Indication (nfi) values for 600 rpm, in gear case for orf
and nf labeled data.



7
Discussion

The following chapter is divided in discussions regarding the results of the pub-
lic data sets, the collected data set and the bearing fault classification method
separately.

7.1 Results from the Public Data Sets

The analysis of the two public data sets show that frequency analysis based on
the specifications of each bearing makes it possible to perform fault isolation.
The developed bcf features show substantial separation of vibration data into
the fault modes nf/irf/orf. The statistical features lacks however the ability to,
in a reliable way, separate all of the fault modes. Nevertheless, separation is quite
substantial in the No Fault/Fault case, which motivates the usage of these features
for fault detection. This shows that the developed features are able to separate
data coming from vibration signals of machinery containing faulty bearings from
that of a nominal case machinery.

Considering performance of a single bearing compared to multiple bearings, there
are some interesting things to note. Table 6.5 shows that the fault detection rate
decreases for the low threshold cases and the binary classifier solution. For the
one class and non-data-driven solutions with a high threshold the detection per-
formance instead increases. However, it can be seen by the fmcar that the per-
formance of classifying the fault modes decreases in all solutions. Hence, the
isolation performance between fault modes seem to decrease with the number of
bearings. The detection performance seems however not to be equally dependent
on the number of bearings and in some cases could even enhance the detection
rate. The lower isolation performance with more bearings is quite natural since
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there are more fault modes to choose from. A higher detection rate for the high
threshold cases in the multiple bearing case can be explained by looking at the
first crossroad in Figure 5.1. An explanation could be that since there are more
scores to base the direction of the algorithm from and the direction is based on if
only one score is negative, the probability of finding a defective system increases.

The one class and non-data-driven classifier solution performs equally when the
threshold is set low. This is natural since the two solutions are identical if the
threshold is set low enough. This can be seen by looking at the flowchart illustrat-
ing the algorithms of the non-data-driven and one class solutions in Figure 5.1.
As can be seen in Table 6.5 with a higher threshold, false alarm rate increases
whereas the probability of detecting the fault decreases. In the high threshold
case the one class solution yield a higher detection performance than the non-
data-driven solution. However, the non-data-driven solution yield a better false
alarm performance. Hence, the choice of method is not obvious since the perfor-
mance is similar and equal performance could maybe be achieved by adjustment
of the thresholds.

The binary classifier solution show poor false alarm rate. It should be said that
these measures are not completely comparable. This due to the fact that different
sets of data are used to evaluate the multiple binary and one class classifier/non
data-driven solutions. The small number of normal condition samples of the set
used to evaluate the binary classifier solution is also a uncertainty factor which
could implicate the performance. Upon investigation it was apparent that 100 %
correct classification was achieved on nf samples originating from themfpt data
set, but 0 % on nf samples from the cwru data set. The explanation could be
that the evaluation cwru-samples are so disparate from the cwru-data samples
in the training data set that the classifiers regards them as a faulty case. Hence,
insufficient/poor training data could be an explanation for the bad false alarm
performance. As can be seen in both Figure 6.8 and 6.9 the bad nf classification
performance is due to that many of the nf samples being considered as uf.

Comparing the classification solutions the obvious advantage of the non-data-
driven and one class solutions is that they do not rely on fault case training data.
On the other hand the binary classification solution have the possibility to classify
unknown faults since all the known fault modes are incorporated in the classifier.

7.2 Results from the Collected Data Set

Concerning the results from the collected data, the overall indication is that there
actually exists an outer race fault as is induced. As can be seen in the spectrums
of Figures 6.19 through 6.20, prominent peaks exists in the outer race fault la-
beled cases. As stated, some peaks near bpfo in the normal condition case are
identified, as illustrated in Figures 6.22. A couple of arguments are against stat-
ing the diagnose in the normal condition case as an outer race fault. First, the
prominent peaks at bpfo are much fewer in the normal condition data. Secondly
the peaks are not as prominent, meaning that the peak energy compared to the
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surrounding noise floor is lower.

As can be seen in the 600 rpm in gear case in Figure 6.23, almost all feature val-
ues are negative and a significant separation is achieved. Since only one sample
of each mode is collected it is impossible to confidently state something about
the separation performance. However, since separation is achieved for almost all
accelerometers and multiple features in this case, a clear indication is provided.
The separation strengthens that a fault actually is present in the fault induced
data. The other gear modes and rotational speeds does not show this clear sepa-
ration which is visible in Figures 6.24 and 6.25. Many of the accelerometers in
these cases also show up positive values for the faulty samples. This indicates
that a low rotational speed is preferable and that a gear should be engaged to
accomplish better isolation performance. An explanation of the seemingly better
performance of a lower rotational speed could be that more noise is introduced
in the higher rotational speeds.

Figure 6.23 shows that the closer the accelerometer is to the defective bearing,
the better the separation performance is. But, by looking at the right subplot in
the same figure, this does not hold up. An explanation is that, if accelerometers
does not extract reliable diagnostic information (which accelerometers far from
the defective source intuitively should not) the feature value is random and could
end up anywhere in the histogram. It is however observed that accelerometers
closer to the defective bearing are more often negative and on the right side of
the separating plane, as for example is the case for accelerometer B in Figure 6.24.
This is indicating a better detection performance of accelerometers positioned
closer to the defective bearing. Since the 600 rpm in gear case show separation for
a majority of the accelerometers it seems that a near placing of the accelerometer
is beneficial but not crucial to fault isolation.

Manual inspection from Figures 6.19 and 6.21 along with separation by the two
best features in Figure 6.23 clearly indicates that an outer race fault actually is
detectable in the gearbox data. This is further strengthened by the fact that most
of the accelerometers from the faulty case show a higher value of the nfi than
in the normal condition case, where the most significant change is visible in the
signal from the accelerometer closest to the fault.

The manual analysis along with the data separation by the features and the nfi-
values have shown that it seems plausible that defects could be isolated by the
automatized diagnosis solutions developed, although this has not been validated
in the gearbox case.

The manual analysis shows that isolation of bearing faults in a gearbox is plausi-
ble. The separation of data in the 600 rpm in gear case indicates that the devel-
oped features most likely could be used to train one of the proposed classifiers
developed in this thesis. Due to limited data from the gearbox in this analysis
it is hard to tell which classifier that would perform the best. Since fault condi-
tion data is difficult to produce, one of the classifiers solution without fault case
training could be a good starting point. In order to get the best performance it
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is recommended that training data and monitoring is done in gear and with low
rotational speed.

7.3 Method

When discussing components in the developed method for classifying bearing
faults a reference to "the proposed method" or "the method" means that the dis-
cussed component is general for all variations produced in this thesis. Hence, the
statements is true for all three classification procedures that are developed.

In this thesis, the whole diagnosis system design process is considered with anal-
ysis and development of data acquisition, signal pre-processing, feature genera-
tion and selection, classifier training and automatic diagnosis system design. This
broad perspective will of course limit the depth of all of the containing parts and
give space for further development. For example, the feature selection is per-
formed with an ad hoc approach taking all of the features which show up a signif-
icant separation in histograms. The procedure of feature selection could be made
more sophisticated, only choosing the features that yield the best classification
performance.

The fundamental component in the proposed method is to extract amplitudes
from discrete frequencies corresponding to the characteristic frequencies of the
defective bearings. If the machinery, which is under supervision, is complex and
consists of many rotating components, the ability of extracting relevant fault fre-
quencies decreases. This is a problem that cannot be circumvented by unmasking
and fault signal enhancement procedures. If a great number of early harmon-
ics of the bcf:s (since the majority of the energy is in these harmonics) collide
with other frequencies, the ability to detect and isolate faulty bearings would
be limited with the proposed method. The proposed method takes into account
disturbing frequencies when extracting the bcf peaks for feature and indicator
calculation. Since the knowledge of shaft speed is a prerequisite for the method
this is automatically considered. If more information is added, like gear mesh
frequencies or other shaft frequencies, these can also easily be considered. bcf
peaks colliding with these frequencies are then not extracted. If too many over-
lapping frequencies exist little diagnosable information is left. This risk is also
increased with the number of bearings to be monitored. Hence, if the method is
to be applied, a prior investigation is recommended to see which bearings and
fault modes in the system that are possible to isolate from each other. Such an in-
vestigation is straight-forward to perform with the bearing specifications at hand
according to Section 3.1 and vibration data collected from the system.

Due to phenomenons such as slip in the rolling elements and imprecise knowl-
edge of shaft speed, the peaks of the bcf:s will not be located where they are
assumed to be. This makes the extraction of the peaks harder. Since, if searching
too wide, there is a risk that adjacent frequency components are extracted instead.
If searching too narrow, the bcf:s could be missed. If the frequency resolution is
low, adjacent peaks will be smeared together making it harder to extract relevant
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information. These problems cannot be fixed with the pre-processing methods
proposed in this thesis. Hence, knowledge of precise shaft speed and high fre-
quency resolution (sufficiently large acquisition time) are necessary because of
this in order to apply the method with good performance.

Another shortcoming of the method is that if multiple bearings are monitored
and their specifications are exactly the same, the method at hand cannot tell these
apart. The method is not useless in this situation but the isolation performance
is limited and the diagnosis would be wider, including both bearings as possible
source of defects.

An advantage of the proposed method is that no geometric assumption is made
of the system that is under supervision, hence it is very general. The only thing
needed is bearing specifications, vibration data and speed of the shaft on which
the bearings are located. The method is also easily extended. If other character-
istic fault frequencies are known (coming from other kinds of faults like for ex-
ample gear cracks) it should be possible to extend the method to diagnose these
defects as well. As stated, information of disturbing frequencies can be used
such that more reliable features and indicators are produced. Knowledge of the
supervised system can hence enhance the performance.





8
Conclusions

The analysis of this thesis show, that defective bearings in gearboxes of trucks
are detectable in vibration data coming from a single accelerometer which is
mounted on the surface of the gearbox. Different accelerometer positions have
been assessed and the conclusion is that a near placing of the accelerometer is
beneficial but seemingly not crucial for detection performance. Three different
rotational speeds have been tested. Analysis indicates that a low rotational speed
is preferable.

Investigations of using the two public data sets shows that defects coming from
either the outer or inner race of a bearing can be isolated from each other in these
cases. Moreover, based on different specifications, the defects can be isolated
among multiple bearings. Although not validated in this thesis, due to only one
analyzed induced fault, the analysis show that there is potential to isolate outer
and inner race defects among multiple bearings in a gearbox case. The methods
ability to isolate a defect is mostly dependent on if prominent peaks correspond-
ing to the defect are visible in the spectrum. This together with the fact that
detection of the induced outer race fault was achieved is an indication that these
faults could be distinguished from each other.

Validation on the public data sets shows that an automatized procedure for multi-
ple bearing fault diagnosis is possible. Three different solutions for such a proce-
dure are presented. Separation of data from the gearbox show that the developed
features can isolate fault from the gearbox case as well. The results indicates that
there is potential of using these features to train one of the classification solu-
tions for bearing defect isolation in the gearbox case. However, more data from
different faults are needed to proceed with more experiments.

Isolation of several kinds of faults is achieved for the public data sets. This shows
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the capability of the method. The induced defect in one of the bearings in the
gearbox is manually detectable and the developed features separate the fault data
from the nominal case. These results show that one of the developed bearing
fault classification algorithms could function as a diagnosis system for a gearbox,
detecting inner and outer race defects on multiple bearings in the gearbox.

If the method would be implemented to a gearbox, there are a couple of things
that needs to be considered. Since the one class and no-data-driven solutions
does not need fault case training data they could be further tested and imple-
mented quite easily. A few samples from a low rotational speed nominal case
collection could help calibrate the threshold of these two methods. Since low
false alarm rate often is preferable in the gearbox case the threshold could be set
such that it is the maximum nfi-value of the collected nominal condition sam-
ples. This threshold could then be corrected when more nominal cases comes in.
This would ensure a low false alarm rate but as stated in Chapter 6 the detection
rate would be worse.

A long acquisition time of accelerometer data is recommended since the method
is highly dependent on frequency resolution. 12 seconds have been used in this
work but a longer acquisition time could be beneficial. Since the bearing signals
often are more prominent in higher frequency bands a large sample rate is also
recommended, 50kHz is used in this thesis. It is possible that an even higher
sample rate could achieve better results since the band selection algorithms often
chooses bands above 20kHz. The last recommendation for implementation is to
have precise bearing specifications and precise knowledge of the shaft speed. To
avoid smearing of frequencies a constant shaft speed is required.

No geometric assumption is made on the system of which is monitored. Hence,
the proposed methods should be applicable to any system holding a bearing
mounted on a shaft. The only thing needed is an accelerometer, knowledge of
shaft speed and specifications of the bearings. To apply the automatic methods
some prerequisite analysis must be performed to set the threshold and/or collect
training data.

8.1 Future work

There is a number of interesting directions of future work. Directed to the gear-
box case, a natural thing to study would be more faulty cases in different locations
in the gearbox. As discussed, isolation performance seems to be dependent on the
distance between the accelerometer and the faulty bearing, raising the question
if all bearings in the gearbox can be monitored with a single accelerometer. One
interesting question is to further investigate if an accelerometer positioned at the
center of the gearbox is sufficiently close to detect faults anywhere in the gearbox.
Could the known distance to the accelerometer be incorporated in the algorithm
such that bearings with different distances but equal defect sizes are detected at
the same stage?
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Another interesting subject would be to investigate how one of the proposed bear-
ing fault classification algorithms could be applied in a moving vehicle. Such an
implementation would be subject to other kinds of disturbances than in the sta-
tionary case. Low frequency disturbances from the suspension or bumps in the
road would be things that had to be considered. Questions arises of how the data
should be acquired. One thought is that data is collected at certain time points
and is thereafter assessed. If the data have been collected with fairly little noise
the data record is further processed. Another more proactive method would be
to try to incorporate information of the environments ahead and only collect data
when the conditions are right.

Diagnosing a gearbox including multiple bearings is complicated if different bear-
ings have similar specifications. An interesting study would be how the geometry
of the surveyed system could be incorporated to enhance isolation performance.
If for example bearings could be considered decoupled in certain gears, meaning
that they are not moving or moving without significant load. That could be used
to set up a shifting test routine isolating certain bearings at each gear, limiting
the number of bearings that need to be surveyed at each created signal. This
could also be used to enlarge the number of reliable bcf harmonics as base for
diagnosis. This, since some disturbing frequencies would move in different gears
whereas the bcf would be the same. Bearings can end up with equal or very
similar bcf:s due to their specifications or because they happen to coincide due
to location on different shafts. Bearings in this situation could perhaps be dis-
tinguished by incorporating knowledge of the bearing location. Since distance
seems to affect the developed indicators in this study, it is not unreasonable that
accelerometer to bearing distance could be used as an isolation property.
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