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Abstract

Rolling element bearings are used to carry load and reduce friction between moving
parts in rotating machines, which play a central role in society and industry, for example
in the transportation and energy sectors. It is essential to monitor and maintain the con-
dition of bearings such that machines can operate efficiently and any failures resulting
in unplanned stoppages are avoided. Therefore, bearings with embedded sensing capa-
bilities are becoming increasingly common, which makes it possible to consider bearings
to be sensor systems that can monitor the condition of rotating machines. However, the
task of automatically analyzing the signals is challenging because machines are different
and evolve over time; moreover, the complexity of the signals, machines and possible
failure modes is high and costly to accurately predict and model. Therefore, the use of
unsupervised machine learning methods for the automated analysis of such signals and
the detection of abnormal operational conditions is an interesting subject worth further
exploration.

Previous work has strongly depended on static features defined by human experts
and thresholds that characterize abnormal operational conditions. Furthermore, machine
learning methods typically depend on such static features to classify the faults and vari-
ous operational conditions of the machine. This approach is challenging when reusing a
method for different applications and environments, wherein similar features and thresh-
olds can have different meanings. This problem is typically solved by reconfiguring or
redesigning the condition monitoring system, thereby constraining the applicability and
efficiency of the method.

In this licentiate thesis, I investigate unsupervised methods for feature learning and
anomaly detection. In particular, I focus on vibration signals, which contain informa-
tion about both the bearing condition and the condition of the machine. The considered
model represents the signal as a linear superposition of noise and atomic waveforms of ar-
bitrary shape, amplitude and position. The atomic waveforms are adapted to each signal
and machine using an unsupervised probabilistic optimization method and are consid-
ered features of the machine and physical processes exciting the signal. This model can
automatically adapt the features to different environmental and operational conditions,
thereby forming the basis for the development of a condition monitoring system that
requires a minimum of manual configuration. Additionally, the model produces sparse
codes that decrease the sensor data rate and, in principle, simplify the task of analyzing
and communicating complex sensor information in resource-constrained embedded sensor
systems.

The thesis outlines an implementation of a sparse representation and dictionary learn-
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ing method that is applied to vibration signals. I describe how signal analysis is performed
using typical static pre-defined features and contrast this analysis with an analysis based
on features that are automatically derived from the signal. In particular, the analysis
focuses on the evolution of the vibration signal and the features when a fault develops
within the ball bearing of a rotating machine. The evolution rate of learned features is
defined and proposed as an interesting quantity for an autonomous condition monitoring
process, and a first step towards an FPGA implementation of the method is presented.
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Chapter 1

Introduction

“Prediction is not just one of the things your brain
does. It is the primary function of the neocortex,

and the foundation of intelligence.”
Jeff Hawkins

“Intelligence is the ability to adapt to change.”
Stephen Hawking

A rotating machine is a tool that uses an energy source to turn around an axis. These
machines can be as simple as toys, such as a skate or a bike, or they can be highly complex
systems, such as an aircraft engine or a power generator. However, what these machines
have in common is that they need some type of bearing. A rolling element bearing is
a machine element that permits low friction in relative motion between moving parts
and that transfers a load through elements in a rolling contact [1]. Figure 1.1 provides
examples of a traditional rolling element bearing and a train bearing with sensors. Failure
of the bearings can lead to a complete breakdown of the machine, which translates into
loss of productivity. For example, in induction motors used in industrial applications,
the bearing faults account between 40 and 90% of all faults, depending on the size of the
machine [2]. Therefore, the reliable condition monitoring and diagnosis of rolling element
bearings is an important task.

The condition monitoring of rolling element bearings requires early fault identification

(a) Ball bearing (b) Sensorized bearing

Figure 1.1: Rolling element bearings. (Courtesy of SKF.)
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4 Introduction

methods. The current demands for bearing life require the prediction of fault conditions
[3]. Fault detection and prediction for rolling element bearings is a difficult task because
of the large number of variables affecting the behavior and performance of a bearing. The
challenge increases when the factors related to the characteristics of the fault are also
considered. Typically, expert knowledge is required in the selection of signal features
and the interpretation of data before decision can be made. Furthermore, condition
monitoring methods are tuned to the bearing application, environment and operating
conditions. Therefore, the condition monitoring process is difficult to automate and
expensive to maintain.

This motivates the further development of techniques for the automated detection
and prediction of faults. Approaches based on traditional pattern recognition methods
require large amounts of data for training. In practice, it is difficult to obtain sufficient
labeled data that include all relevant fault scenarios and combinations. This challenge
is key in large and critical machines where faults have to be prevented to the greatest
extent possible [4]. Therefore, an approach that is capable to adapting to bearings in
different machines in diverse environments and operational conditions with a minimum
of manual configuration would be highly valuable.

1.1 Problem formulation

The development of a robust and efficient method of autonomous condition monitoring
calls for efficient signal processing and machine learning techniques. Condition monitor-
ing signals from a rolling element bearing include information about the properties of
the bearing and machine in operation. However, it is not clear what information can be
reliably extracted from such signals. In this thesis, the use of an adaptive signal process-
ing approach that enables a decomposition of the signal into characteristic waveforms is
investigated. Each waveform represents an atomic structural feature of the signal that is
related to a physical process exciting the sensor. This approach is potentially useful for
automated signal analysis and sensor systems with constrained resources.

An autonomous condition monitoring sensor system should have the ability to process
a diverse range of signals from sensors in machines in different environments and under
different operational conditions by adapting to the machine with minimum manual con-
figuration. The main goal of this work is to investigate machine learning techniques for
the condition monitoring and analysis of signals from rolling element bearings that can
be useful to solve that problem. This goal can be further defined through the following
research questions:

Q1 Can vibration and high-frequency emission signals from rolling element bearings be
reliably characterized with unsupervised machine learning methods, particularly
feature learning and pattern analysis methods?

Q2 What feature learning methodology should be used for the online analysis of such
signals?
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Q3 How should the acquired features be used to infer the bearing condition, and under
what conditions does this approach present an improvement over current method-
ologies?

The answers to these questions require an investigation of how to characterize and
extract key information from bearing signals. Furthermore, it requires an understanding
of current analysis methodologies and identification of the methods suitable for this
application and goal. Finally, it requires the definition of how to represent the information
in such a way that the autonomous analysis of signals becomes feasible.

1.2 Thesis outline

This is a compilation thesis and includes two parts. The remaining chapters in Part I
are organized as follows. Chapter 2 provides a description of the objectives of condition
monitoring for rolling element bearings and the methods used for such tasks. Chapter 3
presents a brief overview of techniques for the analysis of vibration signals, including tra-
ditional approaches and more recent machine learning approaches. Chapter 4 introduces
the method of sparse coding with dictionary learning and provides a discussion, as well
as examples, of the properties of sparse representations and dictionaries. Chapter 5 is
a summary of the appended papers included in Part II of this thesis. The last chapter,
Chapter 6, summarizes the work presented in this thesis. It provides partial answers
to the research questions and discusses open issues. Part II of this thesis includes a
peer-reviewed paper published in the proceedings of an IEEE workshop, a manuscript
submitted to a conference and a manuscript to be submitted to a journal. All papers
have been reformatted to match the layout of the thesis.
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Chapter 2

Condition Monitoring of Rolling
Element Bearings

“Prevention is better than cure.”
Erasmus of Rotterdam

The purpose of the condition monitoring of rolling element bearings is to reduce
both the number of failures and the machine downtime. The condition of the bearing is
described by a set of parameters that are continuously monitored. The type of application
where the bearing is used and the conditions to which it is exposed influence the health
and lifetime of the bearing.

Historically, there have been three approaches to the maintenance of a bearing. These
approaches are run-to-break, time-based or milage-based preventive maintenance and
condition-based maintenance (CBM) [5].

The detection of bearing failures is accomplished by comparison of bearings signals
against a baseline or fault template. Unfortunately, when abnormal signals appear, this
can be an indication that a failure has already occurred. Therefore, even in the presence
of initial damage and increased friction, the bearing and machine are allowed to continue
operating. The bearing continues to operate until a catastrophic failure occurs and
the machine ceases to operate. This example illustrates the run-to-break maintenance
approach. This approach may provide the longest time until actions have to be taken,
but when a failure occurs, it results in severe damage.

Many applications have utilized the preventive maintenance approach. It is based on
previous experience or calculations of bearing lifetime endurance and performs periodic
maintenance stoppages of the machine. During these stops, the bearings are inspected
or replaced with new bearings. This approach can be costly and inefficient because new
bearings are not necessarily better than the existing ones. When a bearing is installed,
it undergoes an initial adaptation period, wherein production defects can cause early
failure. However, once the machine has been operating for an extended period of time,
the bearing most likely will continue to function for a long time when subject to typical
operational conditions. Therefore, it is better to allow a well-functioning bearing operate
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8 Condition Monitoring of Rolling Element Bearings

without interruption than to replace it [6].
Condition-based maintenance, which is also known as predictive maintenance, is the

most recent and advanced approach. The idea in this approach is to predict the likelihood
of the breakdown of the machine through condition monitoring and use that information
to decide the best time for maintenance operations. Predictions are estimated with risk
assessment and failure modes and effects analysis. Furthermore, this approach requires
reliable condition monitoring information and sophisticated signal processing techniques
to predict the remaining useful life of the bearing [5].

2.1 Methods for condition monitoring

The application that uses the rolling element bearings also plays a role in the selection
of the condition monitoring method to be used. The benefits and limitations of these
methods are related to characteristics of the bearing such as size, mounting conditions and
lubrication system. The methods for the condition monitoring of bearings are classified
according to the signals and measurements methods that are used. The list of methods
include the following [7]:

Vibration
This is the most commonly used signal for condition monitoring [8]. Any machine
possess a vibration signature when operating under normal conditions. However,
when a fault appears, the vibration signature often changes. The vibration is
typically measured by accelerometers, and the signal is analyzed with various signal
processing techniques. Chapter 3 focuses on vibration signals and related analysis
techniques.

Acoustic emission
This is a relatively recent condition monitoring method that focuses on the mea-
surement of high-frequency emissions from micro-structural processes such as crack
growth and plastic deformation of the material. This method can enable earlier
fault detection compared with the vibration method. However, a major obstacle
for a wider use of this method is the processing and classification of the data [9]. Ini-
tial techniques used for the analysis of acoustic emissions are extensions of vibration
analysis techniques due to the similarity between acoustic emission and vibration
signals. Therefore, a brief discussion of this method is included in Section 3.2.

Sound pressure
This method uses a microphone to record the bearing noise. In turn, the fault
frequencies appear in the signal in a similar way as in the vibration method. Un-
fortunately, this method requires that the background noise is shielded or limited
to avoid erroneous results [10].

Laser interferometry
An alternative strategy of measuring the bearing vibration is the use of a laser



2.2. Condition-based maintenance 9

displacement method. This method provides a vibration signature that can be
used for vibration analysis purposes with greater accuracy than is possible when
using accelerometers. Unfortunately, the measurement setup is more challenging
and costly than is the use of traditional sensors [11].

Chemical analysis
The degradation of bearings and lubricants generates residue that can be monitored
and analyzed. Chemical analysis of the lubricating oil provides information about
the health and wear of a rolling element bearing. However, this method is only
feasible for large bearings and high cost applications with a circulating oil supply
system [7].

Temperature measurement
Certain applications put constraints on the maximum allowed temperature of a
bearing. The temperature can increase due to the degradation of the lubricant,
high speed and temperature distribution of the machine. Therefore, monitoring of
the temperature can provide information about the health of the bearing [7].

Stator current
This is an non-intrusive method that does not require sensors to detect the bearing
signature [12]. It is based on the monitoring of the current and voltage of the motor
in which the bearing is mounted. It is a cheap and easy-to-implement alternative
that remains in development. The disadvantage of this method is that it is only
applicable to induction motors and has a low signal-to-noise ratio.

2.2 Condition-based maintenance

Condition-based maintenance (CBM) is based on condition monitoring methods for the
planning of maintenance actions that are motivated by the collected information. The
goal is to avoid unnecessary maintenance operations, and this is achieved via the esti-
mation of the remaining useful life and prediction of faults. The idea behind CBM is
that the operational conditions that are realized in a machine are different than those for
which the machine was designed. As a result, the prediction of the remaining life should
be based on the accumulated information about the operational conditions [6]. This
maintenance approach is equally applicable to machines and bearings. It estimates how
likely a failure is to occur and the remaining useful life, and actions are taken to extend
the life of the bearing. Figure 2.1 illustrates how the remaining useful life is extended
once actions are taken to correct a fault. It also shows how life is “consumed” when the
bearing operates under conditions for which it was not designed.

A CBM strategy includes three stages, which are shown in Figure 2.2. These stages
are data acquisition, data processing and decision making. In the data acquisition stage,
information about the bearing state is collected. The data processing stage includes
conditioning and extraction of features from the acquired data. In the decision making
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Figure 2.1: Bearing consumption of life over time at different operational conditions.
Severity assessment refers to the accumulated conditions of operation with respect to
bearing design. The early detection of abnormal conditions enables the extension of the
component life by taking actions to correct the issue. The dotted lines illustrate the time
to failure if action would not be taken. The bearing will eventually fail due to fatigue.
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Figure 2.2: Information processing stages in a condition-based maintenance process.

stage, recommended maintenance actions are generated by using diagnosis and prognosis
methods [13].

2.2.1 Data acquisition

In the data acquisition stage, useful data from the bearing is collected. The data collected
can be of two main types: maintenance data and condition monitoring data. Mainte-
nance data include information about faults and maintenance operations on the bearing.
The collection of maintenance data is often performed manually and are then stored
in information systems. The condition monitoring data include measurements of the
bearing properties such as vibration, acoustic emission, and temperature. The data are
collected from the different sensors and stored in an information system. It is important
to highlight the importance of maintenance data for the success of the CBM strategy.
Maintenance data are also used to evaluate the performance of the features generated
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in the data processing stage. Furthermore, the maintenance data are used to improve
features via feedback from the decision making stage [14].

2.2.2 Data processing

In the data processing stage, features and condition indicators that are used for decision
making are generated. Typically, no decision about the condition of the machine is
generated in this stage. The data processing stage is divided in two steps: pre-processing
and data analysis. The pre-processing step removes possible data errors generated by
sensor faults. In the data analysis, useful information is extracted from the raw signals,
a process which is known as feature extraction. The methods used to analyze the data
depend on the type of data. The data can be in the form of scalars (e.g., temperature),
waveforms (e.g., vibration or acoustic emission) or other multidimensional signals (e.g.,
X-rays) [14]. This work focuses on methods for the analysis of vibration and, possibly,
acoustic emission signals.

2.2.3 Decision making

The decision-making stage generates the recommended maintenance actions required to
optimize the life of the bearing. The techniques involved in the decision making stage
are divided into two categories: diagnosis and prognosis. Traditionally, the generated
actions are based on the knowledge of experts; however, the development has shifted
toward the automation of these actions. Diagnosis includes the automated detection
and classification of faults when they occur, whereas prognosis involves the automated
estimation of the remaining useful life and how likely a failure is to occur [13].

Diagnosis

Diagnostics is the analysis of features required to identify particular machine faults. This
is achieved through the use of signal processing, machine learning and pattern recognition
techniques. Commonly used techniques include wavelet analysis, statistical approaches,
expert systems and model-based approaches.

Prognosis

The objective of prognosis is to predict failures before they occur. The methods for
fault prediction can be grouped in three categories: traditional reliability approaches,
condition-data-based prediction, and integrated approaches. Traditional reliability ap-
proaches estimate the probability of a failure based on historical maintenance records of
a population of identical units. These methods provides general estimates useful for man-
ufacturers but are of little use to end users. Condition-data-based prediction depends on
models generated from condition monitoring data to reflect the current condition of the
monitored unit. Integrated approaches involves the combined use of traditional reliability
models and models generated from condition monitoring to generate the prediction [13].
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Chapter 3

Analysis of vibration signals

“Don’t find fault, find a remedy.”
Henry Ford

Rolling element bearings are versatile machine elements that can operate in many
applications without interruptions if the following set of requirements is met [15].

• The bearing is of correct design and size for all possible load conditions.

• The bearing is properly mounted in the shaft and housing.

• The lubrication of rolling element-cage and cage-bearing ring interfaces is adequate.

• The bearing operates at speeds consistent with the lubrication method.

• The bearing is protected from contaminants.

Therefore, bearing failure is typically the result of improper design, installation or ex-
treme operational conditions. This eventually results in bearing failure manifested in the
form of excessive deflection, excessive vibration and/or high friction and torque.

Measured vibration signals from a bearing include a combination of source effects
and transmission path effects. Furthermore, the source effects can be the result of the
inherent vibration signature of the bearing, or the manifestation of a fault [5]. This
means that there can be a mixture of information within one signal. Therefore, analysis
techniques are needed to extract information from the signal that enables the detection
of a fault.

The discussion in this chapter is divided in four sections. First, I provide an overview
of the vibration sources and failure modes in a bearing. Secondly, I briefly describe high-
frequency emissions, which share certain characteristics with vibration signals, and offer
a summary of the corresponding analysis techniques. Third, I discuss various techniques
employed for the analysis of vibration signals. Finally, I introduce the machine learning
approach and how it is used for the classification of faults using vibration signals. The
chapter concludes with a discussion of the characteristics that an improved machine
learning approach should have for it to be useful for the analysis of vibration signals and
possibly high-frequency emissions.

13



14 Analysis of vibration signals

3.1 Vibration sources and faults

Rolling element bearings posses a vibration signature that is the result of normal imper-
fections and the degradation of the rolling surface. This signature is further modified by
the machine structure, transmission path and other components of the machine in which
the bearing is mounted. This makes vibration signals complex and non-trivial to analyze
in general.

The vibration amplitude and other characteristics depend on several factors such as
the energy of eventual impulses, the construction and geometry of the bearing, and the
measurement location. Furthermore, the vibration of a bearing is the result of surface
interactions in the form of rolling and sliding movements. The vibration sources belong
to one of the following categories [16]:

Variable compliance This type of vibration is due to the application of an external
load on a discrete number of rolling elements. The position of the rolling elements
with respect to the line of action of the load varies continuously with time, and
this results in a relative movement between the inner race and the outer race due
to the elastic deflection at the raceway contacts.

Geometrical imperfections The accuracy of the manufacturing process affects the
form and surface finish of the bearing components. This produces geometrical
imperfections that affect the vibration signals. Geometrical imperfections are clas-
sified into two categories.

Surface roughness Surface imperfections with a size on the order of the contact
width or less are part of the surface roughness. This type of imperfection can
produce high levels of vibration when the lubricant film thickness is smaller
than the surface roughness, which results in metal-to-metal contacts.

Waviness Surface imperfections that are larger than the contact width are part
of the surface waviness. In this type of imperfection, the rolling element tends
to follow the surface contour, and the vibration level produced is dependent
on the load and rotational speed.

Discrete defects These are typically produced during the handling of the bearing. Dis-
crete defects are the product of poor assembly, installation, operation, and mainte-
nance operations. They can take a large variety of forms and therefore are difficult
to detect in some cases.

Defects in a bearing may be divided into two main categories: distributed defects and
localized defects [17]. Distributed defects include faults due to wear and contamination
as well as the effects due to geometrical imperfections of the surface. Localized defects
include cracks, pits and spalls caused by fatiguing of the raceway surfaces. Typical
vibration signals of a bearing with a localized defect at different locations are illustrated
in Figure 3.1.

Localized defects in a bearing produce specific defect frequencies. These defect fre-
quencies can be calculated with the following formulas [4, 17]:
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Outer Race Inner Race

Rolling Element

Figure 3.1: Typical vibration signals due to a localized defect on the outer race, inner
race and rolling element.

Ball pass frequency of outer race (BPFO)
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2
{1− d

D
cosφ}, (3.1)

Ball pass frequency of inner race (BPFI)
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cosφ}, (3.2)

Fundamental train frequency (FTF)

f(Hz) =
fr
2
{1− d

D
cosφ}, (3.3)

Ball (roller) spin frequency (BSF)

f(Hz) =
D

2d
{1− (

d

D
cosφ)2}, (3.4)
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D

d

φ

Figure 3.2: Graphical description of the variables used for the calculation of the bearing
characteristic defect frequencies.

where n is the number of rolling elements and fr is the shaft speed. Refer to Figure 3.2
for definitions of D, d and φ.

There are multiple types of bearing faults that in turn affect the vibration signal
generated by a bearing. Harris [15] describes different fault modes that can occur in a
rolling element bearing as follows.

Faulty lubrication typically occurs as the result of inadequate lubricant supply. It can
lead to metal-to-metal contact and thermal imbalance between the inner and outer
raceways.

Fretting is a chemical reaction on the bearing surface that removes surface material
through corrosion.

Excessive load produces excessive amounts of stress and surface friction that leads to
rapid bearing failure.

Cage fracture. The loss of radial clearance generates excessive loads between the cage
and the rolling elements, which may lead to cage fracture. Cage fracture produces
fragments, which increases wear and bearing friction and results in bearing failure.

Pitting and indentation of the surface are interruptions of the smooth raceway sur-
face that can be produced by corrosion, brinelling, electric current passing through
the bearing, and hard particle contaminants.

Wear is the gradual deterioration of a bearing associated with reduced geometric accu-
racy. Sunnersjö [18] describes the relationship between surface irregularities and
wear.

Micropitting is a form of surface distress produced by the absence of sliding during
rolling motion.
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Surface-initiated fatigue appears due to the repeated cycled stress at surfaces in con-
tact that exceeds the fatigue limit of the material.

Subsurface-initiated fatigue. The cyclic loading of a bearing surface may also lead
to subsurface-initiated fatigue. This results in fatigue spalling, which increases the
surface friction.

3.2 High-frequency emissions

A rolling element bearing in operation generates high-frequency emissions in addition to
the vibration signals. Certain high-frequency emissions are also known as acoustic emis-
sions (AEs), and the waveform resembles vibration signals but are of higher frequency.
AEs are transient elastic waves generated from a rapid release of energy from a material.
The released energy is due to deformation or damage within or at the surface of the
material [19, 20]. AE originates from forces acting in the material. These forces produce
stresses in the material that result in deformation and the emission of high frequency
waves [21]. The energy released by AEs can typically be detected in a frequency range of
100 kHz to 1 MHz [19]. The interest in AE is due to the ability to detect released energy
inside the material, which can be used to predict surface damage [22].

AEs may be divided into two classes. One class includes stress-wave emissions that
are continuous and have low amplitudes. They are produced by plastic deformation in a
material [23]. The other class is individual burst emissions, which are intermittent and
have a higher amplitude than stress-wave emissions. This emission has a sharp rise and
exponential decay and is typically produced by crack growth [20].

An acoustic emission is an elastic wave that propagates in a solid medium through
the displacement of material layers. Waves that move with dimensions larger than the
acoustic wavelength are called bulk waves. Bulk waves can be categorized into P-waves
or S-waves. P-waves, also known as longitudinal waves, oscillate in the direction of the
wave propagation. S-waves, or transverse waves, oscillate in a direction perpendicular
to the wave propagation. All waves contain a longitudinal and a transverse component,
which travel with different velocities. Furthermore, waves may be classified in terms of
location in body waves and surface waves. Body waves move through the interior of a
material. Surface waves travel along the surface of the material or at the interface to
another material. Additionally, surface waves may be divided into two main categories.
These categories are Love waves and Rayleigh waves. Love waves oscillate in parallel
to the surface. Rayleigh waves oscillate perpendicularly to the surface [24]. Figure 3.3
illustrates the displacement of longitudinal, transverse and Rayleigh waves.

The detection of acoustic emissions requires proper handling of noise. The main
external source of noise are friction and impacts. Table 3.1 provides a summary of the
common analysis techniques used for AEs. These techniques are categorized as time-
domain, frequency-domain and joint time-frequency-domain methods.
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Longitudinal waves

Transverse waves

Rayleigh waves

Figure 3.3: Displacement caused by acoustic waves in a material. The dotted lines
represent the nominal positions of the material layers. Rayleigh waves are a type of
waves with both longitudinal and transverse motions.

Table 3.1: Summary of acoustic emission analysis techniques.

Time domain
Parameter/Method Characteristic

Ring down counts

The number of times the signal amplitude exceeds a
threshold level in a given time. Insensitive to load but
influenced by rotating speed [25]. Increase in ring down
counts is greater than AE event count and peak am-
plitude [26]. Proposal of threshold setting [27]. Value
depends on signal frequency and amplitude of AE pulses
[28].
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AE event
A group of ring down counts that represents a transient
wave. Useful for the detection of initial damage and the
definition of damage size during propagation [29].

Peak amplitude
The intensity of the source generating the AE. It in-
creases with defect size [30]. No substantial increase
with load. Useful for bearings with low and normal
speeds [31].

Rise time
The time taken to reach the peak amplitude value from
the first crossing of a threshold level. Possible use to
infer the extent of damage [28].

RMS voltage and
Crest factor

The crest factor is the ratio of the peak value to the
RMS value. Measurement of these characteristics show
limited success in the detection of localized defects [22].
RMS values increase with load and defect severity [9].

Area under
amplitude-time
curve

Alternative proposed to overcome drawbacks of the ring
down counts. Rapid activity increase with defects larger
than approximately 0.5 mm [28].

Statistical moments
Estimated values are affected by shaft speeds [10]. More
sensitive than vibration-based parameters to the onset
and growth of defects [9].

Frequency domain and joint time-frequency domain
Method Characteristic

Envelope analysis
Most commonly used method, also known as “high
frequency resonance technique” [32]. Frequency-based
peak ratio is good for localized defect detection [33].

Short-time RMS
Requires comparison of measured characteristic frequen-
cies with predicted characteristic frequencies. No infor-
mation about the type of defect is provided [25].

Wavelet transform
Use of this technique shows concentration of AE energy
in the range of 40 to 100 kHz. Rotating speed does not
influence the time-frequency characteristics of signals.
Simultaneous increase of load, speed and defect size can
migrate energy to a higher frequency range [34].

Spectral kurtosis
Shows improved SNRs for defective bearings compared
with wavelet analysis [35].

Cyclostationarity
Improved detection compared with traditional raw en-
velope spectrum or time-domain parameters but limited
to outer race defects only [36].
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3.3 Signal measurement and analysis techniques

The analysis of a vibration signal involves the measurement of the acceleration at a
particular location. Care must be taken in the selection of the location where the sensor is
installed because this affects the amount and quality of information that is generated [37].
Traditionally, the measurement of vibration is performed in three directions: two radial
directions (X and Y) and the axial direction. These measurements may be performed
at multiple locations using several accelerometers or at a single location using a tri-axial
accelerometer. Typically, vibrations are measured in a range from 10 Hz to 104 Hz [16].

There are several methods that can be used for the analysis of vibration signals.
Patidar and Soni [17] provide a general overview of techniques that are applicable for the
diagnosis of rolling element bearings, and Yang, Mathew and Ma [38] focus on vibration
monitoring techniques that only perform feature extraction. In this section, I present a
brief overview of these techniques. The methods are classified on the basis of the domain
in which the analysis is performed.

3.3.1 Time-domain techniques

The calculation of the root-mean-square (RMS) and crest factor are the simplest feature
extraction approaches. The crest factor is the ratio of the peak value to the RMS value
of the acceleration [22]. The information obtained about eventual faults is limited and
fault detection is difficult. However, these measurements can be used for trend analysis,
and increasing values may be an indicator of the deterioration of the machine [16].

Another approach for the study of vibration signals in the time domain is the analysis
of statistical moments. This approach is based on the analysis of statistical moments
defined as

Mx =

∞∫
−∞

xnP (x)dx, n = 1, 2, 3, . . . ,m, (3.5)

where P (x) is the probability density function of the instantaneous amplitude x [22].
The most commonly used statistical moments are

• First moment: mean value.

• Second moment: variance.

• Third moment: skewness.

• Fourth moment: kurtosis.

The odd-number moments concern the position of the peak value of the probability
density function in relation to the mean value, and the even-number moments describe
the characteristics of the spread of the distribution [39]. Mathew and Alfredson [40] have
suggested that the most useful moment is kurtosis. Theoretically, an undamaged bearing
posses a kurtosis value of 3, whereas a value well above 3 can be an indication of failure.
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Figure 3.4: Block diagram of the envelope analysis method.

The shock pulse method (SPM) is another technique that is widely used in indus-
try. This technique is based on an accelerometer that is tuned to a resonant frequency,
normally 32 kHz. The maximum value of pulses resulting from structural resonances is
measured, which in turn provides an indication of the condition of the bearing [41]. This
technique has not been widely studied in academia, and it is briefly discussed in certain
overview articles [22].

3.3.2 Frequency-domain techniques

Frequency-domain analysis techniques are more popular due to the possibility of ad-
dressing periodic events that are produced by race defects. The use of these techniques is
further facilitated by the fast Fourier transform (FFT), which allows the frequency spec-
trum to be obtained in an efficient way. A straightforward analysis technique consists
of the direct comparison of the signal spectrum with the bearing characteristic defect
frequencies described by Eq. 3.1–3.4. The comparison provides an indicator that can be
used in the localization and identification of the faults. However, direct comparison is
only successful in the detection of large defects, whereas smaller defects are challenging
to detect using this method [22, 42].

Currently, the High Frequency Resonance Technique (HFRT), also known as the
envelope technique, is the most widely used method. This method extracts the frequency
band where the resonances occur by filtering, rectifying and demodulating the vibration
signal. The FFT is applied to the resulting signal, and the output signal is displayed in
the frequency domain. Figure 3.4 presents a diagram of the overall process. The original
purpose of this technique was to be able to move frequency analysis from a high range
of frequencies to a lower range [43]. This technique is successful for the identification of
localized faults but is less so for the identification of generalized faults [33, 22].

The wavelet transform is a technique that uses the joint time-frequency domain for the
analysis of signals. The motivation of a joint time-frequency approach is the assumption
that vibration signals have time-varying statistics that need to be considered to ensure
the proper diagnosis of a bearing condition. This technique has shown success in the
detection of both localized and generalized defects [44, 45].
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Figure 3.5: Machine learning stages.

3.4 Machine learning for vibration analysis

The aim of machine learning is to give computer systems the ability to make predictions
based on training data. A set of examples are used as training data to find a model that
fits the data. Then, the model is used to predict the meaning of new data [46]. Machine
learning techniques can be used for automated classification of bearing faults, which is
an important diagnosis task in the condition-based maintenance process.

3.4.1 The machine learning process

Adaptation and generalization are the key aspects of machine learning techniques. Adap-
tation requires that the system implementing the machine learning process adapts so it
becomes more accurate. This enables of improvement through repetition. Generalization
is the application of what the system has already learned to new categories of data. The
two actions form a loop, and with more data, the system can perform a more accurate
analysis of new data [47].

One approach to machine learning is descriptive, or unsupervised learning. This ap-
proach allows the system to learn by itself. The goal of the approach is to identify patterns
in the given input that fulfill specific constraints and have certain characteristics [48].
Many machine learning techniques are inspired by biological or evolutionary processes
for the development of the algorithms. The motivation is the challenge of addressing
uncertainty [49].

Typically, a machine learning process follows the steps illustrated in Figure 3.5. When
this process is applied to the problem of fault detection in bearings, the signal could be,
for example, the vibration data, and the final output includes information on whether a
fault exists and the type of fault. The feature extraction stage refines the information in
the data, and the model and classification stages identify patterns among the features,
so that they can be grouped together and classified [38].

3.4.2 Machine learning techniques

The machine learning techniques discussed in this thesis address fault detection in bear-
ings. These techniques typically use vibration data as input. The output varies among
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the techniques and problems considered. In some cases, the output is the classification of
whether a fault exists. In other cases, the output is the location of the fault (e.g., inner
race, outer race or rolling element). Finally, the output can also be the classification of
the type of fault.

Artificial Neural Networks (ANN)

Artificial neural networks (ANNs) are inspired by neurons in the nervous system. They
can be considered as weighted graphs, where each neuron is a node with weighted connec-
tions to other nodes. There are multiple ways of arranging and configuring the neurons
to produce different outputs. For further details about ANNs, refer to [50]. The input
to an ANN may be features manually selected from the time-domain, frequency-domain
or a combination thereof. Furthermore, an ANN can be trained to identify the features
to be used [51]. The training of an ANN is often performed using a back-propagation
algorithm. The output depends on the number of neurons in the last layer of the ANN.
For example, Samanta and Al-Balushi [52] use two neurons in the output layer. This
allows for the determination of whether a fault exists in a bearing, but it does not provide
information about the type of fault. By increasing the number of neurons in the output
layer, it is possible to classify several fault conditions. Classification between localized
and generalized faults, in either the inner race, outer race or the rolling elements, is
achievable with six neurons in the output layer [53].

Support Vector Machines (SVM)

Support vector machines, also known as “large margin classifiers”, define a decision
boundary that can be used to separate data into two classes. They can be used to
produce an output that distinguishes a healthy bearing from a faulty one. Burges [54]
provides a tutorial with further details about the SVM technique. Typically, an SVM
is trained using experimental data, but training is also possible using simulation data
from a bearing model [55]. Multi-classification with SVM is possible using a “one-vs-all”
strategy. In that case, the two-class SVM classifiers are arranged as a binary tree. A
two-level binary tree can be used to classify a bearing as healthy or faulty in the first
level and as with an inner race or outer race fault in the second level [55]. Larger binary
trees can be used to detect more fault classes. For example, using a binary tree with five
levels, six different types of faults outcomes in a bearing can be detected [56].

Comparison ANN vs SVM

Numerous comparisons of ANN and SVM have been performed for different condition
monitoring tasks. Table 3.2 presents a summary of some comparisons, including the
success rate and description of the features used for training. The differences depend
mainly on the selected features and not on how the classifiers were trained. The number
of chosen features may have an effect on the classifier performance, but it is the selection
of features that has the dominant impact on the results.
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Table 3.2: Comparison of results obtained with artificial neural networks (ANNs) and
support vector machines (SVMs). The numbers in parentheses indicate the number of
input features considered.

Success rate (%)
Authors Input features ANN SVM

Kankar et al. [57]
Time domain (6∓),
speed, load

71.23 (14) 73.97 (14)

Total: 14 features
Statistical time 85.06 (45) 98.61 (45)

Samanta et al. [58] domain (45) 99.31 (3*) 98.61 (3*)
Total: 45 features 100 (6*) 100 (6*)
Statistical time const. width: 85.3 (156)

Jack and Nandi [59] domain (90), 97.5 (156) const. width: 98.6 (4*)
Spectral (66) 100 (4*) av. width: 79.4 (156)
Total: 156 features av. width: 99.2 (6*)

∓ Features taken from horizontal and vertical responses

* Input features selected using a genetic algorithm

Dimensionality reduction

Dimensionality reduction is useful and often necessary when addressing high-dimensional
data when it is necessary to extract the essence of the data. The reduction in the
dimensionality is performed by projecting the data to a lower dimensional subspace [48].
Principal component analysis (PCA) is a common dimension reduction technique. PCA
transforms the data into a new basis where the first basis vectors account for most of
the variance in the data, and each succeeding direction has the highest variance possible.
These basis vectors are called principal components [60]. PCA can be used during the
feature extraction stage of a machine learning process. Then, techniques such as ANNs
and SVMs may be used for fault classification. Malhi and Gao [61] use an ANN to
compare the training error rate obtained with a full set of features taken from time
and frequency domains and a subset of features selected with PCA from the full set of
features. The comparison of the two results reveal that features selected with PCA result
in a lower training error compared to the use of the full set of features.

Locality preserving projections (LPP) are another dimension reduction technique.
LPP extracts local information to conserve the neighborhood structure [62], while PCA
extracts global structure of the signal. Yu [63, 64] investigates the use of LPP for feature
selection and classification of bearing faults using k-means, which is a well-known clus-
tering technique. Independent component analysis (ICA) is a method used to solve blind
source separation problems. The technique separates multiple sets of one-dimensional
signal mixtures into independent signals [65, 66]. ICA utilizes dimensionality reduction
techniques, such as PCA, for preprocessing and reducing the problem complexity. Miao,
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Wang and Pecht [67] investigate the use of ICA to find the characteristic defect frequen-
cies of a bearing from a vibration signal.

3.5 Discussion

The use of machine learning techniques for condition monitoring is currently not partic-
ularly widespread. One reason for this is the large amounts of labeled data required for
training. Acquisition of the required training data are a difficult task because the number
of bearing conditions and combinations is high. Therefore, most machine learning pro-
posals focus on the identification of localized defects without providing any information
about the type of fault. Furthermore, the success of machine learning techniques depends
on an adequate selection of the features used, as demonstrated in Table 3.2. Any novel
machine learning approach for the condition monitoring of bearings should account for
these aspects. Additionally, the method should ideally enable identification localized,
non-localized and generalized defects in the bearing as well as provide information about
the condition of the machine.
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Chapter 4

Sparse Coding and Dictionary
Learning

“Intelligence is the source of technology. If we can
use technology to improve intelligence, that closes
the loop and potentially creates a positive feedback

cycle.”
Eliezer Yudkowsky

The condition-based maintenance (CBM) process and the machine learning process
(ML) share similarities. Both processes include a data acquisition stage, a feature extrac-
tion stage and a classification stage. Figure 4.1 illustrates a superposition of the machine
learning stages on the condition-based maintenance process. In order to fully automate
the CBM process, the classification stage of the ML process should enable classification
of the different possible faults (localized and generalized) that a bearing can have and not
only whether a fault exists, and where it is located. The CBM process requires prediction
of failure mode as early as possible, so that preventive measures can be taken to extend
the life of the bearing. Therefore, machine learning approaches should take these aspects
into consideration.

Section 3.5 illustrates that the success of the ML methods depends on an adequate
selection of features. The feature extraction stage is common to both the CBM and
the ML processes. For that reason, a flexible and potent feature-extraction method is
required.

This thesis presents the use of a sparse coding and dictionary learning approach for
fault detection in rolling element bearings. Replacement of the typical static features
(time-domain and frequency-domain parameters) by features obtained from the sparse
code may allow the simultaneous extraction of features and detection of whether a fault
exists. In that way, the classification stage can potentially be based on optimal features
for the identification of the different fault modes. The remaining of this chapter provides
further details about the motivation and background of the sparse coding and dictionary
learning methods. The chapter includes a discussion of the properties of sparse represen-

27
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Figure 4.1: Machine learning stages superimposed over the stages of the condition-based
maintenance process.

tations and shift-invariant dictionaries, and it provides motivating examples of how this
approach has been successfully applied in other problems.

4.1 Background

Sparse representations of a signal can be calculated if the signal is sparse in some par-
ticular transformed space. For example, many signals can be approximated by a sparse
linear combination of “atoms” from an overcomplete (non-orthogonal) dictionary [68, 69].
Under this condition, an input signal, x, can be represented as:

x = Ds + ε =
K∑
k=1

dksk + ε, (4.1)

where D = [d1, . . . ,dk] is a dictionary of atoms di and s is the sparse representation
of the input signal, x, and ε is an error (noise) term. There are two major aspects
that needs to be solved in order to derive such sparse representation. These aspects are
sparse coding and dictionary learning. Sparse coding is the process from which the sparse
representation, s, of an input signal is obtained given a known dictionary, D. Dictionary
learning is the process that, given some training data, the dictionary D can be learned.
Matching pursuit is one of several algorithms [70] that can be used as part of a sparse
coding procedure. There are several algorithms that can be used for dictionary learning,
see for example [71, 72].

The approach adopted in this thesis is proposed by Smith and Lewicki [73, 72], which
is inspired by earlier work of Olshausen and Field [74]. Paper C provides a detailed
description of the approach. It presents the implementation of Matching Pursuit (MP)
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Figure 4.2: Diagram of the matching pursuit and dictionary learning methods.

as the encoding algorithm used to generate the sparse representation of a vibration signal.
In addition, it describes the learning rule used for the optimization of waveforms during
dictionary learning. Figure 4.2 presents a diagram of the overall implementation.

Sparse representation are in a sense “succinct”, meaning that they include the impor-
tant information in a minimum amount of data and allows for interpretation and analysis
without further decompression. The use of succinct representations is interesting for tech-
nologies and application domains where resource constraints and modeling complexity
are challenging aspects. Furthermore, dictionary learning optimizes the features, called
atoms, to a signal so that each learned atom represents important structural features.
Atoms can for example be excited by different physical processes.

The number of studies that have applied sparse representation on vibration data from
rolling element bearings is limited. Liu, Ling and Gribonval [75] use Matching Pursuit
with a Gabor dictionary for the decomposition of the signal into a family of elementary
functions. The resulting decomposition is used to extract the vibration signature of the
bearing, which in turn is compared to the characteristic defect frequencies of a bearing for
the identification of defects. A study that use sparse coding with dictionary learning is
presented by Liu, Liu and Huang [76]. They use independently learned dictionaries from
different bearing fault conditions as input to a multi-class linear discriminant analysis in
order to classify fault sizes and locations [76].
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4.2 Sparse representations

A sparse representation is the solution to a sparse decomposition problem. This problem
involves an estimation of a sparse multi-dimensional vector that satisfies an undetermined
linear system of equations. An underdetermined system of linear equations have fewer
equations than unknowns, resulting in many possible solutions. Finding one solution to
this system of equations requires adding additional criteria. The additional criteria most
often used is to find the solution with the fewest nonzero elements, the “sparsest” solution.
The sparse decomposition problem can be posed in the following form [68, 77, 78]

min
s
‖s‖0 subject to x = Ds. (4.2)

where x = Ds is a system of linear equations and D is a matrix of dimension m×n with
m � n. The operator ‖s‖0 is the `0-norm of s, which is a measure of the sparseness of
the vector. It can be calculated by counting the number of nonzero entries in the vector.

The strategies to solve the minimization problem in Eq. (4.2) can be divided in two
main categories. These categories are greedy algorithms and convex relaxation tech-
niques.

Greedy algorithms
These algorithms set s0 = 0 at the initial stage and constructs a k-term approxima-
tion sk. In each iteration a new vector is added to improve the approximation. The
vector chosen can, for example, minimize the residual `2-norm in the approximation
of x. After the construction of the approximation, the residual is calculated and
if it falls below a threshold the algorithm is terminated [78]. Another method to
terminate the algorithm is by requiring ‖s‖0 ≤ k, which implies a specific sparsity
level. There is a family of algorithms that solve this problem [79, 80]. Some of
the most prominent algorithms are Matching Pursuit [81], Orthogonal Matching
Pursuit [82] and Gradient Pursuit [83].

Convex relaxation techniques
These techniques regularize the `0-norm by replacing it with a continuous or smooth
approximation. This may be done by replacing the `0-norm by the `1-norm; which
would be a best-case approximation. These techniques tend to obtain the global
solution for a well-defined optimization problem and as such they are computation-
ally costly [78]. Some of the most prominent algorithms within this category are
FOCUSS [84] and LARS-LASSO [85].

One of the concerns when looking for the solution to the sparse decomposition problem
is the uniqueness of the sparse solution. The uniqueness aspects of the sparse represen-
tation can be better understood by studying some of its properties. The properties of
interest are the Spark and the Mutual Coherence.

Spark
Spark is defined by Donoho and Elad [86] as ‘The spark of a given matrix A is
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the number of columns from A that are linearly dependent’. The calculation of this
property is a direct way to analyze the uniqueness of a sparse representation. If
the solution s to problem x = Ds fulfills the requirement

‖s‖0 < spark(D)/2, (4.3)

then the solution is unique and the sparsest possible. The analysis of uniqueness
may appear simple in principle, however the calculation of the spark is compu-
tationally difficult because it requires a combinatorial search over all the possible
subsets of D [78].

Mutual coherence
The mutual coherence is a way to characterize the dependence within the vectors
of D. For a matrix A the coherence is given by [77]

µ(A) = max
1≤k,j≤m,k 6=j

|aTk aj|
‖ak‖2 · ‖aj‖2

. (4.4)

This calculation is straightforward compared to the spark and it is the most prac-
tical alternative to analyze the uniqueness of a dictionary. With this measure, if
the solution s to problem x = Ds fulfills the requirement

‖s‖0 <
1

2
(1 +

1

µ(D)
), (4.5)

then the solution is the sparsest possible [86].

Even thought the sparse decomposition technique is a recent invention, there are
many areas in which has been applied. Some of the tasks that this technique can solve
include compression, detection, separation and denoising of signals [68, 87, 88, 89]. Image
processing is one area that has found many applications for this technique. Sparse coding
is used for image deblurring, image compression and image denoising [77]. Figure 4.3a
shows the reconstructed image from a sparse representation, compared to the original
version and the noisy version of the image from which the sparse representation was
generated. Figure 4.3b illustrates a vibration signal with noise and the reconstructed
signal after the noise has been removed. The similarity between the two signals is evident.
Examples like these show remarkable benefits that motivates the use of sparse coding as
a technique for the characterization of signals.

4.3 Shift-invariant dictionaries

The discussion in Section 4.2 deals with the problem of finding a sparse representation
given a signal and a dictionary. The next concern is what dictionary to use. One
strategy is to choose a pre-constructed dictionary. There are many dictionaries tailored
to specific applications that have been used to obtain relevant results for the task at hand
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Figure 4.3: Use of sparse coding as a denoising tool.
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[87]. However, the use of pre-constructed dictionaries constraints the ability to sparsify
the signal and the portability across applications or environments for which they were
designed. The other strategy is learning of a dictionary. This strategy starts by building
a training database with characteristics that are expected in the application, and in this
case the generated dictionary of atoms is the result of the structure in the signal [77].

A shift-invariant dictionary is a particular type of dictionary that is interesting for the
analysis of time series signals. In time series data the characteristic signal patterns can
be shifted to any position in time. Therefore, when employing a sparse coding technique
on these signals, it is reasonable to consider all the possible shifts that the characteristic
patterns may have. The use of shift-invariant dictionaries is relevant in applications like
audio [90] and video [91].

Construction of a dictionary tuned to the underlying structure of the signal requires
a training mechanism. There are several algorithms that can be used for dictionary
learning, see [71] for a summary of algorithms. Three of the most commonly used learning
mechanisms are:

• Maximum A Posteriori (MAP) optimization [72, 73].

• Method of Optimal Direction (MOD) [92].

• K-Singular-Value Decomposition (K-SVD) [93].

All these mechanisms try to jointly approximate the sparse representation and the dictio-
nary. The use of these learning mechanisms does not guarantee that the global minimum
is found because the algorithm can get stuck in a saddle-point steady-state solution due
to the non-convex character of the problem [77].

This thesis introduces the idea to monitor an evolving dictionary over time as a strat-
egy to identify abnormal conditions from a bearing signal. Further details are found in
Paper B and Paper C. The evaluation of the evolving dictionary requires the quantifica-
tion of the degree of similarity between two dictionaries. It may be of interest to evaluate
how much each atom in the dictionary is changing, or the dictionary as a whole. For
two dictionaries the similarity of an atom, φ, in one dictionary to the atoms in the other
dictionary, D, is given by

β(D,φ) = arccosµ(D,φ), (4.6)

where µ is the mutual coherence as defined by Eq. (4.4). If D is a dictionary in the past
and φ is an atom in the current dictionary, the resulting similarity reflects the rate of
change of the atom due to learning the “evolution” rate. Figure 4.4 illustrates an example
of the rate of change for each atom over time. The sharp rises observed at hours 5 and
10 are due to the introduction of a fault in the monitored bearing. The points where the
evolution rate is close to zero imply that the atom is not changing and remains similar.

The evaluation of the rate of change of the dictionary as a whole requires the in-
troduction of a dictionary distance measure [94]. The dictionary distance quantifies the
similarity between two dictionaries and it is given by

β(D,D′) = β(D′, D) =
1

K +K ′

( K∑
j=1

β(D′, dj) +
K′∑
j=1

β(D, d′j)
)
, (4.7)
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Figure 4.4: Change of atom similarity versus time for dictionaries separated by 10 min-
utes. The occurrences of a bearing fault after 5 hours, and further damage after 10 hours
affect the atom evolution rate.

where D, for example, is a dictionary in the past and D′ is the dictionary at the current
time. Figure 4.5 shows the rate of change of a dictionary over time as defined by the
dictionary distance. D and D′ are the same dictionary but at two different points in
time, separated by 10 minutes. The different curves belong to dictionaries learned under
different sparse coding model parameters. As with the result shown in Figure 4.4, it is
possible to observe sharp rises in the distance at hours 5 and 10. This is due to the
introduction of the faults. Furthermore, it is possible to observe that the magnitude of
the distance is not the same in the two plots. This is due to different learning rates in the
two cases. In both cases, the usefulness of the dictionary distance property as a measure
of dictionary evolution is evident.
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Figure 4.5: Rate of change of the dictionary versus time for three different sparsity levels
(0.1, 0.05 and 0.025) and two learning rates (QL and SL); see Paper C for further details.
A fault is introduced in the bearing after 5 hours of training and the fault grows in size
after 10 hours.
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Chapter 5

Research Contributions

“Research is what I’m doing when I don’t know what
I’m doing.”

Wernher von Braun

This chapter provides a summary of the appended papers and presents my contribu-
tions to each paper.

5.1 Paper A

Title: FPGA prototype of machine learning analog-to-feature converter for event-based
succinct representation of signals
Authors: Sergio Martin del Campo, Kim Albertsson, Joakim Nilsson, Jens Eliasson and
Fredrik Sandin
Published in: IEEE International Workshop on Machine Learning for Signal Processing
(MLSP), 2013, Southampton, United Kingdom
Summary: This paper presents an FPGA prototype of a general purpose “analog-to-
feature converter” that learns an overcomplete dictionary of features from an input signal
using matching pursuit and a form of Hebbian learning. Furthermore, the paper includes
the results of two case studies. The first case is a basic blind source separation problem
and demonstrates that the learned features are qualitatively consistent with the true
features. The second case presents the learned features from vibration data and shows
that vibration signals from bearings with faults have characteristic features. Finally, the
paper shows that event-based representations enable a reduction in the data rate.
Contribution: The author participated in the discussions, conducted the analysis of
the data and wrote most of the first manuscript.

5.2 Paper B

Title: Towards zero-configuration condition monitoring based on dictionary learning
Authors: Sergio Martin-del-Campo and Fredrik Sandin

37



38 Research Contributions

Submitted to: 23rd European Signal Processing Conference (EUSIPCO), 2015, Nice,
France
Summary: This paper discusses the possibility of automating the condition monitoring
process by continuously learning a dictionary of optimized shift-invariant features using a
sparse approximation method. The paper presents how the feature vectors learned from
a vibration signal evolve over time when a fault develops within a rolling element bearing.
The paper shows the adaptation rate of the learned features and illustrates that this rate
changes significantly in the transition between normal and faulty states of operation.
Contribution: The author participated in the formulation of the idea, conducted the
analysis of the data and wrote most of the first manuscript.

5.3 Paper C

Title: Characterization of machine condition and evolution via adaptive decomposition
of bearing signals
Authors: Sergio Martin-del-Campo and Fredrik Sandin
To be submitted to a journal
Summary: This paper presents a method for the online optimization of features and
an investigation of the characteristics and evolution rate of vibration features and the
corresponding signal representation when a fault emerges in a bearing. The paper in-
cludes the results of numerical experiments based on various model parameters governing
the accuracy and computational cost of the sparse coding method and the adaptation
of learned features. Finally, the paper shows that the dictionary of learned features un-
dergoes a phase of rapid evolution when the fault appears and changes characteristics
and that a sparse representation with 10-2.5% retained coefficients is sufficient for the
characterization of the operational condition.
Contribution: The author participated in the formulation of the idea, conducted the
analysis of the data and wrote most of the first manuscript.



Chapter 6

Conclusions and Future Work

“We can only see a short distance ahead, but we can
see plenty there that needs to be done.”

Alan Turing

The goal of this research is to investigate machine learning methods for the au-
tonomous feature extraction and condition monitoring of rolling element bearings, which
enable the analysis of signals from machines in different environments and operational
conditions. A set of guiding research questions is formulated, with the initial overall
objective of identifying a machine learning strategy that can be used to improve the effi-
ciency and applicability of condition monitoring technology. Early identification of faults,
generalization across different applications and compatibility with resource-constrained
systems are key aspects and constraints considered in this work.

6.1 Conclusions

This thesis investigates a machine learning approach based on sparse coding and dictio-
nary learning, which can be useful for the development of autonomous condition moni-
toring systems. Partial answers to the questions outlined in Section 1.1 are:

Q1 Can vibration and high-frequency emission signals from rolling element bearings be
reliably characterized with unsupervised machine learning methods, particularly fea-
ture learning and pattern analysis methods?
The use of sparse coding and dictionary learning to some extent enables character-
ization of vibration signals from rolling element bearings. The method allows for
identification of underlying structure in the data, which is congruent with expected
features and the condition of the machine (impulses from defects, etc.). Further-
more, different fault conditions lead to learning of different features during the
optimization of the dictionary.

Q2 What feature learning methodology should be used for the online analysis of such
signals?
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Sparse coding with dictionary learning is a method which can be useful for the
online analysis of vibration signals. The rate of change of the features (the atom
evolution rate) and in particular the dictionary evolution rate, is a potential useful
measure for the automatic detection of faults and abnormal operational conditions.

Q3 How should the acquired features be used to infer the bearing condition, and under
what conditions does this approach present an improvement over current method-
ologies?
There are multiple measures that can be used for the automatic detection of faults,
including the signal fidelity, the residual RMS, and the atom and dictionary evo-
lution rates. However, the use of any of these measures depends on the selection
of model parameters, which affect the performance and computational cost of the
method, thereby also affecting the possibility to perform online analysis of the
signals.

6.2 Future Work

This project is approximately half-way toward the goal, which includes a Ph.D. thesis.
Therefore, in the spirit of the opening quote of this chapter, there remains work to do and
opportunities to explore new directions for research. The research questions addressed
in this thesis are not fully answered, and there are several actions that must be pursued
to obtain a better understanding of what those answers might be.

Further research can benefit from signals with more realistic failure modes and more
complex variations in the operational conditions. Furthermore, I plan to study feature
learning from high-frequency emission signals, which can be useful for the early diagnosis
of faults in a bearing.

Classification of the learned waveforms and features and correlation to physical pro-
cesses is another interesting direction for further work. It is likely that the physical exci-
tations may be represented by a combination of waveforms rather than a single waveform.
Therefore, it would be interesting to investigate the performance of pattern recognition
techniques based on the sparse representations. Furthermore, the development of a deep
learning extension should be explored because such an extension may greatly help to
address the problem of fault classification with complex signals. Another topic that still
needs to be further discussed is how the sparse coding and dictionary learning approach
performs compared with current methodologies. This thesis include an explanation of
why the proposed approach may be capable of improving upon existing machine learning
methods. However, a comparison of the performance of the different methods should be
developed.

Finally, further studies are required for the identification of optimal encoding and
learning strategies because algorithms used for encoding and learning focus on different
properties of the signal. Further evaluation of different encoding and learning algorithms
using bearing signals is needed.



References

[1] J. Shigley, Mechanical Engineering Design, 4th ed. McGraw-Hill, 1983.

[2] E. Bouchikhi, V. Choqueuse, and M. Benbouzid, “Current frequency spectral sub-
traction and its contribution to induction machines’ bearings condition monitoring,”
Energy Conversion, IEEE Transactions on, vol. 28, no. 1, pp. 135–144, March 2013.

[3] T. Yoshioka and T. Fujiwara, “Application of acoustic emission technique to detec-
tion of rolling bearing failure,” American society of mechanical engineers, vol. 14,
pp. 55–76, 1984.

[4] R. B. Randall and J. Antoni, “Rolling element bearing diagnostics–a tutorial,” Me-
chanical Systems and Signal Processing, vol. 25, no. 2, pp. 485 – 520, 2011.

[5] R. B. Randall, Vibration-based Condition Monitoring. Wiley, 2011.

[6] T. A. Harris and M. N. Kotzalas, Essential Concepts of Bearing Technology, 5th ed.
Taylor and Francis, 2007.

[7] W. Zhou, T. G. Habetler, and R. G. Harley, “Bearing condition monitoring methods
for electric machines: A general review,” in Diagnostics for Electric Machines, Power
Electronics and Drives, 2007. SDEMPED 2007. IEEE International Symposium on,
2007, pp. 3–6.

[8] I. Howard, “A review of rolling element bearing vibration ”detection, diagnosis and
prognosis”,” DSTO Aeronautical and Maritime Research Laboratory - Canberra
(Australia), Tech. Rep., 1994, commonwealth of Australia.

[9] A. M. Al-Ghamd and D. Mba, “A comparative experimental study on the use of
acoustic emission and vibration analysis for bearing defect identification and es-
timation of defect size,” Mechanical Systems and Signal Processing, vol. 20, pp.
1537–1571, 2006.

[10] R. Heng and M. Nor, “Statistical analysis of sound and vibration signals for moni-
toring rolling element bearing condition,” Applied Acoustics, vol. 53, pp. 211 – 226,
1998.

41



42 References

[11] Y. Shao and K. Nezu, “Bearing fault detection using laser displacement sensor,” in
SICE ’96. Proceedings of the 35th SICE Annual Conference. International Session
Papers, 1996, pp. 1069–1072.

[12] I. Onel and M. Benbouzid, “Induction motor bearing failure detection and diagno-
sis: Park and concordia transform approaches comparative study,” Mechatronics,
IEEE/ASME Transactions on, vol. 13, no. 2, pp. 257–262, April 2008.

[13] A. Heng, S. Zhang, A. C. Tan, and J. Mathew, “Rotating machinery prognostics:
State of the art, challenges and opportunities,” Mechanical Systems and Signal Pro-
cessing, vol. 23, no. 3, pp. 724 – 739, 2009.

[14] A. K. Jardine, D. Lin, and D. Banjevic, “A review on machinery diagnostics and
prognostics implementing condition-based maintenance,” Mechanical Systems and
Signal Processing, vol. 20, no. 7, pp. 1483 – 1510, 2006.

[15] T. A. Harris and M. N. Kotzalas, Advanced Concepts of Bearing Technology, 5th ed.
Taylor and Francis, 2007.

[16] S. Lacey, “An overview of bearing vibration analysis,” Maintenance and Asset Man-
agement, vol. 23, no. 6, pp. 32–42, Nov-Dec 2008.

[17] S. Patidar and P. K. Soni, “An overview on vibration analysis techniques for diagno-
sis of rolling element bearings faults,” International Journal of Engineering Trends
and Technology (IJETT), vol. 4, no. 5, pp. 1804–1809, May 2013.
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FPGA prototype of machine learning

analog-to-feature converter for event-based succinct

representation of signals

Sergio Martin del Campo, Kim Albertsson, Joakim Nilsson, Jens Eliasson and Fredrik
Sandin

Abstract

Sparse signal models with learned dictionaries of morphological features provide ef-
ficient codes in a variety of applications. Such models can be useful to reduce sensor
data rates and simplify the communication, processing and analysis of information, pro-
vided that the algorithm can be realized in an efficient way and that the signal allows
for sparse coding. In this paper we outline an FPGA prototype of a general purpose
“analog-to-feature converter”, which learns an overcomplete dictionary of features from
the input signal using matching pursuit and a form of Hebbian learning. The resulting
code is sparse, event-based and suitable for analysis with parallel and neuromorphic pro-
cessors. We present results of two case studies. The first case is a blind source separation
problem where features are learned from an artificial signal with known features. We
demonstrate that the learned features are qualitatively consistent with the true features.
In the second case, features are learned from ball-bearing vibration data. We find that
vibration signals from bearings with faults have characteristic features and codes, and
that the event-based code enable a reduction of the data rate by at least one order of
magnitude.

1 Introduction

Signal processing typically involves mathematical models that are imposed on the raw
signal to obtain a representation of reduced dimensionality, which is suitable for in-
terpretation or further analysis. Signal models are used for tasks like noise reduction,
compression, estimation, solving inverse problems, morphological component analysis
and compressed sensing. One modeling approach that has attracted significant interest
in the last decade is sparse representation of signals [1, 2]. Sparse representations can
be succinct, meaning that they require a minimum of information and allows for inter-
pretation and analysis without intermediate decompression. It has been demonstrated
empirically that features roughly similar to those observed in the primary visual cortex
can be learned from natural images using a combination of sparse coding and Hebbian
learning [3, 4]. Similarly, cochlear impulse response functions (revcor filters) can be
estimated from speech data using a similar learning approach [5], and efficient signal
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representations are empirically obtained in a variety of applications using sparse coding
and feature learning [1, 2].

The sparse-coding approach is still in its infancy and further work on theory, models
and applications is needed [2]. In particular, more work is needed to understand and for-
mally justify sparse coding with overcomplete dictionaries of empirically learned features,
but the promising results obtained make dictionary learning a prominent part of signal
processing research and development. The possibility to create succinct representations
of signals with data-driven models is interesting for technologies and application domains
where resource constraints, modeling complexity and diversity are challenging aspects;
wireless sensors, condition monitoring, automation and robotics are some examples. Our
motivation comes from the application domain, where sparse coding and empirical dic-
tionary learning can offer significant advantages over the present engineering-intensive
approach to signal modeling. The goal is to develop an “analog-to-feature converter”,
which enable succinct event-based coding of signals in terms of learned morphological
features.

Here we report on the first steps to realize an FPGA prototype and case-study results
that illustrate how a device of that type can be used to reduce the data rate and enable
interpretation of real-world signals in real time. This device provides event-based and
parallel codes, which in principle are well suited for analysis using neuromorphic pro-
cessors [6] and multicore processors. The model is demonstrated using an input signal
with known features and ball bearing vibration data, respectively. Our results show that
the resulting codes are different for normal and various faulty bearings, and that known
features are recovered. See the work by Liu, Liu and Huang [7] for a similar case study
with ball bearing vibration data. In addition to the empirical, data-driven learning of
features, this approach can enable a significant reduction of the data rate required to
represent the signal while maintaining high temporal precision and signal-to-noise ratio.
This indicates that the proposed approach can be useful in applications such as condition
monitoring and event detection.

2 Model

We adopt the model by Smith and Lewicki [5], which originates from the work on sparse
visual coding by Olshausen and Field [3, 4]. The signal, x(t), is modeled as a linear
superposition of noise and features with compact support

x(t) = ε(t) +
∑
i

aiφm(i)(t− τi). (1)

The functions φm(t) are atoms that represent morphological features of the signal, where
τi and ai indicate the temporal position and weight of the atoms, respectively. The values
of τi and ai are determined with a matching pursuit algorithm [8, 9]. The set of atoms, Φ,
is optimized in an unsupervised way by performing gradient ascent on the approximate
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log data probability
∂

∂φm
log [p(x | Φ)] =

1

σ2
ε

∑
i

ai(x− x̂)τi , (2)

where (x − x̂)τi is the residual of the matching pursuit over the extent of atom φm at
time τi and ai is the event amplitude. This algorithm adapts the shape and length of
each atom with a weighted average of the residuals of feature matches identified by the
matching pursuit. This process is a form of Hebbian learning because adaptation results
from the activation of atoms by the input signal. The algorithm can also be mapped
on a neural network, where the notion of Hebbian learning becomes more evident [4].
Note that the resulting sparse code is not a linear function of the input signal because
the matching pursuit is (weakly) non-linear. The termination criteria of the matching
pursuit determines the sparseness and signal-to-residual ratio of the resulting event-based
representation. Smith and Lewicki demonstrate[5] that efficient auditory codes that
matches the input-output functions of the cochlea (revcor filters) are obtained using this
approach.

2.1 Matching Pursuit with Dictionary Learning

The matching pursuit algorithm decomposes the signal x(t) according to the model shown
in Eq. (1). The result of the algorithm is a set of atomic events, which are defined by
the occurrence of one specific atom, φm(i)(t − τi), at time τi with weight ai. All atoms,
φm(t), belong to a finite dictionary, Φ, consisting of k elements.

Φ = {φ1, . . . , φk} . (3)

The matching pursuit algorithm is an iterative process that decomposes the signal in the
dictionary of atoms, which can be overcomplete. The algorithm operates on the residual
of the signal. Initially, the residual is the signal to be decomposed. The algorithm
calculates the cross-correlation between the residual and all the elements of Φ. The atom
with the maximum cross-correlation (inner product) for all possible time shifts triggers
an atomic event. The time of the event is defined as τi and the inner product as ai. The
residual is updated by subtracting the atomic event, aiφm(i)(t − τi), from the residual.
This process is repeated until a stopping criteria is fulfilled, which for example can be
defined in terms of the maximum average event rate or the signal-to-noise ratio. For
further details and a formal motivation of the algorithm, see the original work by Mallat
and Zhang [8]. When the matching pursuit algorithm is implemented in an on-line fashion
a sliding window of the signal is considered. The length of the window must be equal to
or greater than the longest atom, and the finite window length need to be accounted for
when defining the matching and stopping criteria.

The main challenge of the learning problem is to identify a dictionary of atoms, Φ,
that maximizes the expectation of the log data probability

Φ = arg maxΦ〈log [p(x | Φ)]〉, (4)



56 Paper A

where

p(x | Φ) =

∫
p(x | a,Φ)p(a)da. (5)

The prior of the weights, p(a), is defined to promote sparse coding in terms of statistically
independent atoms [4]. The integral is approximated with the maximum a posteriori
estimate resulting from the matching pursuit, which is motivated by the assumption that
the code is sparse so that the integrand is peaked in a-space. This results in a learning
algorithm that involves gradient ascent on the approximate log data probability defined
by Eq. (2). The gradient of each particular atom in the dictionary is proportional to
the sum of residuals corresponding to the matching-pursuit activation of that atom. The
prefactor, 1/σ2

e , is the inverse variance of the residual that remains after matching pursuit.
The step size, η, in the gradient ascent is a learning rate parameter. The gradient ascent
update of the atoms then follows from Eq. (2)

∆φm =
η

σ2
e

∑
i : m=m(i)

ai(x− x̂)τi . (6)

Therefore, the learning rate is dependent on the activation rate of atoms. This implies
that the learning rate of different atoms need not be the same, and that there can be
some atoms that do not learn at all. This is to be expected because there can be less
features in the signal than allocated atoms in the dictionary. There are other approaches
to dictionary learning [1], which for example can enable faster learning, orthogonality
of atoms and globally optimal solutions. The main motivation of the approach taken
here is the simplicity of the algorithm, which enables efficient online implementation
on an FPGA / ASIC, and the remarkable visual and auditory coding results obtained
empirically with this approach [3, 4, 5]. The statistical independence of atomic events
appears natural when searching for features of different phenomena in a system.

2.2 FPGA Implementation

The use of matching pursuit with dictionary learning in resource-constrained sensors and
embedded systems requires that the model can be implemented in a compact and efficient
way. Profiling of a C implementation of the algorithm shows that about 98% of the time is
spent in the cross-correlation part of the algorithm. This suggests that a significant speed-
up can be gained by the implementation of this part on an FPGA. The matching pursuit
algorithm with dictionary learning is implemented on a ZedBoard development board for
the Xilinx Zynq Z7020 FPGA. This FPGA has an embedded dual-core ARM R© Cortex
A9TM processor. The matching pursuit algorithm is implemented on the FPGA and
dictionary learning is implemented in C on the A9 core. The communication between
the processor and the FPGA is done using the AMBA R© AXI4 interface protocol, which
provides a shared memory between the FPGA and the processor.

Samples of the input signal are saved in an input buffer that has the same length as
the atoms. A working buffer that is twice as long as the atoms is used for the matching
pursuit. In principle, when the input buffer is full, the samples are shifted into the
working buffer, so that half of the working buffer is shifted out and is discarded. Memory
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Figure 1: Schematic view of the matching pursuit implementation. Operations performed
by the FPGA and the A9 core are distinguished. Additionally, learning is done on the
A9 core.

copies and shifts are practically avoided with the use of three buffers of the same length,
two for the working buffer and one for the input buffer. A buffer manager reorganizes the
role of the three buffers whenever the input buffer is filled. The cross-correlations between
the working buffer and the atoms are calculated using a sliding window. Inner products
are calculated in parallel within the window and sliding is implemented iteratively to
reduce the number of logic blocks needed. A stopping condition determines whether
the maximum cross-correlation is significant or not. If it is significant an atomic event
is generated, which is subtracted from the working buffer before the matching pursuit
continues. Otherwise the matching pursuit halts until the buffer manager has updated
the working buffer. Figure 1 shows an overview of this implementation. The inner
products in the cross-correlation part of the algorithm are similar to a bank of finite
impulse response (FIR) filters, where each filter represents an atom. Parallel FIR filters
can be designed by building a separate multiplier for each input-coefficient pair and an
adder tree that sums the terms. This way the inner products can be calculated in one
cycle with a constant delay that is introduced by the adder tree, see Figure 2. The delay
is proportional to log2(n), where n is the number of input elements.

One difference between Smith and Lewicki’s original algorithm [5] and the FPGA
implementation developed here is the logic for adapting the length of the atoms. Smith
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Figure 2: Schematic view of the inner product design, which is used in the FPGA match-
ing pursuit implementation.

and Lewicki allowed the length of the atoms to vary by monitoring the tail amplitudes of
the atoms. The atoms can grow in length if the temporal extent of features is larger than
the initial size of the atoms, as indicated by the tail amplitudes of the atoms, or they can
be shortened if the tail amplitudes are low. Our prototype uses a hard coded maximum
atom length to enable parallel implementation on the FPGA. Also, our implementation
is based on fixed-point numbers rather than floats in order to reduce the resources needed
on the FPGA. We compare the results obtained with the prototype design with results
obtained using a Matlab implementation of the model.

3 Case studies

The implementation is first evaluated on a blind signal separation problem with an ar-
tificial input signal. The signal includes three known features. These features are a sine
function with a period of 84 samples, a Morlet wavelet that is 70 samples long and an
impulse with exponential rise and decay of the amplitude that is 90 samples long. The
sine function is present during the entire input signal but the Morlet wavelet and the
impulse features are present at random locations, corresponding to 10% of the entire
signal for each feature. In addition, noise is added to the input signal so that the average
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SNR is 10 dB.
The matching pursuit with dictionary learning approach is evaluated also on ball-

bearing vibration data. The data is taken from the bearing data center1 at Case Western
Reserve University. The test rig consisted of a motor, a torque transducer and a dy-
namometer. The evaluated bearings are mounted on the motor shaft. The data consists
of accelerometer data recorded near the drive end of the motor. The data is collected at
48000 samples per second. Faults are introduced in the bearings at the inner raceway, the
outer raceway and the ball. Data from normal, non-faulty bearings is used as reference.

3.1 Method

The matching pursuit algorithm with dictionary learning is applied to the artificially
constructed input signal. First, the data is processed with a Matlab implementation
of Smith and Lewicki’s algorithm [5]. There are 8 atoms in the dictionary. Additional
atoms are not needed since the input signal is formed by only 3 features plus noise. The
atoms in the dictionary are initialized with normally distributed noise with zero mean,
unit variance and vanishing tail amplitudes. The dictionary learning is done sequentially
in blocks of length 1% of the original signal. The entire signal is processed 100 times so
that the atoms can adapt to the features given the limited length of the input signal.

A similar procedure was used with the bearing data. First, the Matlab implementation
of the algorithm was used to process the data. In this case there are 16 atoms in the
dictionary. The next step is to use the fixed-point C implementation for the FPGA, which
has some limitations compared to the Matlab implementation, see Section 2.2. There
are 16 atoms in the dictionary and the atoms are initialized with zero-padded normally
distributed noise with zero mean and unit variance. The atoms are 160 samples long.
The matching pursuit and dictionary learning is done sequentially in blocks that are twice
the length of an individual atom. The bearing vibration data is sampled under a variety
of different test conditions. During acquisition of the data the load was changed between
0 HP and 3 HP. This cause a change of motor speed that range from 1800 to 1730 rpm.
Similar tests are repeated with the various faulty bearings and the corresponding data is
included in our case study.

3.2 Results

The results for the known input signal are shown in Figure 3, which shows the true
features in the input signal together with the learned atoms from the Matlab implemen-
tation. All features are shown with the same x-axis sample scale. The true features of
the signal are shown in the column on the left-hand side of the figure, while the learned
atoms corresponding to those features are shown in the right-hand column. The sine
function shown as part of the true features is only one period formed by 84 samples. The
learned atom have a period of about 79 samples. The difference in the amplitude of the
features is related to the normalization / scaling of the learned atoms. Initially all eight

1http://csegroups.case.edu/bearingdatacenter/
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Figure 3: Signal separation experiment. The mixed features include a sine function, a
Morlet wavelet and an impulse function with exponential rise and decay. The comparison
is done between the true features of the signal and the learned atoms. The 10 dB of noise
introduced in the input signal is displayed on the left-hand side, while the final residual
of matching pursuit is displayed on the right-hand side.

atoms of the dictionary are adapting, but three atoms eventually represent the majority
of the events and become similar to the features in the signal.

Figure 4 shows the results of the dictionary learning test with bearing data using
the Matlab implementation of the model. It shows the 16 learned atoms with channel
number 1 at the bottom and channel number 16 at the top. The size of these atoms range
from 70 to 150 elements. The upper panel on the left-hand side shows the signal with
the residual superimposed. The lower panel on the left-hand side shows the event-based
representation of the signal. Each event is indicated by a triangle and denotes the acti-
vation of an atom at that particular channel and time. The signal can be approximately
reconstructed as the weighted sum of activated atoms at the time offsets of the events.
In this case only 19 events are required to represent 150 samples of the signal with a
signal-to-residual ratio of 10 dB. The precision required to represent the weights of the
events is typically lower than the precision required to represent the original amplitudes
of the signal, and in some applications a binary weight is sufficient because a feature
is either present or absent in the signal. Therefore, by adopting a parallel event-based
representation of the signal, it is possible to reduce the data rate by at least one order
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Figure 4: Event-based representation of ball-bearing vibration signal using a dictionary of
16 learned atoms. The signal (dashed line) triggers events (triangles) on the 16 channels.
The events are subtracted from the original signal, resulting in a residual (solid line).
This bearing has a defect in one of the balls, which excites impulse-like atoms. The
algorithm has been interrupted at sample i so that no events exist beyond that point.

of magnitude using this approach.

Different sets of data were evaluated with the Matlab implementation. The purpose
was to compare the atoms corresponding to normal bearings and faulty bearings. Figure 5
shows a histogram of the channel event rates Normal bearings excite atoms with a low
center frequency, while the faulty bearings excite atoms with a high center frequency. In
addition, the location of the fault in the bearing affects the shape of the atoms so that
the event rates on specific channels indicate the location of the fault. Figure 6 shows the
results of the evaluation of one set of bearing data done with the C implementation for
the FPGA. The format of the figure is similar to Figure 4. The size of all atoms is fixed
to 160 elements long. The 300-samples signal segment shows the complete set of events
required for its reconstruction. This shows that 45 events are required to reconstruct a
300 samples signal with a signal-to-residual ratio of 10 dB. Both implementations show
an approximately similar data rate reduction. The size of the original signal was 60000
samples long. The Matlab implementation showed that only 8321 events were required to
represent this signal. This gives an average of 20.8 events per every 150 samples. At the
same time, the C implementation for the FPGA produced 8655 events with an average
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Figure 5: Histograms of the channel event rates for normal and faulty bearings. The
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the channel event rates, even though the rpm and load on the motor, and the shape of
the faults are varying. Error bars denote standard deviations of event rates for different
loads and fault shapes.

of 21.6 events per every 150 samples.

4 Discussion

The possibility to enable new applications and study challenging real-world phenomena
using an adaptive sparse-coding device is the motivation of this work. We show how an
FPGA implementation of a machine learning analog-to-feature converter in principle can
be realized and we discuss some limitations and benefits of such a device compared to
conventional sampling with an ADC. We first illustrate that features can be identified
using the implementation of the matching pursuit algorithm with dictionary learning.
This is demonstrated using an artificially constructed input signal with known features.
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Figure 6: Event-based representation of ball-bearing data on the implementation for
the FPGA. There are sixteen learned atoms in the dictionary. The signal (dashed line)
triggers events (triangles) on the sixteen channels. Also illustrated is the residual (solid
line) that remains after subtraction of triggered atoms.

The implementation is able to learn approximations of the true features in the signal. It
has been shown that this method reduces to independent component analysis under cer-
tain conditions [4]. This motivates the more challenging experiment to identify features
in real-world ball bearing vibration data. The results obtained with the Matlab imple-
mentation shows that it is possible to reach about one order of magnitude reduction in
data rate with sufficient signal-to-residual ratio to approximately reconstruct the original
signal. This can possibly be further improved by encoding events in binary form, which is
motivated in applications where features are either present in the signal or not. In addi-
tion, the channel event rates characterize the normal and various types of faulty bearings
considered. This suggests that the algorithm and concept can be useful for condition
monitoring. The same bearing vibration data is analyzed with the C implementation for
the FPGA. This implementation gives a similar reduction of the data rate and compara-
ble signal-to-residual ratios. There are some differences in the way the atoms are learned
in the two implementations due to the limited flexibility of the present FPGA prototype
compared to the Matlab software. The Matlab implementation handles atom learning
appropriately but the FPGA learning implementation needs to be improved because the
atoms tend to grow towards one end of the buffer. This problem is caused by the way
the zero padding of the atoms are handled in the FPGA design. Another issue is the
limitation of the maximum atom length. A possible improvement is to design atoms of
different lengths and let the learning algorithm allocate atoms in the FPGA of appropri-
ate length for each particular waveform / feature. The non-zero amplitudes of the atoms
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should be centered in the atom buffers and learning of tail amplitudes should be subject
to a constraint similar to that in [5]. When the first or last element of one atom buffer
become non-zero, the corresponding atom should be reallocated to the center of another
atom buffer of larger size. Other possible improvements are to parallelize the sliding win-
dow operation in the cross-correlation calculation, and to implement alternative learning
algorithms.

The goal to develop a machine learning analog-to-feature converter that can replace
conventional ADCs in some applications requires further work. There are open ques-
tions concerning the learning model(s) and the eventual hardware design. We need to
ensure that the learning of atoms is well defined and that the limitations are clear. This
first prototype is based on an FPGA development board and a custom daughter board
with a high-speed and low-noise amplifier and ADC frontend. This approach is flexi-
ble and useful for our initial studies, but in order to realize the device conceptualized
here a custom ASIC that implements the analog-to-event conversion should eventually
be designed. That is necessary to reduce the power consumption, size and price of the
device. Another application-specific problem is how to process the resulting events. In
the context of condition monitoring, hybrid models that couple the empirically learned
features to physical models and knowledge bases is an interesting possibility. However,
the possibilities to automatically do feature extraction and detect emerging atoms far out
in the sensor systems is already useful. Basic classifiers or pattern recognition models
can also be used, and statistical spike pattern analysis can be applied to the output, for
example in the form of neuromorphic processors that naturally use event-based codes.
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Abstract

Condition-based predictive maintenance can significantly improve overall equipment
effectiveness provided that appropriate monitoring methods are used. Online condition
monitoring systems are customized to each type of machine and need to be reconfigured
when conditions change, which is costly and requires expert knowledge. Basic feature
extraction methods limited to signal distribution functions and spectra are commonly
used, making it difficult to automatically analyze and compare machine conditions. In
this paper, we investigate the possibility to automate the condition monitoring process
by continuously learning a dictionary of optimized shift-invariant feature vectors using
a well-known sparse approximation method. We study how the feature vectors learned
from a vibration signal evolve over time when a fault develops within a ball bearing of
a rotating machine. We quantify the adaptation rate of learned features and find that
this quantity changes significantly in the transitions between normal and faulty states of
operation of the ball bearing.

1 Introduction

Condition monitoring of machine elements is used to detect faults, reduce machine down-
time and improve overall equipment effectiveness, for example by condition-based predic-
tive maintenance. The requirements on the methods employed to achieve that go beyond
fault detection, in particular in terms of prediction of faults [1, 2] and detection of ab-
normal operational conditions. Early detection and characterization of emerging faults
is a challenging problem because there are many variables that affect the operation of
the machine and the characteristics of the fault. Maintenance operations rely on time
and frequency domain features for diagnosis [1]. Expert knowledge is often needed to
interpret the features and make decisions, which makes the process difficult to automate.
Furthermore, condition monitoring methods are typically tuned to the application, the
operating conditions and the type and location of the fault. Therefore, such methods are
expensive to maintain when machines have varying characteristics and evolve over time,
for example as a consequence of maintenance and repair, which limits the scalability of
the approach. Also, it is difficult to predict all failure modes. Similarly, approaches based
on traditional pattern recognition methods require substantial amounts of labeled train-
ing data and the resulting methods are limited to the conditions for which the method
was designed and trained [3].
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Sparse representation of signals has attracted considerable interest in the last decade
[4, 5, 6, 7]. One type of sparse representation can be obtained by modeling signals as a
linear superposition of noise and a small number of atomic waveforms (atoms) of partic-
ular shapes, amplitudes and shifts, so-called shift-invariant sparse coding [8, 9]. Using
an approach known as dictionary learning the atoms can also be optimized to the signal
[10, 7, 4], so that each particular atom represents structural features of the signal, which
for example are excited by different physical processes. Such approximations are of in-
creasing interest in signal processing with applications ranging from denoising, source
coding, source separation, and signal acquisition. The problem of finding such sparse
representations and optimal atoms is NP-hard in general. Therefore, suboptimal strate-
gies based on convex relaxation, non-convex (often gradient based) local optimization or
greedy search strategies are used in practise. Liu et al. [11] investigate the possibility
that faults in a machine can be identified with multiclass linear discriminant analysis us-
ing dictionaries of atoms that are optimized to sets of signals corresponding to different
fault conditions of a rotating machine.

In this paper we complement the study by Liu et al. by investigating how one dictio-
nary of atoms changes over time in an online condition monitoring scenario, where the
dictionary is optimized to a continuous vibration signal, measured from a machine, that
evolves from a normal state of operation to faulty conditions. We use a similar imple-
mentation of dictionary learning that is suited for online monitoring [12], and vibration
signals from the same dataset [13]. The work presented here is novel because it focuses
on online monitoring and the continuous evolution of an automatically learned dictio-
nary, rather than supervised learning of multiple dictionaries for each fault condition.
We demonstrate that deviations from the normal state of the machine in principle can be
detected via monitoring of the learned dictionary over time. We define an evolution rate
for the atoms in a dictionary and demonstrate that this rate decreases to low values after
some time of adaptation, and that it increases significantly when faults are introduced in
the system. The resulting atoms are also useful for further classification and diagnosis of
the condition [11, 12]. We find that some atoms characterize the vibration of the machine
in both normal and abnormal operational conditions, while other waveforms are clearly
associated with the faults. These preliminary results indicate that online monitoring of a
learned dictionary is a potentially useful approach to zero-configuration fault detection.
The approach also provides atoms representing inherent structural features in the signal
that can be used for diagnosis and prediction.

2 Sparse coding and dictionary learning

The model [12] used here was developed by Smith and Lewicki [14], and it is inspired
by former work on sparse visual coding [15]. Smith and Lewicki discovered that atoms
learned from speech data closely resemble cochlear impulse response functions (revcor
filters), which indicates that speech is adapted to the ear [14]. Our working hypothesis is
that features that characterize machines can be learned in a similar manner. The model
decomposes a signal, x(t), as a linear superposition of noise and atomic waveforms with
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compact support

x(t) = ε(t) +
∑
i

aiφm(i)(t− τi). (1)

The functions φm(t) are atoms that represent morphological features of the signal, where
τi and ai indicate the shift (temporal position) and amplitude of the atoms, respectively.
The values of τi and ai are determined with a matching pursuit algorithm [16, 17] and
the triple m(i), τi, ai represents one atomic event (similar to the firing of a receptive-field
neuron). The atoms are optimized in an unsupervised manner by performing gradient
ascent on the approximate log data probability [14]

∂

∂φm
log [p(x | Φ)] =

1

σ2
ε

∑
i

ai(x− x̂)τi , (2)

where (x − x̂)τi is the residual of the matching pursuit over the support of atom φm
at time τi and ai is the atom amplitude. This is a form of Hebbian learning because
adaptation is the result of the continuous activation of the atoms by the input signal.
The stop condition of the matching pursuit algorithm determines the sparseness and
signal-to-residual ratio (SRR) of the resulting event-based representation. Note that the
resulting representation is not a linear function of the input signal because the matching
pursuit is non-linear.

The set of atoms, φm(t), defines a dictionary, Φ, consisting of M atoms

Φ = {φ1, . . . , φM} . (3)

The calculation of Φ is an iterative process. The first step is to initialize the dictionary.
In this work we set the initial length of each atom to fifty and sample the initial ampli-
tudes from a Gaussian distribution. The matching pursuit includes cross-correlation of
the signal (residual) with all atoms in the dictionary. The maximum cross-correlation
defines one event, m(i), τi, ai, which is subtracted from the signal by subtracting the cor-
responding waveform, aiφm(i)(t− τi). The resulting residual is used as input to the next
matching-pursuit iteration, and the process continues until the stop condition is reached.
The stop condition can be defined in different ways, for example in terms of the number
of events per signal sample (sparsity) or the signal-to-residual ratio.

The problem to learn the dictionary, Φ, is the main challenge and opportunity of this
approach, which makes it fundamentally different from traditional condition-monitoring
approaches. We seek a dictionary of atoms, Φ, that maximizes the expectation of the log
data probability

Φ = arg maxΦ〈log [p(x | Φ)]〉, (4)

where

p(x | Φ) =

∫
p(x | a,Φ)p(a)da. (5)

The prior of the amplitude, p(a), is defined to promote sparse coding in terms of sta-
tistically independent atoms [15]. The integral is approximated with the maximum a
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posteriori estimate resulting from the matching pursuit. This results in a learning al-
gorithm that involves gradient ascent on the approximate log data probability defined
by Eq. (2). The gradient of each atom in the dictionary is proportional to the sum of
residuals corresponding to the matching-pursuit activation of that atom. The prefactor,
1/σ2

e , is the inverse variance of the residual that remains after matching pursuit. We
introduce a learning rate parameter, η, so that Eq. (2) is modified to

∆φm =
η

σ2
e

∑
i : m=m(i)

ai(x− x̂)τi . (6)

The actual adaptation rates of the atoms also depend on the matching-pursuit activation
rate, which implies that some atoms may adapt slowly or not at all. Several improvements
of this methodology have been proposed, including methods to enforce orthogonality in
the matching pursuit. Such methods improve the reconstruction accuracy significantly
for noiseless signals, but the effect on denoising performance is moderate. Our method
is comparable to that used by Liu et al. [11] and is motivated by the relatively low
complexity and simplicity of the algorithm, which allows for online condition monitoring
experiments in embedded systems.

We are interested in quantitative changes of the learned atoms resulting from changing
conditions in a rotating machine. Skretting [18] proposes a dictionary distance measure as
a means to quantify the similarity between two dictionaries. This approach is useful for
diagnosis purposes but has limitations in an online monitoring scenario because only
a subset of the atoms may change when a fault emerges, possibly resulting in high
dictionary similarity. Therefore, we define the following evolution rate for each atom

1− crosscorr(φa(t), φa(t− δ)), (7)

where φa(t) is an atom of dictionary Φ at time t and φa(t − δ) is the corresponding
atom at a previous point in time, t− δ. This quantity is calculated for each atom and it
indicates how quickly individual atoms are changing. A value of zero means no change at
all, while a value close to one means that an atom is uncorrelated with the corresponding
atom in the past.

3 Characterization of rotating machine with fault in

rolling element bearing

We apply the matching pursuit with dictionary learning approach to vibration data
from a rotating machine at the bearing data center at Case Western Reserve University
[13]. The vibration data was generated with a test rig consisting of an electric motor, a
torque transducer, a dynamometer and a ball bearing supporting the motor shaft. An
accelerometer located at the drive end of the motor is used to record the vibration data.
The accelerometer is sampled 12000 times per second. During data acquisition, the load
varies between 0 HP and 3 HP, resulting in a varying motor speed from 1800 to 1730
rpm. We consider three different datasets in order to mimic the appearance and growth
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of a defect in the bearing, thereby simulating the evolution of the machine from a normal
state of operation to a faulty state of operation. First, matching pursuit with dictionary
learning is applied to 120 minutes of vibration data corresponding to a normal, non-
faulty bearing. This is referred to as the baseline (BL) case and the resulting atoms
are illustrated in Figure 1. Next, the atoms are further adapted to 120 minutes of data
corresponding to a faulty bearing with a 7 mils (0.18 mm) diameter fault on the inner
race. We refer to this as the IR7 case and the resulting atoms are also illustrated in
Figure 1. Finally, the IR7 atoms are further adapted to 120 minutes of vibration data
corresponding to a faulty bearing with a 14 mils (0.356 mm) fault on the inner race
(IR14).
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Figure 1: Atoms learned from vibration signals corresponding to the BL, IR7 and IR14
cases, respectively. The atoms are ordered by ascending center frequencies in the IR14
case. All atomic waveforms are normalized.

The vibration data is processed with our Matlab implementation of Smith and Lewicki’s
algorithm [14]. The dictionary initially contains sixteen normalized atoms of length fifty,
which are sampled from a Gaussian distribution with zero mean. Dictionary learning
is carried out using a signal window of 5 seconds duration (60000 samples). The win-
dows are sampled randomly from the different load and rpm cases, thereby simulating a
time-varying load on the rotating machine. Matching pursuit is stopped at one order of
magnitude reduction in the data rate, or at a 12 dB SRR.

The dictionaries resulting from the BL, IR7 and IR14 cases are shown in Figure 1, each
including the sixteen atomic waveforms obtained at the end of a 120 minute adaptation
time for each case. All waveforms are normalized and have the same y-axis scale. Each
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Center freq. [kHz] Event rate [s-1]

Atom # BL IR7 IR14 BL IR7 IR14

1 0.1 0.1 0.1 55 0 0

2 0.1 0.1 0.1 62 0 0

3 1.1 1.1 0.4 99 0 72

4 0.2 0.2 0.4 73 0 3

5 1.0 0.9 0.5 66 12 49

6 0.7 0.7 0.7 64 3 27

7 1.0 1.0 1.1 50 4 41

8 3.9 3.9 1.9 0 3 63

9 0.7 1.5 1.9 58 59 64

10 3.1 2.0 2.4 1 116 70

11 4.4 3.2 3.1 0 67 76

12 2.7 3.3 3.2 0 100 74

13 2.4 3.5 3.2 0 99 69

14 1.1 3.6 3.4 67 108 69

15 2.8 3.1 3.5 0 86 89

16 0.8 3.2 3.6 62 107 82

Table 1: Center frequencies and event rates of learned atoms.

panel in Figure 1 illustrates one atom for the BL case (top), IR7 case (middle) and IR14
case (bottom). Atoms 1, 2 and 4 reach approximately stationary conditions after 120
minutes. Atoms 9, 10, 12, 13, 14, 15 and 16 change over time and enable distinction of
the BL and IR7 cases. The difference between the IR7 and IR14 cases is evident from the
time evolution of atoms 9, 10, 12 and 14. Furthermore, the differences between atoms 3,
5, 6, 7 and 8 distinguish the BL and IR14 cases.

Table 1 shows the center frequencies of the atoms in the three cases, calculated as
the mean value of the power spectral density of each atom. By calculating the evolution
rate (rate of change) of the atoms we notice changes in the characteristics of the rotating
machine, which are associated with the introduction of a fault in the bearing. Figure 2
shows the evolution rate of all the atoms in the dictionary as defined by Eq. (7) and using
δ = 10 minutes. Atom 3 stops evolving when the IR7 case is introduced after 120 minutes,
this is represented by the disappearing bold line between 120 and 240 minutes, which is
a consequence of the vanishing event rate, see Table 1. The center frequency of atom 3
is nearly identical in the BL and IR7 cases, see Table 1. Atom 3 continues to adapt after
240 minutes when the IR14 case is introduced. This is in agreement with Figure 1, which
shows that atom 3 is similar for the BL and IR7 cases, while it has a different shape in the
IR14 case. Atom 13 is inactive during the BL case, as indicated by the vanishing event
rate in Table 1, but it starts to adapt in the IR7 case and eventually attains an impulse-
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Figure 2: Evolution rate of atoms versus the time in minutes. The occurrences of the
IR7 fault after 120 minutes, and the IR14 fault after 240 minutes affect the evolution
rate of some atoms (bold lines) significantly.

like shape. In contrast, atom 2 adapts in the BL case and thereafter remains unchanged,
see Figure 1. The center frequencies and event rates listed in Table 1, the evolution rate
displayed in Figure 2 and the dictionary illustrated in Figure 1 provide complementary
information about the three different operational conditions of the machine.

In Figure 3 we present a scatter plot of atom event rates versus the center frequency for
the three cases listed in Table 1. It is evident that atoms with a lower center frequency
occur in the BL case, while the cases including a bearing fault (IR7 and IR14) result
in adaptation and activation of atoms with higher center frequencies. Furthermore,
a comparison between the IR7 and IR14 cases reveals differences in the event rates
associated with some of the atoms. In summary, these results indicate that changes in
the operational conditions and characteristics of a rotating machine can be automatically
detected using unsupervised dictionary learning. Further work is required to investigate
and develop reliable measures for change detection during continuous monitoring of a
rotating machine, including methods to avoid false positives associated with long-term
variations in the operation of the machine.
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Figure 3: Scatter plot of atom event rates versus center frequencies of atoms for the BL,
IR7 and IR14 cases. The event rates are calculated during the last thirty minutes of
vibration data in each case. The introduction of a fault in the bearing leads to learning
and activation of atoms with high center frequency.

4 Discussion

We investigate the possibility to automatically characterize a rotating machine and de-
tect when faults appear in the machine by monitoring a dictionary of learned atomic
waveforms. We find that the shape, frequency and repetition characteristics of the atoms
depend on the operational conditions of the machine considered here. Furthermore, we
define the rate of change of atoms (the atom evolution rate) and illustrate that it can be
useful for automatic detection of faults. These results motivate further experiments with
more realistic failure modes and varying operational conditions. Further work is required
to investigate and develop reliable measures for automatic change detection, possibly us-
ing a complementary knowledge base including atoms learned from similar machines with
known operational conditions. In addition, deep learning extensions can be investigated
for classification and prediction purposes. Dictionary learning offers a novel approach to
online condition monitoring, which unlike most traditional techniques requires few as-
sumptions about the machine and structure of the signal. Further work in this direction
is motivated in the search for condition monitoring methods that require little to none
of configuration, robust to changing operational conditions, and offers suitable scaling
properties in the era of the Internet of Things.
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Abstract

Condition-based maintenance of machines requires efficient methods for early de-
tection of abnormal operational conditions and faults, which is a challenging problem
because machines are different and change characteristics over time. The extraction of
relevant features from condition monitoring signals is a central issue because features are
often manually selected and pre-defined by engineers with limited knowledge about each
particular machine, leading to the question whether more informative features and signal
representations can be obtained using a machine-learning approach? An efficient method
or device for extraction of features from raw data is also key for enabling advanced con-
dition monitoring systems based on resource-constrained wireless and embedded sensors.
Former work demonstrates that sparse coding and dictionary learning can be used to
derive features that characterize different operational conditions and faults of a rotating
machine, while also enabling a reduction of the raw data rate by about one order of
magnitude, but it is not clear how to implement such methods in an online condition
monitoring system. In this work, we investigate a method for online optimization of
features, and we study the characteristics and evolution rate of vibration features and
the corresponding sparse representation when a bearing fault emerges in a rotating ma-
chine. We present results of numerical experiments based on realistic vibration data
and different model parameters governing the accuracy and computational cost of the
sparse coding method, and the adaptation rate of learned features. We observe that the
dictionary of learned features undergoes a phase of rapid evolution when a fault appears
and changes characteristics, which can be clearly distinguished from the adaptation rate
under normal operational conditions due to a varying load on the machine, and that a
sparse representation with 10–2.5% retained coefficients is sufficient for characterization
of the operational condition.

1 Introduction

Detection of abnormal operational conditions and reliable prediction of faults are impor-
tant aspects for the overall efficiency of rotating machines. Condition-based maintenance
(CBM) is a maintenance approach that recommends maintenance decisions based on con-
dition monitoring information [1], which can be used to reduce machine downtime and
ensure proper operation of machines. The CBM maintenance approach can be divided
in three stages, which are: data acquisition, data processing and decision making. In the
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data acquisition stage, measured parameters are collected, such as vibration, acoustic
emission, current or temperature. Subsequently, in the data processing stage features are
extracted from the raw data, and in the decision making stage actions are taken based on
an analysis of the features. In addition to fault detection and diagnosis, CBM requires
efficient methods for prediction of faults [2].

Machine-learning approaches can be used to automate the diagnosis and prediction
tasks. In particular, the extraction of relevant features from condition monitoring signals
is a central issue, and current practice is widely based on manually selected, ad-hoc fea-
tures that are pre-defined by engineers. That implies that features are defined without
explicit knowledge about the configuration, state and evolution of each particular ma-
chine. In this work we investigate a method for online optimization of features, which
can enable automatic extraction of features that are better adapted to each particular
machine. The proposed method is based on sparse-coding theory, which also enables sub-
stantial compression of the raw sensor data. The transformation of raw data to “succinct”
information is key to enable more potent resource-constrained condition monitoring sys-
tems, for example systems based on wireless sensors and Internet-of-Things technology,
which can lead to new condition monitoring applications.

We focus on rolling element bearings and monitoring with vibration sensors. Rolling
element bearings are essential machine elements used to carry loads and reduce friction
between moving parts in rotating machines. Therefore, condition monitoring of bearings
is an important aspect for improving the efficiency of rotating machinery. Vibration sig-
nals from bearings are commonly analyzed in terms of frequency-domain or time-domain
features, and pre-defined characteristic frequencies and threshold values are used for the
identification of faults and abnormal conditions [3, 4, 5]. The detection and characteri-
zation of abnormal conditions and prediction of faults in bearings is a difficult task due
to the high number of variables affecting their operation. Defect propagation rates in
bearings are stochastic due to the probabilistic nature of the bearing operational condi-
tions and structural integrity [6, 2]. Therefore, machine-learning and pattern-recognition
methods play a natural role for the further development of automated and more efficient
diagnosis and prognosis systems. In particular, unsupervised methods that enable detec-
tion and characterization of abnormal operational conditions without reference to labeled
data are needed, because it is difficult and expensive to generate suitable datasets for
supervised training [6].

Sparse representation [7, 8, 9] and analysis [10] of signals is an approach that has
attracted wide interest in the last decade. Sparse signal models based on a learned dic-
tionary of features require a minimum of information for modeling and analysis, thereby
simplifying the signal processing task. Former work demonstrates that such models can
be used to characterize different operational conditions and faults of a rotating machine
[11, 12]. However, it remains to investigate how such models can actually be implemented
in an online condition monitoring system for automation purposes. That is the back-
ground and aim of this paper, which presents an investigation of measures for automatic
detection of abnormal operational conditions, which are based on the learned features
and output of a sparse-coding methodology We consider realistic vibration signals from
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bearings in healthy and faulty states of operation, and investigate different sets of hyper-
parameters governing the calculation of the sparse code and learning of features. In
particular we investigate the effects of a varying sparsity and computational cost on the
measures proposed for detection of abnormal conditions.

2 Method for sparse coding and feature learning

Sparse signal approximation based on a linear combination of a small number of elemen-
tary waveforms selected from a large collection is applicable to a wide range of signals
and tasks like compression, detection, separation and denoising [13, 8, 9, 14]. The general
problem of finding the optimal n-term approximation is intractable in practice (it is NP-
complete) and numerous algorithms have been proposed that reduce the computational
complexity and provide reasonable approximation results. The general approaches are
l1 minimization with iterative convex optimization techniques, and greedy algorithms
that iteratively decrease the approximation error with a relaxed sparsity constraint. The
method described here belongs to the latter class, and in addition to optimizing the n-
term approximation it also optimizes a set of shift-invariant elementary waveforms used
for the sparse signal approximation. The resulting shift-invariant waveforms are features
of the signal, and here we are interested in the correlation between such automatically
learned features and the characteristics of the sources.

2.1 Inspiration from biological sensory systems

We adopt the feature learning approach proposed by Smith and Lewicki [15, 16], which
is inspired by the work of Olshausen and Field on sparse visual coding [17, 18]. A funda-
mental task of a biological sensory system is to infer information about the environment
under resource constraints. Therefore, efficient encoding mechanisms have evolved that
reduce the influence of noise and the redundancy of the raw sensory signal. When optimiz-
ing sparse representations of speech in this manner the resulting features match cochlear
response properties [16], and in the case of vision the resulting features are congruent
with receptive field properties of V1 [17, 18]. We hypothesize that response functions
that characterize other systems and source processes can be learned in a similar fashion,
and that such automatically learned features are useful for signal analysis purposes, in
particular in the current era of wireless and embedded system evolution where resource
constraints and complexity challenges our data processing methodologies. The resulting
sparse signal representations are sometimes referred to as “succinct”, meaning that they
are both compact and informative. Sparse-coding sensors can potentially be adopted
in resource-constrained sensor systems to improve the quality of sensor information and
reduce the cost of further processing and communication.
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2.2 Sparse signal model

The signal, x(t), is modelled as a linear superposition of waveforms, φm, with compact
support and additive noise

x(t) =
M∑
m=1

Nm∑
i=1

am,iφm(t− τm,i) + ε(t). (1)

The functions φm are atoms that represent elementary waveforms of the signal and M
indicates the total number of such atoms. The variable Nm refers to the number of
instances of atom φm, and the temporal position and amplitude of the i-th instance
of atom φm are denoted by τm,i and am,i, respectively. The set of M atoms defines a
dictionary

Φ = {φ1, · · · , φM} . (2)

Eq. (1) is an inverse problem that is solved with a two-step optimization process for each
consecutive signal segment:

1A. Atom Selection – Find the atom, φm, that has the highest cross-correlation with
the signal residual and identify the corresponding offset τm,i.

1B. Residual Update – Given the selected atom(s) calculate the am,i that minimizes the
approximation error and update the signal residual accordingly. Repeat from 1A
until a stopping condition is fulfilled.

2. Dictionary Learning – Given the set of selected atoms and corresponding τm,i, am,i
and residual, update the atoms, φm, so that the approximation error is reduced.

Steps 1A and 1B is a signal encoding process that is repeated until a stopping condition
is reached, which typically is defined in terms of the approximation error and the number
of terms in the approximation. The number of terms in Eq. (1) defines the sparsity of the
representation, which is directly related to the number of iterations of steps 1A and 1B
in the optimization process, allowing for a dynamic trade-off between computational cost
and representation accuracy. The second, dictionary-learning step is performed after the
encoding process. Thereafter the optimization process restarts with the next segment
of the signal. By processing partially overlapping segments in this fashion, a continuous
signal can be encoded in terms of dynamically optimized atoms [12]. The mathematical
details of this process are outlined below.

2.3 Encoding algorithm

The accuracy of the signal approximation depends on how well the update rule compen-
sates for the potential interference between different instances of atoms in the estimation
of the coefficients am,i. Therefore, several update rules have been proposed. Matching
Pursuit [19], Orthogonal Matching Pursuit [19, 20] and Gradient Pursuits [21, 22] are
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examples of algorithms that incorporate different strategies for balancing between com-
putational cost and approximation error. Here we adopt the Matching Pursuit (MP)
algorithm [19] for solving the encoding problem. Orthogonal Matching Pursuit and re-
lated algorithms are superior when considering Eq. (1) as a generative model for noiseless
signals, but gives marginally improved results compared to MP when considering realistic
signals with noise, see for example Fig. 2 in [20] and Fig. 5 in [21]. Our primary interest
is the inverse problem and the possibility to use a continuously optimized dictionary
and sparse representation for signal analysis purposes. In that context the benefits of
a more complex matching pursuit are unclear and a subject for further investigation.
Furthermore, we are targeting resource-constrained embedded sensor systems and pro-
grammable hardware implementations and therefore choose to investigate the relatively
low-complexity MP algorithm.

MP is used to decompose the signal, x(t), in the set of shift-invariant atoms, φm(t),
which implies that the coefficients am,i in Eq. (1) takes the form

am,i = 〈x(t)|φm(t− τm,i)〉, (3)

where τm,i is the result of the selection step and am,i is equivalent to the correspond-
ing maximum cross correlation. Therefore, the MP-estimates of am,i are obtained from
the selection step without additional computation. The updated residual of the signal,
Rn+1(t), after the n-th iteration is

Rn+1(t) = Rn(t)− am,iφm(t− τm,i), (4)

and by definition R0(t) = x(t). Each iteration generates a new residual that is cross-
correlated with the dictionary of shift-invariant atoms. As mentioned above, atoms are
selected by maximizing the cross-correlation with the residual, which means that

τm,i = arg max
m,i
〈Rn(t)|φm(t− τm,i)〉. (5)

The strategy to select the atom and offset with the highest inner product implies that
the power of Rn(t) is minimized in each iteration, for further details refer to [15, 16, 19].

The iterative encoding process continues until a stop condition is reached. In this
work we define the stopping condition in terms of the sparsity, which is a parameter of
the model. Note that the resulting representation is not a linear function of the input
signal because the inverse problem solved with MP is non-linear. The computational
cost of the MP algorithm can be significantly reduced by making use of the redundancy
of a shift-invariant dictionary and adopting efficient algorithms for cross-correlation and
maximization [23, 20].

2.4 Learning of shift-invariant dictionary

Dictionary learning is an exciting area of sparse representation research that offers a novel
approach to feature extraction and signal analysis in condition monitoring applications.
The goal of this problem is to automatically calculate an optimal set of atomic waveforms,
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φm, in the dictionary, Φ, for a particular signal domain. One solution to this problem
can be obtained by rewriting Eq. (1) in probabilistic form

p(x|Φ) =

∫
p(x|a,Φ)p(a)da (6)

≈ p(x|â,Φ)p(â), (7)

where â is the maximum a posteriori (MAP) estimation of a,

â = arg max
a
p(a|x,Φ) = arg max

a
p(x|a,Φ)p(a), (8)

that is generated by the matching pursuit [24, 15, 16]. Furthermore, we assume that the
noise term, ε , in Eq. (1) is Gaussian. Therefore, the data likelihood, p(x|a,Φ) , is also
Gaussian and takes the form

p(x|a,Φ) ≈ exp

(
−‖x− aΦ‖2

2σ2
ε

)
, (9)

where

‖x− aΦ‖2 = ‖x−
M∑
m=1

Nm∑
i=1

am,iφm(t− τm,i)‖2, (10)

and σ2
ε is the variance of the noise. Note that x, a and Φ are matrices in these probabilistic

expressions, and that the dictionary, Φ, includes all possible shifts of each atom φm.
Under these assumptions the atoms can be optimized by performing gradient ascent

on the approximate log data probability. It follows from Eq. (7) that

∂

∂φm
log(p(x|Φ)) =

∂

∂φm
[log(p(x|â,Φ)) + log(p(â))] . (11)

By taking the derivative and substituting the likelihood term with Eq. (9) this becomes

∂

∂φm
log(p(x|Φ))

=
−1

2σ2
ε

∂

∂φm
‖x−

M∑
m=1

Nm∑
i=1

am,iφm(t− τm,i)‖2 (12)

=
1

σ2
ε

∑
i

am,i [x− x̂]τm,i
. (13)

The term [x− x̂]τm,i
represents the final residual coinciding with atom φm at temporal

position τm,i identified by the MP. In other words, the shape of each atom is adapted
with a weighted average of the residual coinciding with the matches identified by the
matching pursuit algorithm. In terms of neural networks, this is a form of Hebbian
learning because adaptation is a result of the continuous selection of atoms (activation
of neurons) that are highly correlated with the stimuli.



3. Results of numerical experiments 87

In order to use the gradient for optimization we introduce a learning rate, or stepsize
parameter, η. This modifies Eq. (13) to

∂

∂φm
log(p(x|Φ)) =

η

σ2
ε

∑
i

am,i [x− x̂]τm,i
. (14)

This means that the learning rate depends on the activation rate of atoms, which implies
that the learning rate of atoms can be different, and that some atoms may not learn at
all. Furthermore, we zero pad all atoms with ten elements at each tail and allow the
atom to grow in length if the RMS of the tail exceeds 0.1 of the atom RMS.

3 Results of numerical experiments

We are interested in the characteristics of the sparse representation and atoms that are
continuously adapted to a condition-monitoring signal. Therefore, we analyze vibration
signals from the bearing data center at Case Western Reserve University [25]. The signals
are generated by a rotating machine consisting of an electric motor, a torque transducer,
a dynamometer and a ball bearing supporting the motor shaft. An accelerometer located
at the drive end of the motor is used to record the vibration data with a sampling rate
of 12 kHz. We alternate between several recorded datasets in order to simulate a varying
load between 0 HP and 3 HP, resulting in a varying motor speed between 1800 and 1730
rpm.

3.1 Algorithms and hyperparameters

The vibration data is processed with our C/Matlab implementation of the method out-
lined in Section 2. which includes a fast cross-correlation algorithm that is adapted to
matching pursuit with shift-invariant dictionaries. This enables us to process several
hours of vibration data in relatively short time on an ordinary PC, which is not possible
with a straightforward implementation of the method. The initial dictionary is formed by
sixteen atoms of length fifty, which are sampled from a Gaussian distribution with zero
mean. Atoms are normalized to unit length. Sparse coding and dictionary learning is
performed on a signal window of 5 seconds duration (6× 104 samples). The windows are
sampled randomly from the different load and rpm cases, thereby simulating a varying
load on the rotating machine.

There are four hyper-parameters affecting the accuracy and computational cost of the
model. These are the atom length, the number of atoms in the dictionary, the sparsity
and the learning rate. Atoms are allowed to grow in length, see the former section for
details, because this is necessary to enable proper learning of features with both high- and
low-frequency envelopes. The number of atoms in the dictionary is kept fixed at sixteen
because this is approximately the number of atoms that are learned at the sparsity
levels considered here. Experiments with a larger dictionary show that additional atoms
rarely are activated, and therefore do not adapt to the signal. We vary the sparsity



88 Paper C

and learning rate hyperparameters and study the effect on the sparse representation
and the learned atoms. The sparsity hyperparameter defines the stopping condition of
the MP encoding algorithm, and we present the sparsity as a ratio of the number of
retained coefficients to the number of samples in the signal window. In the experiments
we consider three different sparsity ratios, 0.1, 0.05 and 0.025, corresponding to 6000,
3000 and 1500 retained coefficients in the sparse representation of the 60k samples in the
signal. Two different learning rates are considered, a learning rate of 1×10−5 corresponds
to a quick learning (QL) implementation, and a learning rate of 1× 10−6 is a rather slow
learning (SL) implementation. In practical applications of the the method, the learning
rate parameter needs to be adapted to the timescale of the machine so that normal
variations in the operational conditions are averaged out. As demonstrated below, the
long-term averaging over normal operational conditions (the load and rpm in this case)
does not prevent a rapid change of atoms due to an abnormal condition. In total we
consider six different sets of hyperparameters with different sparsities and learning rates,
and each set of hyperparameters is used for the processing of fifteen hours of 12 kHz
vibration data at different operational conditions of the machine.

3.2 Dictionary learning results

The analysis of the vibration signals is carried out in such a way that it mimics an
emerging fault in the ball bearing. Three different datasets are considered in order to
mimic the appearance and growth of a defect in the inner race of the bearing. The goal is
to simulate the evolution of a machine from a normal state of operation to a faulty state
of operation. The first experiment is carried out using a relative sparsity of 0.10 and
the slow learning rate. Initially, five hours of vibration data corresponding to a normal,
non-faulty bearing is processed. This case is referred as the baseline (BL) case and the
resulting atoms are shown in Figure 1. Next, the atoms are further adapted to five hours
of data corresponding to a faulty bearing with a 7 mils (0.18 mm) diameter fault on the
inner race. We refer to this as the IR7 case and the resulting atoms are also shown in
Figure 1. Finally, the atoms are adapted to five hours of vibration data corresponding
to a faulty bearing with a 14 mils (0.356 mm) fault on the inner race (IR14), which
means that fifteen hours of data is processed for this set of parameters. This process
is repeated for the other five sets of parameters, including different learning rates and
sparsity constraints.

The dictionaries resulting from the BL, IR7 and IR14 cases are shown in Figure 1, each
including the sixteen atomic waveforms obtained at the end of the five hour adaptation
time in each case. All waveforms are normalized and the sixteen panels in the plot
have the same scale on the y-axis. Each panel in Figure 1 illustrates one atom for the
BL case (top), IR7 case (middle) and IR14 case (bottom). A visual inspection of the
atomic waveforms show differences between the atoms learned in the BL, IR7 and IR14
cases Atoms 1, 5 and 7-16 change over time and enable distinction of the BL and IR7
cases. The difference between the IR7 and IR14 cases is evident from the waveform
evolution of atoms 1-9, 12 and 13. Furthermore, the differences between atoms 2, 3, 4
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Figure 1: Atoms learned from vibration signals corresponding to the BL, IR7 and IR14
cases, respectively. This dictionary corresponds to a slow-learning (SL) implementation
with a relative sparsity of 0.1. The atoms are ordered by ascending center frequencies in
the final, IR14 case. All atoms are normalized to unit length.

and 6 distinguish the BL and IR14 cases. Table 1 shows the center frequencies of the
atoms in the three cases, calculated as the mean value of the power spectral density of
each atom. In Figure 2 we present a scatter plot of atom event rates versus the center
frequency for the three cases listed in Table 1. It is evident that atoms with a lower
center frequency occur in the BL case, while the cases including a bearing fault (IR7
and IR14) result in adaptation and activation of atoms with higher center frequencies.
Furthermore, a comparison between the IR7 and IR14 cases reveals differences in the
event rates associated with some of the atoms. Active atoms with a high center frequency
in the IR7 case tend to have a higher event rate than those in the IR7 case. However,
the few atoms with a lower center frequency for the IR14 case have a higher event rate
than the few atoms with a low center frequency in the IR7 case.

We define the rate of change (evolution rate) of an atom as

µm(t) = 1−max crosscorr(φtm, φ
t−δ
m ), (15)

where t denotes the current time and δ = 10 minutes refers to the shape of atom φm ten
minutes earlier. Note that the maximum cross-correlation is a generalization of an inner-
product based comparison for atoms of non-equal and changing length. We calculate the
evolution rate of the atoms, see Figure 3, and observe rapid changes in the evolution
rates of some atoms when the fault is introduced in the bearing. Atoms 2, 3, 4 and 6
stop evolving when the IR7 case is introduced after five hours. The center frequency of



90 Paper C

Table 1: Center frequencies and event rates of learned atoms corresponding to a slow
learning (SL) implementation with a relative sparsity of 0.1.

Center freq. [kHz] Event rate [s-1]
Atom # BL IR7 IR14 BL IR7 IR14

1 0.4 2.5 0.5 70 108 70
2 0.1 0.1 0.9 58 2 99
3 0.6 0.6 1.1 56 2 89
4 0.2 0.2 2.0 53 3 83
5 0.6 0.7 2.1 51 88 73
6 0.2 0.2 2.3 72 1 90
7 1.1 2.6 2.3 121 102 67
8 0.1 1.9 2.7 45 83 107
9 0.6 2.1 3.1 71 89 63
10 1.0 3.3 3.1 92 104 74
11 0.9 3.3 3.2 101 109 66
12 0.6 2.7 3.2 47 93 75
13 1.7 2.0 3.3 92 113 57
14 0.7 3.0 3.4 65 85 64
15 1.1 3.6 3.4 119 105 59
16 0.9 3.3 3.5 88 113 66

these 4 atoms is identical in the BL and IR7 cases, see Table 1. Furthermore, the four
atoms continue adapting after ten minutes when the IR14 case is introduced. This is in
agreement with Figure 1, which shows that these four atoms have a similar waveform
in the BL and IR7 cases, while the waveforms are different in the IR14 case. Atoms 10
and 15 have a low activity in the BL case (they are rarely activated), which results in
a low evolution rate in Figure 3. However, these atoms start to adapt in the IR7 case,
resulting in a rapid increase of the corresponding evolution rates. Atoms 1, 7, 9, 11, 13
and 16, which are initially inactive, adapts between hours 2 and 4 in the middle of the
BL case. Subsequently, atoms 5, 7, 8, 9, 12, 14 and 16 were inactive at the beginning
of the IR7 case and adapt between hours 7 and 9. This suggests that after some atoms
have adapted to the signal from the machine, the corresponding evolution rates decrease
and other atoms may start to adapt to low-amplitude features of the signal.

Similarly, changes in the characteristics of the signal due to the introduction of a
fault in the bearing are observed in the evolution rate of the whole dictionary. We define
the evolution rate of the dictionary in terms of the dictionary distance proposed by
Skretting and Engan [26], β(Φt,Φt−δ), where t is the current time and δ = 10 minutes
refers to the same dictionary ten minutes earlier. The dictionary distance is a measure
of the similarity between two dictionaries. Therefore, we define the evolution rate as
the distance between a dictionary at two different points in time. Figure 4 shows the
evolution rate of the dictionary for the three different cases of relative sparsity, 0.1, 0.05
and 0.025. A sharp rise of the evolution rate occurs when the IR7 and IR14 cases are
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Figure 2: Scatter plot of atom event rates versus center frequencies of atoms for the
BL, IR7 and IR14 cases. The plot corresponds to a slow-learning implementation with a
relative sparsity of 0.1. The event rates are calculated during the last thirty minutes of
vibration data in each case. The introduction of a fault in the bearing leads to learning
and activation of atoms with high center frequency.

introduced at hours five and ten. This result is in agreement with the evolution rate of
the atoms, where changes are seen at the introduction of the IR7 and IR14 cases.

The residual of the encoding algorithm is the part of the signal that is not represented
by atoms when the stop condition of the encoding algorithm is reached. Figure 5 shows
the fidelity (signal-to-residual ratio) and the residual RMS versus time. Both quantities
are discontinuous at the time when the fault is introduced in the signal. The jump is more
significant between the BL and IR7 cases, compared to the IR7 and IR14 cases. Both
these quantities are interesting for the detection of abnormal operational conditions, but
the fidelity is computationally more costly to calculate compared to the residual RMS.

3.3 Effect of hyper-parameters

A comparison of the results obtained with the six different parametrizations of the model
is useful to understand how the hyperparameters and different sparsities and compu-
tational costs affect the results. In automated applications of the method, the hyper-
parameters need to be automatically tuned to the application, or sufficiently general
parameter values need to be pre-define so that the detection of abnormal conditions is
possible. Figure 6 shows low-pass filtered signal fidelities and residual RMS for the six
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Figure 3: Evolution rate of atoms versus the time in hours for a slow-learning implemen-
tation with a relative sparsity of 0.1. An evolution rate of zero means that the atom does
not change at all. The occurrences of the IR7 fault after 5 hours, and the IR14 fault
after 10 hours affect the evolution rate of some atoms significantly, indicating that the
characteristics of the machine changes at these points in time.

experiments with different sparsity levels and learning rates. The fidelity and residual
RMS are low-pass filtered with a first-order filter and a time constant of one minute in
order to improve the clarity of the plot, compare with Figure 5 which is not filtered. In
a real-world scenario the load changes on the machine would be more smooth (due to
inertia) than the momentaneous switching between datasets in our simulations. There-
fore, the variance in Figure 5 is a worst-case estimate for the machine considered here,
and the low-pass filtered fidelity and residual RMS presented in Figure 6 is likely more
close to what is to be expected in practice.

Figure 6 illustrates clear transitions between the BL, IR7 and IR14 cases in both
fidelity and residual RMS. This suggest that the selection of the sparsity and learning
rate values are not critical, and that a sparsity of a few percent is useful. Therefore,
systems with limited computational power and communication resources could benefit
from this approach. Furthermore, we observe that a quick learning (QL) implementation
produces more distinct transitions between the different operational conditions, while a
slow learning (SL) implementation may lead to higher fidelity.
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Figure 4: Evolution rate of the whole dictionary versus time for the three different relative
sparsities, 0.1, 0.05 and 0.025. The IR7 fault is introduced after five hours of training
and the IR14 fault is introduced after ten hours.

4 Discussion

This study focuses on the feature extraction stage of the machine learning process, and
measures that can be used for the further detection and classification of abnormalities in
a signal without prior or expert knowledge. We investigate the possibility to automati-
cally characterize a rotating machine and detect when a fault appears in the machine by
monitoring a dictionary of learned atomic waveforms. We find that the shape, frequency
and repetition characteristics of the atomic waveforms enable distinction of different op-
erational conditions of the machine considered here. Substantial discontinuities appear
in the RMS of the residual of the sparse-coding algorithm when a fault is introduced in
a bearing, and a similar transition is observed when the geometrical size of the fault in-
creases momentaneously. Furthermore, the rate of change of the learned atoms (the atom
evolution rate), and the evolution rate of the dictionary based on the distance measure
introduced by Skretting and Engan [26] in particular, increases significantly when the
fault is introduced and changes characteristics. Therefore, these quantities are interesting
measures for the detection of abnormal operational conditions, and given the unsuper-
vised nature of the method and the few hyperparameters involved, it is likely that the
method can be further automated and possibly applied for automatic condition monitor-
ing in a variety of environments with a minimum of manual configuration. By modifying
the hyperparameters of the model, the computational cost and resulting sparsity and size
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Figure 5: Fidelity and residual RMS versus time for the slow-learner implementation
with a relative sparsity of 0.1. A sharp decrease in fidelity and increase in residual RMS
indicates when the IR7 and IR14 faults are introduced.
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Figure 6: Comparison of fidelity and residual RMS for six cases of relative sparsity
0.1, 0.05 and 0.025, and two learning rates, QL and SL. The rapid decreases in fidelity
and increase in residual RMS indicate the onset of the IR7 and IR14 faults, which are
introduced after five and ten hours of operation.

of the succinct code can be varied, and we find that 2.5% retained coefficients is sufficient
to obtain useful results. However, with 5% and 10% retained coefficients the fidelity of
the reconstructed signal is higher and the signatures of the fault are more clear. This
work extends previous work on dictionary learning for condition monitoring [11, 12] by
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defining and studying the continuous evolution of a learned dictionary. We introduce
measures for the evolution rate of atoms and the dictionary and present numerical exper-
iments based on realistic data demonstrating how the signal fidelity, residual RMS and
evolution rates change under different operational conditions. Further work is required
to investigate and develop reliable measures for detection of abnormal operational condi-
tions in an online condition monitoring system, including methods to avoid false positives
associated with long-term variations in the operation of the machine. Further investi-
gations of dictionary learning and sparse coding signal analysis methodologies are also
motivated [10], including studies of implementations that are suitable for implementation
in resource-constrained systems.
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