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Abstract

The two main questions in science, “why” and “how,” are answered here in the context

of statistical signal processing applied to vibration analysis and ultrasonic testing for

fault detection and characterization in critical materials such as rolling bearings and thin

layered media. Both types of materials are of interest in industrial processes. In such

processes, it is important to ensure the best operating conditions for rolling bearings and

good product quality for thin layered materials.

The methods defended in this thesis are designed for the retrieval of impulsive sig-

nals, which represent either faults or responses to excitation, arising from such equipment

and materials. Because the measurements collected via sensors usually consist of signals

masked by unknown systems and noise, retrieving the information-rich portion of such

a signal is often challenging. By exploiting the statistical characteristics of these signals

due to their natural structure, a linear system is designed to recover the signals of interest

in different scenarios. The primary approach is to suppress undesired components while

enhancing impulsive events through iterative adaptation of a filter. Signal recovery is

accomplished by optimizing an objective (skewness) that quantify the presumed charac-

teristics, raising the questions of the objective surface topology and the probability of

ill convergence. To address these questions, mathematical proofs, experimental evidence

and comprehensive discussions are presented in the presented contributions, each aiming

to answer a specific question.

The purpose of the theoretical study is to fill a gap in signal processing research by

providing analytical and numerical results, especially on skewness surface characteristics,

for a signal model (periodic impulses) built based on harmonically related sinusoids. With

an understanding of the inner workings and the sufficient conditions, the same approach

is applied to different classes of signals encountered during ultrasonic testing, such as

aperiodic finite energy signals (material impulse response) and very-short-duration im-

pulses acting as excitations. A similar approach aimed at enhancing another attribute,

sparseness, is investigated through numerical experiments on ultrasonic echoes as a case

study. In summary, an objective quantifying a certain characteristic is optimized to re-

cover the signal portions that carry valuable information buried in noisy vibrations and

ultrasonic measurements.

Considering that research is deemed successful if it creates more questions than it

answers and allows ideas to flourish, thereby creating scientific value, the presented work

aims to achieve this in the context of statistical signal processing. Analytical derivations
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supplemented by experiments form the basis for observations, discussions and further

questions to be studied with regard to similar phenomena arising from different sources

in nature.



v

Contents

Chapter 1 – Background and Motivation 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Detection of Defects in Critical Components . . . . . . . . . . . . . . . . 1

1.3 Analysis of Rolling Bearing Vibrations . . . . . . . . . . . . . . . . . . . 3

1.4 Ultrasonic Testing of Thin Layered Materials . . . . . . . . . . . . . . . . 5

Chapter 2 – Signal Modeling and Analysis and the Retrieval of Rolling

Bearing Fault Signatures 7

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2 Recovering Impulsive Defect Signatures . . . . . . . . . . . . . . . . . . . 7

2.3 Signal Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.4 Signal Retrieval Through the Enhancement of Impulsiveness . . . . . . . 15

Chapter 3 – Signal Modeling and Analysis and the Retrieval of Ultrasound

Echoes from Thin Layered Materials 21

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.2 Recovering the Impulse Response of a Material . . . . . . . . . . . . . . . 21

3.3 Signal Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.4 Signal Retrieval . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

Chapter 4 – Research Contributions 33

4.1 Signal Retrieval from Noisy Sound and Vibration Measurements . . . . . 33

4.2 Summary of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.3 Other Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.4 Discussion of Practical Aspects . . . . . . . . . . . . . . . . . . . . . . . 39

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

Paper A Skewness as an Objective Function for Vibration Analysis of Rolling

Element Bearings 61

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

2 Fault-Impact Enhancement by Adaptive Filtering . . . . . . . . . . . . . 64

3 Signal Model and Objective Surface Analysis . . . . . . . . . . . . . . . . 66

4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

Paper B Uncovering Harmonic Content via Skewness Maximization - A Fourier

Analysis 75

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78



3 Experimental Example with Mechanical Vibrations . . . . . . . . . . . . 82

4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

Paper C Recovering Periodic Impulsive Signals Through Skewness Maximization 89

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

2 Background and Prior Work . . . . . . . . . . . . . . . . . . . . . . . . . 92

3 Notation and Signal Model . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4 A Comparative Study on Mechanical Vibrations . . . . . . . . . . . . . . 96

5 Effects of the Unknown Environment . . . . . . . . . . . . . . . . . . . . 100

6 Mutually Inharmonic Multiple Sources . . . . . . . . . . . . . . . . . . . 107

7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

A Classification of The Stationary Points of Lagrangian Equations . . . . . 110

Paper D Blind Pulse Compression Through Skewness Maximization on Overlapping

Echoes from Thin Layers 119

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

2 Blind Pulse Compression by Adaptive Filtering . . . . . . . . . . . . . . 122

3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

Paper E Blind Adaptation Schemes for Compression of Overlapping Echoes 131

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

3 Impulse Response Retrieval by Adaptive Filtering . . . . . . . . . . . . . 138

4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

Paper F Material Impulse Response Estimation from Overlapping Ultrasound

Echoes Using a Compressed Sensing Technique 153

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

2 Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163



Acknowledgements

I would like to begin by expressing my gratitude to Patrik Pääjärvi (Herr Seven-Dot),
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Chapter 1

Background and Motivation

1.1 Introduction

This chapter presents the background on and motivation for the techniques that have

been studied and applied in the context of vibration analysis for fault detection in rolling

bearings and the ultrasonic testing of thin layered materials. Basic definitions and reason-

ing are discussed alongside the historical background to assist the reader in understanding

the theory and inner workings of the proposed engineering solutions. Mathematical inves-

tigations and proofs as well as the implementations of the studied techniques in industry

are presented as research contributions. In this way, the purpose of this research will be

clarified as a means of motivating this study.

1.2 Detection of Defects in Critical Components

1.2.1 Production Process

In most industrial processes, there are certain critical components and materials that are

indispensable for the continuation, speed and security of production and for ensuring the

quantity and quality of the products being produced. As machinery replaces manpower

with the spread of automated systems, the health status of machines, that is, their con-

dition, becomes increasingly important. Ensuring stable and continuously controlled and

monitored production can prevent unexpected errors and faults that halt the production

process (downtime), which can incur high costs [1].

Many industrial processes can be represented in the form of a flow, in which mate-

rials are transferred from one place to another via an assembly line; in such a scenario,

rotation can generally be regarded as the primary type of necessary movement, which is

eased and assisted by rolling element bearings. Therefore, such bearings are the main

components of interest, and possible faults affecting their operation must be detected

1



2 Background and Motivation

before catastrophic failure. Such a scheme of production monitoring is referred to as

condition-based maintenance (CBM), and such approaches are becoming increasingly

common for predicting failures in the early stages of defect occurrence.

Any moving mechanical device produce vibrations; therefore, information about the

health of monitored equipment can be extracted through this physical phenomenon. Con-

sidering the scale of a typical production process and the number of components to be

monitored, low-cost sensors that sense vibrations - accelerometers - can be considered a

wise choice. Other parameters, such as rotational speed and temperature, can also assist

in the chosen CBM strategy. To summarize, the aim is to detect defects in rolling ele-

ment bearings for the condition monitoring of rotating machinery via vibration analysis.

Mathematical models, signal extraction and analysis, and theoretical investigations and

reasoning will be addressed in the following chapter.

1.2.2 Product Quality and Material Characteristics

The purpose of an industrial process is to produce a high-quality end product with a

durable and robust lifetime. Therefore, the investigation of the material during and after

manufacturing and before the product goes to market is an essential part of production.

The critical requirement here is that the testing method must be non-destructive to avoid

causing unintended faults; that is, it must be a Non-Destructive Testing (NDT) method.

Very sensitive and low-noise sensors can provide reliable information about a material

under test, thereby enabling the detection of faults in the end products. Sound waves

with frequencies above the range of human hearing - ultrasound - provide the means of

NDT considered in this thesis.

In addition to the detection of possible defects, material characterization may also

be required to ensure the best product quality. The purpose is to gain knowledge of

the acoustic properties of a material by estimating the time of flight (TOF), time of

arrival (TOA) and attenuation as well as knowledge of the mechanical properties by

estimating the thickness and density [2, 3]. This knowledge can later be used in the

quality assessment of both the production process and the material itself.

Empirical analyses and experimentation have been conducted on ultrasonic signals

from a laboratory environment to form a basis for further applications in industry. The

same mathematical approaches were applied to both problems: the acquisition and anal-

ysis of mechanical vibrations from rotating machinery and the acquisition and analysis of

ultrasound signals from thin layered materials in particular. To reach a high level of un-

derstanding of these problems, various scenarios have been established and investigated

thoroughly.
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Figure 1.1: Thrust bearing designed and sketched by Leonardo da Vinci.

1.3 Analysis of Rolling Bearing Vibrations

Rolling bearings, as visualized in a historical sketch in Fig. 1.1, are primarily designed

to ease rotational movement by reducing friction. They are used in various branches of

industry, such as manufacturing, aerospace engineering, automotive production, mining,

power plants, and wind turbines for renewable energy [4]. Rotating machinery that

includes rolling bearings must be subjected to diagnosis under a predictive maintenance

scheme to reduce downtime [1]. Such diagnosis generally consists of the detection and

classification of faults [5, 6] through analyses of mechanical waves - vibrations, shock

pulses and acoustic emissions, for instance [7] - supplemented with temperature and

rotational speed information. Crucial benefits of predictive maintenance have already

been observed in the abovementioned industries [7, 8].

The very first step in a successful CBM strategy is to select a sensor with application-

suitable and mechanical-device-dependent specifications. The price, robustness, and op-

erating ranges offered by analog and digital accelerometers for sensing vibrations make

them a suitable choice for both research purposes and industrial implementation. The

parameters to consider are the power consumption, the size, the temperature and ac-

celeration intervals (ranges), the sensitivity, the resolution, the available bandwidth and

the noise density. In addition to these, the mounting method (magnet, adhesive, or

stud) [9, 10], the encapsulation, and the analog-to-digital conversion process also play

important roles.

The defects that are the targets of any predictive maintenance scheme can appear in

rolling bearings as distributed defects such as roughness, waviness, or misaligned races

as well as localized defects such as cracks, pits and spalls [11]. These may be observed in

any part of a bearing: the inner or outer race, the balls/cylinders or the cages. However,

up to 90% of all faults occur on either the inner or outer race [12]; consequently, defects

forming on these parts are the main concern. When these defects come into contact
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Figure 1.2: General fault detection process.

with other metal surfaces, vibrations are generated. In general, vibrations occur due

to an internal elastic restoring force reacting to the displacement of the molecules that

form a body of matter [13]; in the case of rolling bearings, these disturbances manifest

as impulsive occurrences due to metal-to-metal contact. These impulses, whether they

occur periodically or not, excite the system to produce resonances and are associated

with the defect that creates them. Such vibrations, plus any noise and disturbances in

the environment, can be sensed by an accelerometer to produce a signal that carries

valuable information about the health status of a mechanical structure of interest as well

as the existence and characteristics of any defects on that structure.

After the collection of these vibrations using proper measurement hardware, process-

ing is required in both the time and frequency domains to extract relevant information

about the status of a rolling bearing, which, in turn, will enable the user to make a de-

cision regarding the replacement of the component, as shown in Fig. 1.2. The challenge

here is that the impulsive signatures that prove the existence of a defect are always hid-

den in noise, machine resonances [14] and the vibrations of the surrounding machinery;

therefore, information retrieval is not possible through analysis of the raw data alone

[8, 15, 16]. A proper assessment can only be made after suppressing or eliminating the

components that mask the impulses that can serve as evidence of a fault. Addressing

this challenge with a robust, easy-to-use, environment-independent and computationally

efficient signal processing method should give rise to an industrial solution that is par-

ticularly desirable for predictive maintenance strategies. An effort to provide such an

algorithm, supported by theoretical proofs and convincing experimental evidence, forms

the backbone of this thesis.

Once the signals arising from defects have been extracted, the next step should be

verification to avoid false alarms. Other sources, such as gear boxes, can also produce

impulsive signatures [17–21]. To be able to verify that observed impulses actually corre-

spond to a bearing defect, be it on the inner or outer race, knowledge of the mechanical
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Figure 1.3: General condition monitoring process. A noisy measured signal is processed to

extract hidden fault impulses that occur with a certain period T . The purpose of the subsequent

verification step is to decide whether to keep or replace the bearing.

structure and geometry is needed. The period of the impulses will be known within

certain a range due to sliding [22]; the estimation of this period [4] can aid in the verifi-

cation step, as shown in Fig. 1.3. After signal analysis, fault detection and verification,

an acceptable false alarm rate can be achieved.

Interest in defect signature extraction has been growing over the past half century

[6–8]. Numerous methods and approaches have been proposed and tested. These will be

briefly discussed in the next chapter, alongside signal models and analyses, to clarify and

justify the contributions and novelty of the presented research.

1.4 Ultrasonic Testing of Thin Layered Materials

Thin layered materials can also be investigated as part of predictive maintenance schemes

as well as product quality assessments of end products using NDT methods to ensure the

best quality, as mentioned in Sec. 1.2.2. Examples in which such materials are of interest

can be found [23] in the automotive and aerospace industries [24], nuclear reactors [25],

the imaging of surface profiles [26] and the detection of defects in metal and composite

bonds [27]. The purpose may be to reveal the structural properties of a specimen or to

model a specimen to identify possible scatterers (defects) [28]. The structural (physical)

properties of a specimen generally include its thickness, density and elasticity constants,

which can later be used for characterization. In applications to ensure flawless materials,

the aim should be to obtain information by employing a pre-processing tool for the

detection of possible faults (such as cracks and pits). This can be achieved by analyzing

ultrasound signals reflected from the medium under test, as shown in Fig. 1.4.

Choosing a sensor with the appropriate characteristics in accordance with the appli-

cation and the material of interest also plays an important role in such testing. Vibration

sensing elements are distinct from ultrasonic sensors in the following sense: an acous-

tic transducer operates around its resonance, resulting in sensitivity to relatively minor

variations, whereas an accelerometer operates within a flat frequency range well below

its resonance. As a result, the price, robustness, center frequency (depending on the
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Figure 1.4: General ultrasonic testing setup for material characterization and defect detection.

dw represents the distance to the medium immersed in water. dl and db are the thicknesses of

the thin material layers and the bonding layer, respectively.

medium under test), physical attributes (depending on the experimental setup) and suit-

able adhesives are all factors to be considered when choosing an ultrasonic transducer.

The experiments presented in this thesis were conducted under idealized conditions to

test and develop theoretical and practical frameworks for further development and appli-

cation in industry. By transmitting ultrasonic pulses to thin layered materials immersed

in water, reflections from the top and inner boundaries were acquired. The aim was to

extract reflectivity information from the reflection sequences to characterize the media.

The challenge here is that because the layers are thin, the reflected echoes coincide, which

makes analysis difficult. This phenomenon, referred to as overlapping, occurs when the

TOF inside a medium is shorter than the duration of the transmitted signal. To overcome

this complication without requiring additional adjustments to the measurement system

[29], the measured signals must be processed with adequate tools to increase the time

resolution of the pulses to retrieve the reflectivity information.

The abovementioned reflectivity information that represents the characteristics of a

material is actually the response of the material to the ultrasonic pulse that carries the

excitation. The signal that is buried in the overlapping echoes can therefore be modeled

as a train of decaying impulses, as will be shown in the following chapters. The time

difference between these impulses correspond to the thickness of the material, given the

speed of sound. By obtaining the relative magnitudes of the impulses, which represent the

extent of energy absorption, the attenuation of the material can be estimated. In addition

to these examples of characterization, the presence of a defect can also be identified by

comparing the response of a defective medium against the response from a healthy one.

Because the purpose is again to extract an impulsive signal, although one with differ-

ent behavior, the concepts applied for vibration analysis can also be employed here for

material characterization and as a basis for flaw detection using NDT techniques. The

details, mathematical analysis and a brief background on conventional methods will be

presented in a subsequent chapter.



Chapter 2

Signal Modeling and Analysis and

the Retrieval of Rolling Bearing

Fault Signatures

2.1 Introduction

This chapter will present the theory and inner workings of the conducted research on sig-

nal modeling and analysis, supported by application examples. Throughout the chapter,

discussions of previous work and the historical background on conventional techniques

and recent research will also be provided. Based on knowledge of the physical phenom-

ena (impulsiveness) exhibited by vibration signals, the methodology and reasoning will

be presented in a straightforward manner. As a result, the questions of “why” and “how”

will be answered to defend the rationale behind the proposed solutions to the specific

questions investigated in this context.

2.2 Recovering Impulsive Defect Signatures

2.2.1 Vibration Patterns

To gain a better understanding of the signals that are to be extracted from noisy measure-

ments, basic mathematical models of fault signatures can be designed and studied. To do

so, the physical models [22,30–38] that are widely explored in the context of mechanical

engineering should be understood, and certain necessary assumptions and simplifications

must be made. The mathematical consequences, rather then the physical phenomena

themselves, are of interest in this thesis. Therefore, the interested reader is referred to

the cited references on the subject.

7
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(c) Vibration signal from a functional bearing.

Figure 2.1: Vibration patterns from rolling bearings in different possible defect scenarios. The

defect periods, which are the reciprocals of the defect frequencies, namely, the ball-pass frequency

for the inner race (bpfi) and the ball-pass frequency for the outer race (bpfo), are labeled. (Re-

produced with permission from Ascribo AB.)

In the case of a defect on the inner race of a bearing, which rotates with the shaft and

therefore travels into and out of the zone where a radial load is assumed to be applied,

modulated impulses such as those shown in Fig. 2.1a occur with a certain period due to

contact between the rotating elements and the defect [32]. In the case of a fault on the

outer race, which remains stationary throughout operation, periodic impulses that are

all almost equal in strength will be observed, as shown in Fig. 2.1b. A fully functional,

contaminant-free and properly lubricated and mounted bearing, on the other hand, will

not produce any predictable pattern of vibration, as depicted in Fig. 2.1c.

The objective here is to recover these idealized fault signatures from noisy observations

to verify the existence of a defect and thus to deduce conclusions about the status of

the rolling bearing. However, there is no direct access to these signals because of the

distortions introduced by the propagation path through the machine, noise and other

disturbances. The challenge is to suppress these undesired components to reveal the fault

signatures, if any exist. Verification can then be performed in the frequency domain, and

an approximate measure of severity may even be calculated, depending on the power

of the defect frequencies and harmonics, in later stages of condition monitoring. An

application example follows that illustrates a case involving real mechanical vibrations.

2.2.2 An Application Example

The measured signal shown in Fig. 2.2a was collected via an accelerometer magnet

mounted to a fan with a deep groove ball bearing (SKF 6316/C3) rotating at 1500

revolutions per minute (rpm). This signal is typical of certain observations in industry.
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Figure 2.2: (a) A measured signal and (b) the output signal after processing, labeled with the

outer-race ball-pass period, which is the reciprocal of the ball-pass frequency for the outer race

(1/bpfo).
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Figure 2.3: Autoregressive spectral estimates obtained via the Yule-Walker equations and

Levinson-Durbin recursion [39] of (a) the measured signal and (b) the output signal after pro-

cessing. Harmonics corresponding to the outer-race ball-pass frequency (bpfo = 77.5 Hz) are

labeled.

As is readily seen, there is no evidence of any impulsive events that may correspond to

a defect, neither in the time domain nor in the frequency domain, as shown in Fig. 2.3a.

However, in the parametric autoregressive (AR) frequency spectrum, despite the absence

of apparent harmonics that may correspond to a defect on the inner or outer race, there is

a strong peak (disturbance) at 300 Hz that corresponds to a sinusoid in the time domain,

which may have arisen due to a misalignment of the races or a supply voltage unbalance.
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s(t) h(t) x(t) v(t)f(t)

Figure 2.4: System representation for the construction of the signal model.

The aim is to suppress the distortion, noise and other such disturbances to reveal hidden

fault signatures without any pre-processing or additional filtering.

After the processing of the measured signal to extract any impulsive events that may

be present, the signal shown in Fig. 2.2b was obtained. The expected defect frequencies

that were calculated based on the geometry and rotational speed were used to verify

the presence of a fault. It can be observed from the AR spectrum of the output signal,

shown in Fig. 2.3b, that the sinusoidal disturbance is suppressed, whereas harmonics with

a fundamental frequency matching the ball-pass frequency for the outer race (bpfo) are

enhanced, enabling the detection of an anomaly in the rotating machinery. The theory

behind the signal processing and retrieval procedures will be discussed in the following

sections.

2.2.3 Signal Modeling

The impulsive signals that are of interest in many practical applications [40–47] are

assumed to be periodic in this thesis to enable the establishment of a framework for

harmonic content enhancement. To do so, the following model of an impulse train [32]

(disregarding the amplitude) can be considered:

s(t) �

∞∑
n=−∞

δ(t− nT ), (2.1)

where t is the continuous time index, T is the period, δ(t) is the Dirac delta function, and

n ∈ Z. s(t) is a periodic, non-stationary deterministic signal that represents an outer-

race defect [32]. Rewriting the above expression as a Fourier series expansion, expressed

as a sum of harmonically related sinusoids, will yield

s(t) =
1

T

∞∑
r=−∞

cos(rω0t), (2.2)

where ω0 = 2π
T

is the fundamental frequency. The linear time-invariant (LTI) system

h(t) in Fig. 2.4, with a real impulse response and without spectral nulls, is the bearing-

to-sensor transfer function that represents the combined effects of the machinery and the

measurement hardware. Because the number of harmonics N is limited by the sampling

frequency ωs to N < ωs/2ω0, which is dictated by the limited nature of the sensor

bandwidth in practice, the amplitude and phase distortions introduced by the non-trivial
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s(t)
h(t)

x(t) u(t)
v(t)

z(t)

d(t)

f(t)

φ(v(t))
Unknown environment

Figure 2.5: System model for blind adaptation.

h(t) are reflected in the observed (measured) signal x(t) through convolution as follows:

x(t) � s(t) ∗ h(t) = 1

T

N∑
r=−N

|H(rω0)| cos(rω0t+ ∠H(rω0)), (2.3)

where |H(ω)| is the magnitude response of h(t) and ∠H(ω) is the corresponding phase

response. The distorted sensor output x(t) no longer contains detectable indications

of impulsive events. The aim is to compensate for the distortion by designing another

LTI system f(t) with magnitude and phase responses denoted by |F (ω)| and ∠F (ω),

respectively:

v(t) � x(t) ∗ f(t) = 1

T

N∑
r=−N

|F (rω0)||H(rω0)| cos(rω0t+ ∠H(rω0) + ∠F (rω0)). (2.4)

This system should produce a processed signal v(t) in which the impulses are recovered by

reducing the masking effects of the transfer function. The magnitude and phase responses

can be combined (by omitting the scalar factors) in the forms αr � |F (rω0)||H(rω0)| and
γr � ∠H(rω0) + ∠F (rω0) to yield a zero-mean output signal:

v(θ, t) =

N∑
r=1

αr cos(rω0t+ γr), (2.5)

where the parameters are collected in θ =
[
α1, · · · αN , γ1, · · · γN

]T
. The setting of

the problem can generally be formulated such that the recovery of impulsive events is

only made possible by attenuating the adverse effects introduced by the unknown and

difficult-to-model transfer function plus all possible noise and disturbances. The retrieval

of signals from various environments for the design of physical models, the detection of

events or the extraction of hidden information has been studied for more than half a

century. The theoretical contributions of this research will be clarified in the following

sections through comparisons with previous work.
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fX(x)

x3 y3

fY (y)

x y

∫∞
−∞ x3fX(x)dx = 0

∫∞
−∞ y3fY (y)dy �= 0

Figure 2.6: A random variable X with a symmetric PDF fX(x) and a random variable Y with

an asymmetric PDF fY (y) [48] sketched along with the 3rd-order moment curve [49], defined

(about the origin) as m3(X) = E{X3} =
∫∞
−∞ x3fX(x)dx, where E{·} denotes expectation.

2.3 Signal Analysis

To establish a thorough understanding of the theory, there is a need for comprehensive

modeling of the actual system in practice. The only signal available to the user is the

measured (observed) signal u(t), because there is no access to nor a priori knowledge

of the signal of interest s(t), the transfer function h(t), the environmental noise z(t)

arising from other machinery, or any other possible (such as sinusoidal) disturbances

d(t), as shown in Fig. 2.5. The extraction of the fault signature s(t) without such a priori

knowledge is made possible by a blind approach that simultaneously suppresses the noise

and disturbances and compensates for the amplitude and phase distortions introduced

by the transfer function. To design such an inverting linear filter f(t) in a blind fashion,

the information at hand must be exploited. The specific physical attributes known (as

side information) about the signal of interest are as follows:

• Impulsiveness: The impulsive nature of the unobservable signal s(t), which is

modeled as a spike train in (2.1), results in an asymmetric (trivial) probability

density function (PDF). The asymmetry of the PDF can be quantified by the 3rd-

order moment, as illustrated in Fig. 2.6. Signal extraction by means of exploiting

this asymmetry is discussed in Sec. 2.4.

• Defect frequencies: The expected period of the fault impulses is known from the

mechanical structure, geometry and rotational speed of the system under test [4].

This information can be utilized for verification in the frequency domain and/or to

enforce constraints on the signal recovery in the time domain.

Because the ultimate purpose is to gain access to the information-rich signals cor-

responding to impulsive events, the undesired components to be suppressed must also

be considered appropriately. It is convenient to list the hypotheses on the zero-mean
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continuous-time signals and the disturbing and compensating LTI systems as summa-

rized in Fig. 2.5:

• The unobservable periodic and spiky source signal s(t) has a non-zero 3rd-order

moment and an asymmetric PDF [46, 50–53].

• The bearing-to-sensor transfer function h(t), with a real impulse response, generates

no spectral nulls. The corresponding propagation path corrupts the signal s(t) by

introducing amplitude and phase distortions and produces an output x(t) that

appears to be more symmetric than the defect-related signal s(t) [54].

• The additive noise z(t) where
∫∞
−∞|z(t)|2dt ≤ ε (with ε ∈ R is a small number)

has a 3rd-order moment of zero and is uncorrelated with x(t). It represents the

environmental noise, undesired ambient vibrations and other such noise sources.

• The disturbance d(t) represents any possible sinusoidal disturbance that interferes

with the system output. Such a disturbance, in principle, has no harmonic support.

The strong sinusoid in the measured signal shown in Fig. 2.3a is a good example

of such a disturbance.

• The only signal available to the observer, the measured signal u(t), consists of defect

signatures masked by a transfer function, noise and disturbances. The undesired

components listed above alter the PDF of these fault signatures by making it more

symmetric in u(t), which must be counteracted to recover its spiky content.

• In practice, all of the zero-mean stochastic signals in Fig. 2.5 have time-varying

statistics when observed over the entire available time span. Nevertheless, when

observed within a local time window, these statistics vary slowly in time [55]. The

signal extraction algorithm must therefore have the ability to adapt to these slow

variations, which demands a system that actually tracks the optimal solution.

The overall system shown in Fig. 2.7 summarizes the points above from an application

perspective. The fault impulses can be retrieved by attenuating and suppressing the

undesired signal components. To do so, the measured noisy signal is processed using

a linear filter f(t) that is progressively trained to resemble the impulsive signal s(t) by

maximizing an objective (cost) function φ(v(t)) that quantifies the asymmetry (and thus

the impulsiveness), given by

φ(v(t)) =
E{v3(t)}

(E{v2(t)})3/2 , (2.6)

which is the scale-invariant 3rd-order moment, or the skewness. The purpose is to obtain

an output that is as close as possible to the desired signal v(t) ≈ ±βs(t−Δ)+(f(t)∗z(t))
by allowing for an arbitrary delay Δ and a scale β. After the establishment of these basic

premises, it is relevant to review the previous research on this topic.
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Figure 2.7: The fault impulses arising from a defective bearing are corrupted by other resonances

and vibrations in the machine, which manifest as amplitude and phase distortions in the sensor

output. After further distortion with additive noise, the observed signal shows no indications of

impulsive events. (Reproduced with permission from Ascribo AB.)

Previous Work

Great interest has been shown in the modeling, analysis and extraction of the fault im-

pulses generated by mechanical structures. One of the most widely applied methods is

to extract the machine resonances carried (modulated) by the bearing defect frequencies.

This envelope analysis approach is commonly known as the High Frequency Resonance

Technique (HFRT) [11,14,56]. The method is supported by pre-processing tools for iden-

tifying the frequency band in which the machine resonances lie. This pre-processing can

be achieved by means of spectral kurtosis (SK) [57–64], although with a high computa-

tional cost [65], thus naturally raising the question of how relevant the kurtosis, or the

scale-invariant 4th-order moment of a random signal v(t),

φ(v(t)) =
E{v4(t)}

(E{v2(t)})2 , (2.7)

is as a measure of impulsiveness [66]. A sliding and overlapping window approach was

suggested to further enhance SK performance in [67]. The HFRT has been tested on

inner-race defects [32,68] and for the identification of extensive damage [11,12,14,32]. In

addition, it was mathematically proven in Paper C that the maximization of the kurtosis,

as an objective function quantifying heavy-tailed PDFs [5,15,57,69,70], will tend to lock

onto strong sinusoids (with a signal power higher than that of the impulsive events) in a

blind deconvolution framework.

Even when (as in the presented thesis) it is assumed that the impulses are periodic,

which enables the study of harmonic content enhancement as shown in Paper B, the

slippage of the rotating elements causes the fault signatures to be cyclostationary [21,71].

Cyclostationary modeling and analysis of bearing vibrations have been investigated by
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several authors [71–75], whereas the maximization of the skewness by training a linear

filter on cyclostationary impulsive signals was previously explored in [76].

Signal analysis for fault detection can also be performed by means of time-frequency

distributions, just as wavelet transforms and analyses have been performed to obtain

information about the health of rolling bearings in [12, 68, 77–80]. In another attempt,

AR modeling was applied for a simpler representation of fault impulses in [81–84], whereas

higher-order spectral techniques, such as bi-spectrum and tri-spectrum techniques, were

utilized in [85–88]. Other approaches, such as neural networks [80, 88, 89], Bayesian

estimation [90], Hidden Markov Modeling [91], bicoherence analysis [92] and multivariate

statistics [93,94], have also been evaluated, with the acknowledgment that these methods

may require training data.

2.4 Signal Retrieval Through the Enhancement of

Impulsiveness

The blind adaptation procedure illustrated in Fig. 2.5 will now be elaborated upon, for

which comprehensive analyses and proofs can be found in the corresponding research

contributions. The idea of signal extraction by means of minimizing the disorder, that

is, the entropy, in an observed signal was first suggested by Wiggins [40] and further

analyzed by Donoho [54]. The objective function in that scheme, known as minimum

entropy deconvolution (MED), was the kurtosis, as defined in (2.7). Here, the skewness

defined in (2.6) is instead employed as the objective function to quantify the asymmetry

of periodic and impulsive signals. By evaluating the function

φ(v(θ,t)) =
E{v3(θ, t)}

(E{v2(θ, t)})3/2

for the signal given in (2.5) with the parameter vector θ =
[
α1, · · · αN , γ1, · · · γN

]T
,

it was shown in Paper B that the maximum skewness can only be achieved when all

phase components are aligned such that γi,j,k = m2π, where m ∈ Z. Accordingly, the

skewness of such a phase-aligned signal with a parameter vector θ =
[
α1, · · · αN

]T
consisting only of amplitudes (γr = 0, ∀r in (2.5)), corresponding to the signal model

v(θ, t) =
∑N

r=1 αr cos(rω0t), was found to be

φ(v(θ,t)) =

3
4

�N/2�∑
i=1

α2
iα2i +

3
2

∑
i<j<k≤N
i+j=k

αiαjαk

(
1
2

N∑
r=1

α2
r

) 3

2

(2.8)

in Paper C. The maximization of this function (an optimization problem) is essentially

equivalent to a multi-modal system, which exhibits local convergence problems [95] in a
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(a) The adverse effects introduced by the bearing-to-sensor transfer function are compensated

for by a linear filter.
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(b) Any sinusoidal disturbance without harmonic support is attenuated by a linear filter.
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(c) Random symmetric noise that masks the fault impulses is suppressed by a linear filter.

Figure 2.8: Simultaneous suppression and attenuation of undesired components by a linear filter

with the aim of maximizing the skewness of the output. These undesired effects mask the fault

impulses, which complicates their recovery. (Reproduced with permission from Ascribo AB.)

stochastic gradient search procedure [41]. The objective surface characteristics (topology)

were first analyzed numerically in Paper A for θ = [α1, α2, α3]
T , and analytical derivations

leading to all stationary points (where the gradient is zero) were presented in Paper C.

Disregarding the effects of symmetric noise and disturbances, the α-coefficient settings

correspond to the cases in which the amplitude and phase distortions are rectified, as

shown in Fig. 2.8a.
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The sinusoidal disturbances represented by d(t) in Fig. 2.5 may interfere with the

fault impulses, producing a signal vd(θ, t) with θd =
[
α1, · · · αN , β1, · · · βM

]T
that

is given by

vd(θ, t) =

N∑
r=1

αr cos(rω0t) +

M∑
p=1

βp cos(ωpt), (2.9)

where the ωp are the unknown frequencies of mutually non-harmonic components such

that rω0

ωp
�∈ Z, ∀p. The skewness of vd(θ, t) is found to be

φ(vd(θ,t)) =

3
4

�N/2�∑
i=1

α2
iα2i +

3
2

∑
i<j<k≤N
i+j=k

αiαjαk

(
1
2

N∑
r=1

α2
r +

1
2

M∑
p=1

β2
p

) 3

2

. (2.10)

It can readily be observed from the above equation that any sinusoidal component without

harmonic support must be suppressed to maximize the skewness, as is also illustrated in

Fig. 2.8b.

Finally, the additive noise that is inherent in any experimental or measurement setting

is shown to have no effect on the skewness of the given signal model. A symmetric zero-

mean random noise component z(t) that is uncorrelated with x(t) (which also has a mean

of zero) will produce a scale-invariant 3rd-order moment

φ(x(t)+z(t)) =
E{(x(t) + z(t))3}(

E{(x(t) + z(t))2})3/2 , (2.11)

with an expansion

φ(x(t)+z(t)) =
E{x3(t) + z3(t) + 3x2(t)z(t) + 3x(t)z2(t)}

(E{x2(t) + z2(t) + 2x(t)z(t)})3/2
, (2.12)

which, under the given assumptions, simplifies to

φ(x(t)+z(t)) =
E{x3(t)}

(σ2
x + σ2

z)
3/2

, (2.13)

where σ2
x and σ2

z are the signal and noise variances, respectively. It is apparent from this

expression that an algorithm that maximizes the skewness will attenuate the symmetric

noise z(t), as shown in Fig. 2.8c. In summary, each individual undesired component will

be simultaneously suppressed by a linear Finite Impulse Response (FIR) filter f(t) (which

is inherently stable against quantization errors) that is tuned to maximize the skewness of

its output (thus enhancing its impulsiveness) in a blind fashion, as illustrated in Fig. 2.9.

Such unsupervised adaptation is an iterative and tractable numerical method that pro-

vides the means for a stochastic gradient search in which the coefficients are updated in
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Figure 2.9: The adaptation process, in which the parameters of a linear FIR filter are tuned to

satisfy an objective with the purpose of recovering fault impulses. (Reproduced with permission

from Ascribo AB.)

small steps toward a local maximum [96]. The adaptation procedure [51] and a compari-

son with the kurtosis - the most widely applied higher-order moment [59,66,97–99] for the

MED of fault impulses [100] - are presented in Paper C. Since moments of higher orders

do not provide additional information and are more difficult to estimate [101], their use

as objective functions is not evaluated in this thesis. As a reminder of previous studies

on the third- and fourth-order moments, these moments were evaluated in terms of their

objective surface topologies and convergence speeds on non-Gaussian and asymmetric

signals in [102] and with the effects of symmetric noise in [103]. Additionally, in [76],

the use of the skewness was proposed for qualifying cyclostationary impulsive random

processes. With a more general focus, blind deconvolution with even-order objectives was

investigated in [104], and this study was supplemented with a stationary point analysis

in [105]. An approach based on a third-order objective function was applied to short-

and long-duration pulses in underwater acoustics in [106]. In the same manner, periodic

impulsive signals were restored through skewness maximization in [52]. Deconvolution

methods were applied to various frames of mechanical signals manifesting as impulsive

forces in [46], and blind source separation was applied for defect detection in [107, 108]

and for denoising purposes in [109].

Systems similar to the proposed adaptive system in a broader sense were employed
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as noise cancelers in [110–112], for blind source separation in [109, 113, 114], for line

enhancement schemes in [90,115] and for the convolution of inevitably occurring defect-

related impulsive signals in [46, 53, 100, 107, 116, 117]. Another example of impulsive

sources can be found when considering gear boxes [109, 118]. These periodic signals,

which can also be modeled as harmonic content, may interfere with the identification of

defect signatures produced by faulty rolling bearings [4, 18, 19, 119].

Considering that the expressions in (2.8) and (2.10) were derived based on the class of

harmonically related signals, resulting in a problem setting in which the periodic impulses

of interest are modeled as harmonically related sinusoids, skewness maximization leads to

enhancement of any such harmonic content with an unknown fundamental frequency. In

essence, harmonic relations are enhanced while non-harmonics are suppressed, without

parameter estimation [120] or any a priori knowledge about the number of harmonics,

as in Pisarenko’s method [39]. This capability can be exploited in various applications

[43, 44, 121], such as power systems [122, 123], pitch detection [124] and fundamental

frequency measurement [125].
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Chapter 3

Signal Modeling and Analysis and

the Retrieval of Ultrasound Echoes

from Thin Layered Materials

3.1 Introduction

This chapter will present the theory and inner workings of the conducted research on sig-

nal modeling and analysis, supported by application examples. Throughout the chapter,

discussions of previous work and historical background on conventional techniques and

recent research will also be provided. Based on knowledge of the physical phenomena

(impulsiveness and sparseness) exhibited by ultrasound signals, the methodology and

reasoning will be presented. As a result, the questions “how” and “why” will be an-

swered to defend the rationale behind the proposed solutions to the specific questions

investigated in this context.

3.2 Recovering the Impulse Response of a Material

3.2.1 Ultrasound Signal Patterns

In the previous chapter, the signals of interest were the fault impulses serving as the

input forcing function for the entire system; in other words, the signals to be extracted

were the periodic excitations of the system. The machine resonances in response to

these excitations were the masking effects that it was necessary to mitigate in a blind

fashion, leading to a problem referred to as blind equalization or blind deconvolution. This

chapter, by contrast, is dedicated to the problem in which the signal to be recovered is

the response of a specimen to an excitation carried by a modulating pulse. The Impulse

21
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Figure 3.1: Simulation of an impulse response from a thin single-layer glass sample. From the

relative locations and magnitudes of the spikes, various characteristics can be identified, and

modeling and parametrization can be performed.

transducer

water

reflective boundary
τw

u0(t) u1(t) u2(t)

d

t

Figure 3.2: Experimental pulse-echo setting with an unfocused single transducer, where wave

propagation is perpendicular to the planar surfaces, creating only longitudinal waves [126]. The

medium along the propagation path is water, which introduce a known delay of the received

pulses that depends on the distance d or the TOF τw, and the specimen is sufficiently thick to

produce separated echoes. The first (dashed) reflection u0(t) is from the top boundary, whereas

u1(t) and u2(t) arise from within the material.

Response (IR) that is extracted from a received pulse-echo sequence, as illustrated in

Fig. 3.1, will then be used to characterize the material, giving rise to a problem referred

to as system identification. Such characterization is essentially the derivation of acoustic

properties such as time of flight (TOF), time of arrival (TOA) and attenuation as well

as physical attributes such as thickness and density [2,3] from the relative time locations

and magnitudes of the signal spikes. The extracted information can also be used to model

the specimen to identify possible scatterers (defects) [28].

The excitation produced by the ultrasonic sensor is subjected to a pulse-shaping filter,

which enables propagation along the water path to the specimen. The reflections consist

of a first echo from the top boundary and multiple echoes from within the material, as

illustrated in Fig. 3.2. If the sample is sufficiently thick, the echoes will be separated;

however, if the TOF inside the medium is shorter than the duration of the transmitted
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Figure 3.3: (a) The observed signal from a 2 mm glass sample, with partially overlapping echoes,

and (b) the output signal after processing, with the first reflection and peak locations indicated

with circles.

signal, then the echoes will coincide, making the extraction of impulses rather difficult,

as discussed in Paper E. The aim is to gain access to an impulsive sequence consistent

with the IR of the material under test. An application example is presented below to

demonstrate the concept in practice.

3.2.2 An Application Example

The series of reflections shown in Fig. 3.3a was collected from a 2 mm single-layer flawless

glass sample in an experimental pulse-echo setting using an unfocused transducer with a

center frequency of fc = 3.5 MHz at a sampling rate of fs = 100 MHz. The reflections

from the top boundary and within the glass sample partially coincide, masking the ex-

ponentially decaying spikes forming the IR of the material. The aim is to suppress the

measurement noise and pulse shape effects while counteracting the overlap phenomenon

to reveal the impulses characterizing the medium.

In the processed signal depicted in Fig. 3.3b, the first echo and the reflections from

within the medium have been resolved by increasing the time resolution of the reflection

sequence and suppressing the additive noise. The difference in polarity arises because

the acoustic impedance of the material is greater than that of the propagation path.

The output signal can then be used for modeling the material, exploring its physical

attributes and comparing the results with later measurements to identify possible flaws.

The theory behind the signal processing and retrieval procedures will be discussed in the

following sections.
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hexc(t) ∗ p(t) hS(t) x(t) v(t)f(t)

Figure 3.4: System identification representation for the construction of the signal model.

3.2.3 Signal Modeling

In the general context of acoustic wave propagation, an acoustic pulse at a location −→r in

space can be expressed as a convolution of terms: y(t) = hexc(t)∗hem(t)∗hSIR(t,
−→r )∗hw(t),

where hem(t) is the electro-mechanical IR converting the unknown excitation hexc(t) into

a velocity waveform and hSIR(t,
−→r ) represents the spatial IR of the transducer at point−→r . The influence of the water path can be approximated as a delay hw(t) ≈ γδ(t− τw)

in terms of τw and a known scalar attenuation γ [127]. After transmission and reception

from a specimen, the received (first) echo can be expressed as

yf(t) = [hexc(t) ∗ hem(t) ∗ hSIR(t,
−→r )] ∗ hSIR(t,

−→r ) ∗ hme(t), (3.1)

where hme(t) is the mechano-electrical IR converting the acoustic pressure into an electri-

cal output. It can be assumed that hem(t) ≈ hme(t), and by treating the transducer IR as

a pulse-shaping filter, the overall combination becomes p(t) ≈ hem(t)∗hme(t)∗hSIR(t,
−→r ),

which is essentially a windowed pulse modulating hexc(t) for propagation [128]. Thus,

p(t) excites the sample, which produces an IR that is a finite-energy aperiodic impulsive

signal [2, 129, 130] represented as

hS(t) �
N∑

m=1

αmδ(t−mT ). (3.2)

The decaying impulses forming the IR hS(t) occur at time locations that are separated by

mT , where the value of this separation is dictated by the time required for propagation

through the thin layer and the αm represent the attenuation introduced by the material

and satisfy |α1| > |α2| > · · · > |αm| > 0. Depending on these attenuation values, it

can be stated that the first echo from the top boundary becomes an approximation of

hexc(t) ∗ p(t) = ur(t), with boundary conditions providing perfect reflectivity. The entire

reflection sequence becomes x(t) = p(t) ∗ hS(t), disregarding the measurement noise, as

shown in Fig. 3.4. The overall signal model is constructed from a system identification

perspective, in which the transmitted pilot signal hexc(t) ∗ p(t) is completely unknown

and the response hS(t) must be extracted from overlapping echoes by blindly training an

inverse function f(t) ≈ (hexc(t) ∗ p(t))−1. The aim is to gain access to an output signal

v(t) that mimics the IR of the specimen as closely as possible.
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hexc(t) ∗ p(t)
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x(t) u(t)
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f(t)

φ(v(t))
Unknown environment

Figure 3.5: General system model for blind system identification by tuning a linear filter to

maximize the skewness of its output.

3.3 Signal Analysis

In a problem setting such as that illustrated in Fig. 3.5, where the impulsive signal hS(t)

is to be identified from an observed reflection signal u(t) that consists of superimposed

echoes, the undesired components, such as the unknown pulse-shaping filter p(t) and the

additive noise z(t), can be simultaneously suppressed by a linear filter f(t). Such an

inverting filter will increase the time resolution of the echoes without a priori knowledge

by exploiting the physical information at hand, such as the following:

• Impulsiveness: The impulsive nature of the unknown IR hS(t), modeled as decay-

ing impulses in (3.2), results in an asymmetric (trivial) PDF. As discussed in Ch. 2

and shown in Fig. 2.6, this statistical feature can be quantified by the skewness. In

addition, in the presence of a reference echo that is an approximation of the pilot

signal hexc(t)∗p(t), a linear filter can again be tuned to extract the excitation hexc(t)

by compressing the pulse shape p(t) (through asymmetry enhancement) based on

the same reasoning. This filter can then be utilized on the entire reflection sequence

to enhance the impulses from within the material. Further analysis and examples

will be provided in the following section.

• Sparseness: The signal of interest, hS(t), consists of impulses with a temporal

resolution that is a function of the propagation time through the layers. Under

the assumption that this propagation time is much longer than the sampling time

of the system, hS(t) will be a sparse signal. This sparseness can be exploited to

recover the IR by penalizing the �1-norm in the solution.

• Thickness/TOF: The temporal locations of the extracted spikes that form the IR

can be used to estimate the TOF inside the material, given the speed of sound. In

the case that the thickness is know a priori, the speed of sound can be estimated

instead, providing a quality assessment of the recovery method. Such knowledge

can also be exploited to constrain the search in an optimization problem, restricting

it to a subspace.
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The components and phenomena that mask the material’s IR can also be investigated

in isolation. In a non-dispersive system (in which the speed of sound and attenuation are

independent of frequency) where all acoustic waves obey the linear lossy wave equation

[131], the hypotheses regarding the linear time-invariant LTI systems [132] and zero-mean

continuous time signals can be listed as follows:

• The unobservable aperiodic and spiky source signal hS(t) and the very-short-duration

excitation hexc(t) each have a non-zero skewness and an asymmetric PDF [51,133,

134].

• The pulse-shaping filter p(t) that propagates the excitation hexc(t) exhibits band-

pass behavior without spectral nulls. Such a modulating Gaussian-shaped filter

acts to reduce the skewness of the spiky reflection signals and therefore must be

suppressed to recover the medium’s IR. Moreover, if the reflected echoes coincide,

as illustrated in Fig. 3.3a, the processing becomes more challenging.

• The additive noise z(t) where
∫∞
−∞|z(t)|2dt ≤ ε (with ε ∈ R is a small number)

has zero skewness and is uncorrelated with hS(t) and hexc(t). It represents the

measurement and environmental noise, for which the signal-to-noise ratio (SNR) is

markedly higher in this problem setting compared with that discussed in Ch. 2.

• The only signal available to the observer, the sensor data u(t), consists of the

specimen’s IR masked by the overlap phenomenon and possibly noise and other

disturbances. These undesired events alter the IR’s PDF by making it more sym-

metric in u(t), which must be counteracted to reveal the exponentially decaying

impulses in (3.2).

• Without loss of generality, the wave propagation occurs perpendicularly to the

planar surfaces, resulting in only longitudinal waves in a pulse-echo setting with an

unfocused single transducer. Additionally, the waveforms are created and collected

from a reflector placed in the near field, providing a diffraction-free environment.

• In practice, all of the zero-mean stochastic signals (pulse shape, noise, transducer,

propagation path in the case of temperature changes) in Fig. 3.5 have time-varying

statistics when observed over the entire available time span. Nevertheless, observed

within a local time window, these statics vary slowly in time [55]. The signal ex-

traction algorithm must therefore have the ability to adapt to these slow variations.

The overall system shown in Fig. 3.6 summarizes the above considerations in a general

experimental setting in which the echoes are well separated, enabling isolation of the first

reflection from the top boundary. A more challenging scenario would involve severely

coinciding echoes, from which the reflection sequence can be recovered by suppressing

the undesired components and counteracting the overlap phenomenon. To achieve this,

the observed signal can be processed by a linear filter f(t) that has been progressively
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Figure 3.6: An experimental setup [28] with a transmitted signal hexc(t) ∗ p(t); a reflection

sequence (sensor data) u(t), with the reference (first) echo circled; and thicknesses dn. In

this pulse-echo setting, in which the transfer medium is water, the impulses characterizing the

material can be extracted by designing an approximate inverse filter based either on the entire

reflection signal or on the circled reference echo for later application to the entire received signal.

trained to resemble the impulsive signal hS(t) by maximizing the skewness of its output

v(t),

φ(v(t)) =
E{v3(t)}

(E{v2(t)})3/2 , (3.3)

such that v(t) ≈ ±βhS(t−Δ)+(f(t)∗z(t)), with an arbitrary delay Δ and a scale factor

β. After the establishment of these basic premises, it is relevant to review the previous

research on this topic.

Previous Work

Material characterization via ultrasonic testing has been studied by employing parametric

modeling [28,131,135], which requires estimation methods that can be used to describe a

specimen with small errors [136]. Successful identification may demand a priori knowledge

[130], and in the case of non-linearity, numerical solutions must be employed, which

require good initial guesses of the parameters [127] that enforce stringent conditions for

recovery.

The ultimate purpose in revealing the IR is to extract the properties of the medium

under test from the relative positions and amplitudes of the peaks [137, 138]. Blind

extraction to retrieve the IR from ultrasonic traces has been performed [139] using various

higher-order statistics (HOS)-based objectives [140], including the third-order moment

[141], to enhance asymmetry [142]; using orthogonal wavelet bases on short data segments

[143]; using least-mean-square [144] and maximum a posteriori [132,145,146] techniques;

based on the cross-correlation between a reference signal and a received signal [147];

and by accounting for pulse variance in a Bayesian framework [148]. The design of an
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approximate inverse filter has also been investigated in [129,149], using a secant method

with a least-squares approach in a through-transmission setting in [3] and using a z-

transform-based method in [150].

To highlight the importance of the ultrasonic testing of thin layers and the additional

benefits that can be gained through such testing, examples involving the estimation of

oil film thickness [151] in rolling bearings [152,153] can be considered. These techniques

can be combined with vibration analysis for fault detection to formulate a robust and

automated condition-based maintenance strategy.

3.4 Signal Retrieval

3.4.1 Signal Extraction Through the Enhancement of Impul-

siveness

The methodology described in the previous chapter will be employed again here because

the signal of interest, namely, the IR of a thin layered medium, possesses similar statistical

characteristics (asymmetry). In the previously considered problem, the impulsiveness was

enhanced by means of an FIR filter by maximizing the skewness of periodic and impulsive

signals, as shown in Fig. 3.5; in this chapter, the same procedure is followed for aperiodic

finite-energy impulsive signals as expressed in (3.2). Here, the purpose is to overcome

the overlap phenomenon by processing the sensor data with adequate tools to increase

the time resolution of the pulses to retrieve the reflection characteristics. Undesired

components, such as measurement noise, will simultaneously be suppressed during the

adaptation process. Hence, two different approaches are presented in this thesis for

extracting the IR of a medium; the first one is blind adaptation based on the entire

reflection signal [133], and the second is the design of an inverse filter based on a reference

echo (when available from a thicker material) to later be applied to the entire observed

signal [134]. In both cases, signal recovery is accomplished without adjustments to the

measurement system [29]. Both approaches are discussed and exemplified in detail in

Paper E. In the following, the fundamental results are presented, and examples involving

partially overlapping echoes are demonstrated.

Enhancing the IR Based on the Entire Reflection Signal

In the case that the only signal available to the observer is the coinciding echoes from

a thin layered sample, an FIR filter for asymmetry enhancement can be trained on the

entire pulse-echo sequence. This will result in suppression of the symmetric components,

such as the pulse-shaping filter and additive noise. The argument here is that such a

filter that is tuned to restore the impulsive signal characteristics will counteract the time

dispersion, revealing hS(t) in (3.2). The asymmetry (non-zero skewness) of the PDF of
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Figure 3.7: (a) Magnitude response of an adaptive FIR filter trained on the entire reflection

sequence from a 2 mm glass sample and (b) magnitude response of a pulse-compressing filter

trained on the reference echo from a 5 mm glass sample.
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Figure 3.8: (a) The reference echo isolated from the reflections from a 5 mm glass sample and

(b) the output signal after skewness maximization.

the deterministic hS(t) is ensured by satisfying the necessary and sufficient condition

φ(hS(t)) =
E{h3

S(t)}
(E{h2

S(t)})3/2
=

N∑
k=1

α3
k(

N∑
k=1

α2
k

)3/2
�= 0, (3.4)

where N is an arbitrary integer and the result was derived in discrete-time where Dirac

delta function was replaced with a Kronecker delta function. This equation implies
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Figure 3.9: The output signal obtained after applying the pulse-compressing filter trained on

the entire reflection sequence from a 2 mm flawless glass sample. The first reflection and peak

locations are circled.

that the 3rd-order moment, represented by the numerator, must be non-zero; that is,∑N
k=1 α

3
k �= 0. The observed signal shown in Fig. 3.3a was processed using an adaptive

asymmetry-enhancing FIR filter that was trained on the entire reflection sequence, pro-

ducing the output illustrated in Fig. 3.3b, which satisfies (3.4). The filter with adjusted

parameters has the magnitude response depicted in Fig. 3.7a, with an apparent notch at

the center frequency (fc = 3.5 MHz) of the pulse-shaping filter.

Recovering the Excitation to Design an Inverse Filter

Now, pulse compression will be demonstrated for the case in which the experimenter has

access to a reference measurement from a thicker material, for which the collected reflec-

tion sequence consists of echoes that can easily be isolated, as in Fig. 3.6. In this setting,

an approximate inverse filter can be designed based on the reference echo to extract the

excitation applied to the transducer. Again, the same assumptions concerning the sig-

nal of interest are valid; that is, the excitation hexc(t), which is a very-short-duration

imperfect impulse, has an asymmetric PDF (non-zero skewness) that is altered by the

pulse-shaping filter p(t). The smearing effect of the symmetric p(t) can be reversed by

enhancing the impulsiveness based on the reference echo. Here, it is assumed that the

reflections from within the specimen are shifted and scaled approximations of the refer-

ence hexc(t)∗p(t). Once the impulses forming the IR have been recovered by suppressing

the pulse shape, the relative time shifts and amplitude scales can be used to estimate the

characteristics of the medium.

Consider the example of a 5 mm thick flawless glass sample, from which the data

shown in Fig. 3.6 were collected. The isolated first reflection from the top boundary is

shown in Fig. 3.8a. An inverse filter was designed based on this reference echo to suppress

the pulse shape, producing a filter with the magnitude response shown in Fig. 3.7b, with

a notch at the center frequency of p(t). Applying the resulting pulse-compressing filter to

the reference produced the output shown in Fig. 3.8b, whereas applying it to the entire

reflection sequence yielded the IR presented in Fig. 3.9. Such an approach has already

been proven to be useful in ultrasonic testing in industrial applications [154] and in the

imaging of materials [155].
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Figure 3.10: System representation for sparse signal recovery given a reference echo from the

top boundary.
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Figure 3.11: The reference echo generated as a windowed cosine to produce the convolution

matrix.

3.4.2 Signal Extraction Through the Enhancement of Sparse-

ness

The signals described thus far will now be represented in their discrete-time forms due

to the analog-to-digital conversion inherent in all experimental settings. A discrete-time

signal u ∈ RM will be represented as either un or u[n]. The IR of a material consists

of reflections that have propagation times through the material layer(s) that are longer

than the sampling time of the system. With only a few reflections available within a

given observation window, the signal of interest in (3.2) will contain only a few non-zero

elements, resulting in a sparse signal. This structure can be exploited to recover the

impulses characterizing the medium under test. To this end, the sparseness is quantified

by the �1-norm, ||x||1 =
∑N

i=1|xi|, which will be penalized in the solution to extract the

material’s IR from the observed superimposed echoes [156]. The observed signal x[n]

can be expressed in matrix notation as x[n] = PhS[n], as shown in Fig. 3.10, where the

convolution matrix P ∈ RM×N is formed from a reference echo hexc[n] ∗ p[n] isolated

from the reflections from a thicker sample, as was done in the previous section to design

an inverse filter to recover the excitation. The sparse IR hS[n] ∈ RN is to be retrieved

from the observed reflection sequence u[n] = PhS[n] + z[n], where the additive noise

zn satisfying ||z[n]||2 ≤ ε is uncorrelated with x[n]. In such an attempt to recover the

sparse signal buried in coinciding echoes and corrupted by additive noise, the sparse

approximation can be sought in a constrained optimization framework as follows:

arg min
hS [n]

||PhS[n]− u[n]||22 + λ||hS[n]||1, (3.5)

where λ is a regularization parameter [157]. Searching for the sparsest solution has been

studied as a means of recovering the IR of flows [158] and of recovering Lamb waves [159]
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Figure 3.12: The true impulse response (red) and the impulse response estimated after �1-norm

minimization (blue).
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Figure 3.13: The simulated reflection sequences from the plate. The original response (blue) is

plotted together with the response generated from the estimated impulse response after �1-norm

minimization (red).

in NDT applications.

As a numerical experiment, the reference echo shown in Fig. 3.11 was designed based

on a windowed cosine with a center frequency of fc = 5 MHz and used to generate the

convolution matrix P . The simulation was designed under the assumption of a non-

dispersive material with a thickness of 2 mm, from which 10 reflections were collected.

The IR of the material was extracted by penalizing the �1-norm of the solution [160,161]

as in (3.5) to increase the temporal resolution of the exponentially decaying impulses,

thereby producing the output shown in Fig. 3.12. The reconstruction of the pulse-echo

sequence from the estimated IR yielded a waveform that is consistent with the simulated

one, as depicted in Fig. 3.13. Further information and a more detailed study can be

found in Paper F.

In summary, signal retrieval has been explored by investigating gradient methods for

the ultrasonic testing of thin layered materials. When the analysis is based on maximizing

the skewness, the search is referred to as gradient ascent [96], whereas when the �1-norm

is penalized, the corresponding technique is gradient descent. Both can be implemented

as constrained optimization problems, where the purpose in each case is to reconstruct

the signal of interest by counteracting the adverse effects introduced by the overlap

phenomenon and possible additive noise. This is all achieved by exploiting the structure

ascribed to the source signal.



Chapter 4

Research Contributions

Extracting the signal of interest from noisy sound and vibration signals via unsupervised

adaptive filtering forms the backbone of this thesis. The novelty and contributions of

this research lie in the analytical proofs and experimental evidence supporting them,

which are presented as the foundation for methods of enhancing a specific statistical

characteristic in a blind approach to suppressing all undesired components to recover the

source signal. The physical attributes of the unobservable information-rich signal have

been exploited to design a linear filter that is tuned in an iterative manner with the

aim of optimizing the statistical measure on which it is trained. This gradient search

problem is a typical optimization problem that requires analyses of stationary points (the

objective surface topology) and the probability of poor convergence if local convergence

issues arise.

The previous chapters have attempted to present the entire body of research from a

broad perspective without considering circumstantial analysis. Further elaboration and

comprehensive discussion are presented in the appended papers, among which each pub-

lication was devoted to answering a specific question. This chapter presents a summary

of the thesis, including a discussion, a conclusion and a brief introduction to the research

contributions.

4.1 Signal Retrieval from Noisy Sound and Vibra-

tion Measurements

Impulsive mechanical vibrations and ultrasonic echoes carrying valuable information but

corrupted with noise and distorted by unknown mechanisms can be recovered by exploit-

ing a priori knowledge about the appearance of individual components. By applying a

linear filter that is tuned to enhance some statistical measure characterizing that appear-

ance, all undesired linear components masking the source signal can be suppressed. As

a reminder, the impulsive signals considered for extraction here were periodic impulses

33
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(a) Simulation of an outer-race defect manifesting as a Dirac

comb sensed as mechanical vibrations.

Time (μsec.)

A
m
p
li
tu
d
e

0

0 8

0.15

0.3

16

(b) Simulation of the IR of a thin layered material sensed as ultra-

sonic echoes.
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(c) Simulation of an excitation applied to an ultrasonic trans-

ducer.

Figure 4.1: Synthetic and well-behaved signals with good fidelity with respect to reality represent-

ing phenomena that provide valuable information about either the health status or characteristics

of a material under test as well as an excitation applied to a linear system. These signals were

realized by using signal models specific to each case, which enable analytical derivations and

controlled experiments. The challenge in all cases is to recover these signals when they are

hidden in noise and distorted by some unknown LTI systems. As can be readily seen, all signals

are impulsive.

generated by mechanical impacts, as depicted in Fig. 4.1a; aperiodic and exponentially

decaying finite-energy material impulse responses, as depicted in Fig. 4.1b; and very-

short-duration excitations applied to an ultrasonic transducer, as depicted in Fig. 4.1c.

These signals possess similar statistical characteristics, as discussed in Ch. 2 (see Fig. 2.6)

and Ch. 3, which form the basis for successful recovery.

The periodic impact signals arising from a defective bearing were modeled as periodic

impulses, s(t) =
∑∞

n=−∞ δ(t − nT ), which can be represented as a sum of harmonically

related sinusoids, s(t) =
1

T

∑∞
r=−∞ cos(rω0t), with an arbitrary period. This approxi-

mation led to an analysis of harmonic content extraction without a priori knowledge,
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Figure 4.2: The publications are outlined in accordance with their subjects and application areas.

Here, the theory is based on blind deconvolution, in which an objective function, the skewness,

is maximized to enhance asymmetry (a priori hypothesis) for signal retrieval from noisy mea-

surements. Thus, the impulsive signals representing certain phenomena can be recovered in

vibration analyses of rolling bearings and in the ultrasonic testing of thin layered materials.

which is another broad research topic. The IR of a thin layered specimen was modeled

as a sequence of decaying impulses, hS(t) =
∑N

m=1 αmδ(t−mT ), in which the temporal

locations and relative magnitudes of the spikes enabled characterization of the medium.

Finally, the excitation carried (modulated) by a pulse-shaping filter was simply approx-

imated as a very-short-duration impulse. Extracting such a signal by suppressing the

pulse shape can be achieved by designing an approximate inverse filter.

As a result, the characteristic signatures of three types of incoherent, impulsive events

arising from different sources were recovered by exploiting their common characteristics.

The ability to extract such signals when carried by vibration and ultrasound signals

using a linear, computationally efficient, numerically tractable and robust method can

be regarded as a beneficial contribution as both an engineering project and basic re-

search. The mathematical foundations, analytical derivations and experimental evidence

are presented in the appended papers, which are listed and summarized in the following

section.

4.2 Summary of Contributions

In this section, the research contributions are summarized and organized by their ap-

pearance in each publication, as outlined in Fig. 4.2. The subjects covered in previous

chapters were analyzed individually in each paper, with the aim of generating further

research questions. As a remark, Paper F focuses on the same problem of extracting a

sparse impulsive signal from ultrasonic echoes, but by promoting sparseness in the solu-

tion instead of asymmetry. This article is a case study where a different attribute of the

signal of interest was exploited.
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Paper A - Skewness as an Objective Function for Vibration Anal-

ysis of Rolling Element Bearings

Authors: Aziz Kubilay Ovacıklı, Patrik Pääjärvi and James P. LeBlanc

Reproduced from: 8th International Symposium on Image and Signal Processing and

Analysis (ISPA), IEEE, 2013, Trieste, Italy

Paper A serves as an introduction to the concept of enhancing impulsiveness by training

an adaptive filter to maximize the skewness of its output. A signal model is introduced

to represent fault signatures arising from defective bearings, followed by an example from

industry. The skewness surface is investigated by means of numerical approximations,

and it is empirically shown that all maximum settings preserve the harmonics, which

provide reliable information about the bearing status.

Paper B - Uncovering Harmonic Content via Skewness Maximiza-

tion - A Fourier Analysis

Authors: Aziz Kubilay Ovacıklı, Patrik Pääjärvi, James P. LeBlanc and Johan E. Carlson

Reproduced from: 22nd European Signal Processing Conference (Eusipco), IEEE, 2014,

Lisbon, Portugal

Paper B investigates the capability of skewness maximization to reveal harmonic con-

tent with an unknown fundamental frequency while suppressing any component without

harmonic support. In addition to this property, it is shown that maximum skewness is

achieved when all phase components are aligned. Theoretical proof of harmonic content

enhancement is supported with an example from industry.

Paper C - Recovering Periodic Impulsive Signals Through Skew-

ness Maximization

Authors: Aziz Kubilay Ovacıklı, Patrik Pääjärvi, James P. LeBlanc and Johan E. Carlson

Reproduced from: IEEE Transactions on Signal Processing, 2016

Paper C provides a summary and an extended analysis of the research presented in Pa-

pers A and B by providing analytical proofs of the previous results and presenting an

additional case illustrating the concept of multiple mutually inharmonic sources, which

represent the interference between the impulsive signals from a faulty bearing and gear

meshing. It is shown that skewness maximization always results in a subspace con-

taining a single harmonic family. Another novel study on the scale-invariant 4th-order

moment (kurtosis) provides empirical and mathematical proof that adopting a kurtosis-
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maximizing filter in the presence of strong sinusoidal disturbances results in the recovery

of the sinusoid instead of the fault impulses. This scenario can essentially be regarded as

poor convergence, making kurtosis maximization unreliable under such circumstances.

Paper D - Blind Pulse Compression Through Skewness Maxi-

mization on Overlapping Echoes from Thin Layers

Authors: Aziz Kubilay Ovacıklı, Johan E. Carlson and Patrik Pääjärvi

Reproduced from: IEEE International Ultrasonics Symposium (IUS), 2016, Tours, France

Paper D introduces the concept of pulse compression on overlapping echoes through the

design of a linear filter based on a reference echo from a thicker sample. The filter is

tuned to enhance impulsiveness to enable the extraction of the excitation applied to the

transducer. The resulting filter can then be applied to the entire pulse-echo sequence

from a thin layered medium that produces severely overlapping echoes. The purpose is

to recover the material’s impulse response for characterization and further analysis for

possible flaw detection. A comparison with previous research [133], in which a filter is

adapted in the same manner but based on the entire measured signal, is also presented.

Skewness maximization is shown to enable the characterization of the medium under test

in both the presence and absence of a reference echo.

Paper E - Blind Adaptation Schemes for Compression of Over-

lapping Echoes

Authors: Aziz Kubilay Ovacıklı, Johan E. Carlson and Patrik Pääjärvi

Submitted to: Elsevier Ultrasonics

Paper E provides a summary and an extended analysis of the research presented in

IUS 15 and Paper D through experimental testing of the methods on real ultrasound

signals acquired from glass samples of various thicknesses and with different wavelength-

to-thickness ratios. Two different approaches, utilizing skewness maximization based on

either a reference echo or the entire reflection sequence, are evaluated and compared

against conventional techniques to demonstrate that a specimen’s impulse response can

be retrieved from superimposed signals without a priori knowledge. The extracted signal

can then be used for material characterization or flaw detection.
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Paper F - Material Impulse Response Estimation from Overlap-

ping Ultrasound Echoes Using a Compressed Sensing Technique

Authors: Johan E. Carlson, Aziz Kubilay Ovacıklı and Patrik Pääjärvi

Reproduced from: IEEE International Ultrasonics Symposium (IUS), 2017, Washington

D.C., USA

Paper F investigates the possibility of recovering the impulse response of a material from

coinciding echoes by enforcing sparsity constraint on the material IR. Under the assump-

tion that a reference echo from a thicker sample is available, it is shown that by penalizing

the �1-norm (a constrained optimization problem) in the solution, the impulses character-

izing the material can be extracted from an observed signal that consists of superimposed

echoes. Simulations and experiments are presented and compared against the ordinary

least-squares solution.

Personal Contribution

Theoretical work, implementation and simulations by Johan E. Carlson. The author

collected the measurements, contributed to the discussions and simulations.

4.3 Other Work

The following contribution was published by the author but is not included in this thesis.

IUS 15 - Impulse Response Extraction and Parametric Modelling

of Reverberating Ultrasonic Echoes from Thin Layers

Authors: Aziz Kubilay Ovacıklı, Miguel Castaño Arranz, Johan E. Carlson, Patrik

Pääjärvi, Biao Jiang and Philip Lindblad

Published in: IEEE International Ultrasonics Symposium (IUS), 2015, Taipei, Taiwan

This paper introduces the concept of extracting a material’s impulse response from rever-

berating echoes through skewness maximization by training a linear filter on the entire

reflection signal. The necessary conditions for skewness maximization and an experiment

on a thin layered steel sample are presented. In addition, a parametric model approach

for the same purpose, namely, suppressing the pulse shape in partially overlapping echoes,

is also discussed.
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4.4 Discussion of Practical Aspects

The aim of this research was to study the concept of signal retrieval for the vibration anal-

ysis and ultrasonic testing of materials by exploiting side information about the source

signals. The impulsive nature of the signals of interest provided the means for their

recovery from noisy measurements using a linear filter, resulting in methods with the po-

tential to be applied in industry. The practical implications of these methods were one of

the primary concerns, and therefore, mathematical proofs were presented to demonstrate

the ability of these methods to provide conclusive evidence on the phenomena underlying

the problem of concern. As is always the case, there is still room for the improvement of

the proposed algorithms and their further assessment from different perspectives, such

as the following:

• One potential extension of the method presented in Paper C is the ultrasonic testing

of materials. However, there are certainly other physical events to be discovered in

nature that produce signals with similar characteristics.

• The limitations of the proposed optimization methods must be studied via conver-

gence analysis in arbitrary problem settings by building adequate signal models.

• The performances of the proposed solutions can be assessed against parameters

such as rotational speed, magnitude of radial/axial load, defect severity, signal-to-

noise ratio (SNR), and sensor placement and mounting for the vibration analysis

of rolling bearings as well as thickness level, sensor-to-material distance, number

of layers, and center frequency of the pulse shape for ultrasonic testing. Such a

study would be a useful contribution for determining the circumstances in which

the algorithms fail.

• An automated classification method for the faults detected in bearing diagnostics

would ease the demand on end users. With such an addition to an overall CBM

system, the verification step, which is usually performed by experts, could be au-

tomated.

• The expectations in industry are well known: easy-to-use, low-cost, automated

real-time applications (fixed-point platforms [162]) operating under harsh condi-

tions using low-cost sensors with a relatively low-frequency operating range, such

as micro-electromechanical systems (MEMS), facing challenging scenarios such as

inner-race defects and slowly rotating machinery, with the need for low false alarm

rates. The proposed solutions must be tested and verified to satisfy these require-

ments to the greatest extent possible.

• The evolution of the severity of a potential defect on a bearing can be monitored

via trend analysis. There is a need for a single measure (indicator) to be estimated
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based on the fault frequencies (after extraction of the impulses characterizing the

defect) to reflect the health status of the bearing.

• From the theoretical point of view, the functions that were optimized in the cur-

rent research may be combined in the form of either objectives (multiple-objective

optimization) or constraints to formulate a new research question related to the

given signal model. Such an attempt will probably increase the computation time

but may yield better results.

• The period of the spikes produced by a defect is actually known a priori from

knowledge of the bearing geometry (given the rotation speed) [4]. This information

could also be exploited to guide the optimization process for skewness maximization

for the detection of mechanical faults.

4.5 Conclusions

This thesis was devoted to answering the questions of “why” and “how” to investigate

and prove the reliability of the proposed methods for signal retrieval. The algorithms

were applied to establish a robust CBM system for bearing diagnostics and an NDT

system for material characterization. The purpose of the processing presented here is to

recover the structure of a source signal before its alteration by an LTI propagation path

(transfer function), additive noise and disturbances to restore the signatures of the orig-

inal impulsive events. This side information is related to the underlying physics, and its

accuracy is supported by experimental evidence. Such physical attributes can be quan-

tified by means of specific functions, such as the skewness, to enable their optimization

to reveal the masked signal characteristics.

Analytical derivations were presented for the convergence analysis of skewness max-

imization on a signal model as a sum of harmonics, proving that all maximum settings

result in non-zero harmonics, which provide conclusive evidence of the existence of a

defect. This result led to the development of harmonic content enhancement without

a priori knowledge. In general, it was shown via mathematical proofs that a periodic

impulsive signal can be recovered from a noisy signal by blindly tuning a linear filter

to suppress the undesired noise and disturbances while simultaneously compensating for

the linear distortion. The same approach was applied to coinciding echoes from thin

layered media for material characterization. Because the signal source is again an im-

pulsive event, such as a finite-energy aperiodic impulse response or a very-short-duration

excitation of a transducer, skewness maximization can be used to extract these signals

from overlapping echoes by suppressing the pulse shape and possible measurement noise.

Thus, signals with certain common physical and statistical characteristics, though

arising from different events and sensed by different sensors, were researched to create

a solution for reducing downtime in production processes through vibration analysis or

material characterization via ultrasonic testing. This method of designing a linear filter
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that adapts (in an unsupervised manner) to the variations in machinery and environ-

mental conditions minimizes the need for human intervention and shows promise as an

industrial product for CBM purposes.
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Skewness as an Objective Function for Vibration

Analysis of Rolling Element Bearings

Aziz Kubilay Ovacıklı, Patrik Pääjärvi and James P. LeBlanc

Abstract

The scale invariant third order moment, skewness, is analysed as an objective function

to an adaptive gradient ascent algorithm. The purpose is to achieve a spectrum at the

filter output that can enable identification of possible bearing defect signatures which

are impulsive and periodic. Harmonically related sinusoids are used to represent such

signatures and to build a signal model allowing characterization of the objective surface

of skewness, providing insight to its convergent behaviour. The results are supported

with an experiment from an industry setting. Robustness of the proposed algorithm is

demonstrated by examining the frequency spectrum resulting from the signal model.

1 Introduction

Condition monitoring of rolling element bearings has acquired a wide interest among

a variety of research disciplines [1]. The importance of this equipment for numerous

industry branches reasons foremost that it is a vital part in rotating machinery. The cost

of preventive maintenance as well as interrupting the production process because of a

serious failure may be considerably high. Providing information about the status of the

bearing is often difficult due to the randomness of the phenomenon and the noise and

disturbances inherent in the environment. The final reason behind the presented study

in this paper is the limited understanding and analysis of the problem as a topic of signal

processing.

Studies on physical understanding of rolling bearings have been performed and useful

information was provided on modelling of the periodic impulses that arise from a single

[2] or multiple point defects at different parts of the bearing, that is, inner race, outer

race or rotating elements [3]. Regardless of the location and reason such as cracks, pits,

roughness or misaligned races, the vibration signal measured by an accelerometer can be

analysed to provide information about the status of the bearing. Different methodologies

that are used for condition monotoring purposes have been reviewed and compared in

[1, 4].

The goal of the aforementioned analysis is typically to reveal the periodic impulses

which are masked by the unknown transfer function between the bearing and measure-

ment device plus noise and disturbances. In order to confirm that a revealed impulsive
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signal stems from a bearing fault, frequency domain analysis is used with the knowledge

of the defect frequencies which are calculated depending on the geometry of the bearing

and the rotational speed of the shaft [5].

There is usually little or no knowledge about the unknown transfer function and

possible interferences that mask the defect related periodic impulsive signal. Neverthe-

less, some assumptions can still be made, such as statistical characteristics of the defect

related source signal. For instance, the source vibrations will have an asymmetric prob-

ability density function (PDF), which can be utilized to design a linear adaptive filter

that enhances the fault impacts by maximizing the scale-invariant 3rd order moment or

skewness [6].

In this paper, a further analysis is made to gain a better understanding of such an

algorithm by modelling an impulsive signal as a sum of harmonically related sinusoids.

An example from industry that is performed by using a finite impulse response (FIR)

filter is also provided. The objective surface characteristics of skewness for the given

model are studied and results are presented.

2 Fault-Impact Enhancement by Adaptive Filtering

2.1 Background

Deconvolution is useful in environments where the signal of interest is distorted by a lin-

ear transfer function. An approximate inverse can often be designed to reduce distortion

when this transfer function is known. However, cancelling the undesired effect of an un-

known transfer function requires a different approach. Minimum Entropy Deconvolution

(MED) was introduced by Wiggins [7] for such a case. Here, one minimizes the entropy

of an observed sequence and reveals a desired source signal by maximizing the varimax

norm, which is an estimate of kurtosis of a zero-mean random variable vn

K(vn) =
E{v4n}

(E{v2n})2
, (1)

where E{·} denotes expectation. The method was further investigated by Donoho [8]

and used for condition monitoring purposes by several researchers [9–12]. The signal

model is seen in Fig. 1, where all discrete time real signals have zero mean and;

• sn is the stochastic and stationary input signal with non-zero 3rd order moment,

• H is the unknown transfer function, assumed to be linear, time invariant (LTI) and

without spectral nulls,

• xn is the system output,

• zn is an independent and identically distributed (i.i.d.) Gaussian noise, independent

from the system output xn,
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sn H
xn un
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zn

f

φ(vn)
Unknown environment

Figure 1: General system model for deconvolution.

• un is the observed signal,

• f is the FIR filter that is meant to approximately invert the transfer function H in

an iterative fashion by maximizing an objective function φ(vn),

• vn is the filter output such that the goal is to achieve vn ≈ ±βs[n− ζ ] where β and

ζ are arbitrary scale and delay respectively.

Mechanical vibrations that originate from defective bearings may be assumed to have

an asymmetric PDF. Corrupted by the transfer function H , the observed signal xn ap-

pears to be more “Gaussian” than the source signal due to the central limit theorem [13].

In order to recover the asymmetry that is inherent in the source signal, skewness given

as

φ(vn) =
E{v3n}

(E{v2n})3/2
(2)

is hereby used as the objective function for the proposed adaptive filtering algorithm.

The ultimate goal is to maximize the skewness of the filter output vn[14]. To achieve

this, the filter is adapted towards increasing the skewness of its output in a gradient

ascent algorithm.

Notation and Gradient Estimate

Referring to Fig. 1, the FIR filter f of length M at iteration r is represented by the

coefficient vector

f r =
[
f r
0 f r

1 · · · f r
M−1

]T
M×1 , (3)

that is used to derive the output vector vn by inner product with input vector of observed

signal

Un =
[
un un−1 · · · un−M+1

]T
M×1 , (4)

which can be expressed as

vrn = (f r)TUn. (5)
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The adaptive filter in (3) is updated by an iterative gradient search that maximizes the

objective function φ:

f r+1 = f r + μ∇φ(fr), (6)

where μ > 0 is a small, constant stepsize and ∇φ(fr) is the gradient of the objective

function with respect to the current FIR filter setting,

∇φ(fr) =

[
∂φ

∂f r
0

∂φ

∂f r
1

· · · ∂φ

∂f r
M−1

]T
. (7)

To simplify notation, the superscript r will be dropped hereafter. The filter output

calculated as in (5) can be used to derive the gradient expression with respect to f ,

∇φ(f) =
∂φ

∂f
=

∂

∂f
φ(fTUn). (8)

Numerical stability is ensured by a constraint on the filter vector f that is applied as

||f ||2 = 1. (9)

After these basic derivations, an experiment will be conducted to illustrate the concept

with mechanical vibrations where measurements were taken in an industrial setting.

2.2 Experiment with Real Mechanical Vibrations

A measurement signal was collected using a tri-axial accelerometer magnet-mounted to

a condensate pump. Fig. 2a shows the observed signal which also represents a typical

vibration signal from industrial machinery. There is no readily apparent evidence of

fault impacts denoting a damaged bearing. In comparison, Fig. 2b shows the same

data after processed by a 250-tap adaptive filter which maximizes its output skewness

with a fixed stepsize μ. The bearing defect is apparent, and identification of the outer

race ball pass frequency (bpfo) is possible through output signal spectra in Fig. 3. The

auto-regressive (AR) frequency spectrum was estimated using Yule-Walker equations and

Levinson-Durbin recursion [15]. The existence of outer race defect was verified by visual

inspection after dismounting the bearing.

With the apparent ability to extract the hidden fault impulses, the remainder of this

paper explores deeper the skewness maximization algorithm’s behaviour.

3 Signal Model and Objective Surface Analysis

3.1 Signal Model

We adopt a signal model using harmonically related sinusoids that will simply be a

model of impulsive and periodic signals to represent fault impacts. The continuous-time



67

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

Time (sec.)

A
cc

el
er

at
io

n 
(g

)

(a)

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
−0.4

−0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4

Time (sec.)

A
cc

el
er

at
io

n 
(g

) 1/ bpfo

(b)

Figure 2: (a) Observed signal and (b) output signal after skewness maximization, marked with

outer race ball-pass period.
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Figure 3: Auto-regressive spectral estimate for output signal. Harmonics corresponding to the

outer race ball-pass frequency (bpfo = 223.65 Hz) are marked.

deterministic signal model is given as

s(θ, t) =

N∑
k=1

αk cos(kt + γk), (10)

that is collected in the parameter vector of amplitudes αk and phases γk

θs =
[
αs
1 αs

2 · · · αs
N , γ

s
1 γs

2 · · · γs
N

]T
, (11)
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and the skewness of s(θ, t) is defined as

φ(s(θ,t)) =
E{s3(θ, t)}

(E{s2(θ, t)})3/2 . (12)

While s(θ, t) is a (non-stationary) deterministic signal and since our interest is on the

long-term behaviour of the adaptive algorithm under the small stepsize assumption, we

elect to replace the expectation operator with an integration over time.

In the deconvolution model depicted in Fig. 1, the unknown transfer function H and

adaptive filter f are linear systems, the observed signal un (by disregarding the noise)

and filter output vn are functions of θ and the parameter vector for observed signal

represented by θu(H) will be modified and therefore will not be equal to the θs.

Due to this distortion caused by the unknown transfer function H , it is generally

not possible to directly identify the occurrence of defect related impulses in the observed

signal. The purpose of the FIR filter f is to remove this distortion as much as possible

and provide information to verify the existence of a possible defect on the bearing by

achieving θv(f) ≈ θs(αk, γk).

Simplified Model

In actual implementation, the skewness maximization is achieved through adaptive ad-

justment of a filter, which inherently has the ability to induce phase alignment. However,

in this paper we wish to gain insight into the characteristics achieved by this skewness

maximization for signals associated with the condition monitoring problem. Initial exper-

imentation has shown that skewness maximization can result in phase alignment in this

signal class. So, for clarity of presentation, we simplify our model with the assumption

γs
1 = γs

2 · · · = γs
N = 0, (13)

so that

θs =
[
αs
1 αs

2 · · · αs
N

]T
, (14)

that is, the phase distortion will be neglected. The final signal model as a sum of

harmonically related sinusoids with zero phase represented as

s(θ, t) =

N∑
k=1

αk cos(kt) (15)

will be a pulse train which is a simplified representation of an outer race defect signature.

This representation will give the possibility to have control over the model through θ

which in return enables us to investigate how skewness performs as an objective function

to characterize defect related periodic impulsive signatures. To assess the performance,

it is required to investigate the possibility for ill-convergence through objective surface

analysis.
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3.2 Objective Surface Analysis

Surface characteristics of the objective function are analysed in 3 dimensions to enable

visualization by using a length three coefficient vector θ = [α1, α2, α3] defined on the unit

sphere. The skewness becomes

φ(s(θ,t)) =
3
4
α2α

2
1 +

3
2
α2α3α1

(1
2
α2
1 +

1
2
α2
2 +

1
2
α2
3)

3

2

. (16)

The gradient vector can be computed by taking the derivative of (16) with respect to

each αk coefficient. Fig. 4 represents the objective surface characteristics with stationary

points. We observe that there are 4 local maxima, 4 local minima, and 6 saddle points.

The number of stationary points is confirmed to satisfy the Euler characteristic of the

sphere [16]. As mentioned in Section 1 and exemplified in Section 2.2, the existence of

defect related impulses is verified in the frequency domain representation of the filter

output. Hence, the actual interest is on the θ settings that correspond to different

maxima since they form the spectral response of the signal model, which has a trivial

Fourier description of S = 1
2

∑N
k=1 αkδ(f − kf0) and a spectrum Ps = |S|2. As the

spectrum is proportional to the square of the αk coefficients, all α coefficient settings

corresponding to each maximum will result with similar spectrum, as depicted in Fig. 5.

The similarity with the spectrum in Fig. 3 resulted from numerical example should be

noticed.

It is shown here that the topology of skewness enables the filter to converge to a

setting where the resulting filter output will have a spectra which can be utilized to

detect possible defect related periodic and impulsive signatures. Regardless of which

maximum f converges to, the gradient search to maximize skewness will result with a

spectra that enables detection of an existing bearing defect.

4 Conclusion

Depending on the concept of deconvolution, fault impact enhancement by adaptive fil-

tering with skewness as objective function for condition monitoring of rolling element

bearings was investigated. A numerical example from industry setting supported the

results from the signal model used to represent periodic impulsive sequences.

The objective surface of skewness with a signal class of harmonically related sinusoids

was demonstrated on the unit sphere, and promising results were achieved by means of

resulting spectra.

As a result, utilizing the knowledge that the bearing defect signals have asymmetric

probability density function, it is readily seen that skewness maximization through gra-

dient ascent can be used to acquire a spectrum estimate that enables detection of defects

on rolling element bearings.
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Figure 4: Skewness surface characteristics on the unit sphere (a) front side, (b) back side and

(c) on the contour. (X) represents a minimum, (•) represents a maximum and (�) represents

a saddle point.
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Figure 5: α coefficients (upper graphs) and spectra (lower graphs) corresponding to (a) maxi-

mum A, (b) maximum B, (c) maximum C and (d) maximum D.
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Uncovering Harmonic Content via Skewness

Maximization - A Fourier Analysis

Aziz Kubilay Ovacıklı, Pääjärvi, James P. LeBlanc and Johan E. Carlson

Abstract

Blind adaptation with appropriate objective function results in enhancement of signal of

interest. Skewness is chosen as a measure of impulsiveness for blind adaptation to enhance

impacting sources arising from defective rolling bearings. Such impacting sources can

be modelled with harmonically related sinusoids which leads to discovery of harmonic

content with unknown fundamental frequency by skewness maximization. Interfering

components that do not possess harmonic relation are simultaneously suppressed with

proposed method. An experimental example on rolling bearing fault detection is given

to illustrate the ability of skewness maximization in uncovering harmonic content.

1 Introduction

Adaptive filters can be trained to meet a variety of objectives. A classical objective,

known as least mean squares (LMS), minimizes the mean squared error between the

adaptive filter output and a target signal [1]. However, LMS requires knowledge of the

source signal for adaptation. In some applications, exact knowledge of this target signal is

not available and must be replaced with more vague information. In such a case, a proper

figure of statistical characteristics of the desired signal may suffice. Such an adaptation

process can be defined as blind adaptation. Typical examples for such blind processing can

be provided from digital communications, seismic deconvolution and image restoration

[2].

Characterizing the statistical properties of the desired signal is done by choosing an

appropriate objective function. Depending on the physical phenomenon, a proper mea-

sure of merit must be selected. One of the higher order statistics, normalized third order

moment or skewness, can be utilized to measure asymmetry in order to reveal impul-

siveness in blind adaptation. To quantify asymmetry in the probability density function

(PDF), skewness has previously been used in different signal processing applications such

as speech polarity detection [3] and vocal source characterization [4].

Depending on the concept of blind adaptation, impacting signals buried in noise were

enhanced through adaptive filtering by using the skewness as objective in [5]. Objective

surface characteristics and convergent behaviour of skewness with a deterministic and

periodic impulsive signal model were analysed by a recent work [6]. This paper takes
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Figure 1: Skewness maximization as a signal pre-processing approach for rolling bearing diag-

nostics.

further steps in this direction with computationally and memory efficient algorithms

drawn from the ideas of the blind adaptive filtering community. The presentation here is

directed towards rolling bearing diagnostics, but the broader application is meant to be

seen as enhancement of harmonically related content of unknown fundamental frequency

under distortion, noise and severe interference.

The analysis in limited dimensions in [6] with the aforementioned signal model is

extended and generalized in order to understand the mathematical reasoning behind

how maximizing skewness results in promoting harmonically related components while

attenuating the ones without harmonic relation. Through such an analysis, a signal pre-

processing method for defect detection in rolling bearings is presented as an application

example and supported with an experiment on mechanical vibrations from industry. Such

pre-processing enables enhancement of impulsiveness by reducing the effects of linear

amplitude and phase distortion.

2 Background

2.1 Prior Work

The relation between the presented study and the blind deconvolution problem is not

specifically discussed, however, a number of the ideas and concepts presented here are

drawn from that research community.

Minimum Entropy Deconvolution (MED) was suggested by Wiggins [7] to recover a

seismic trace by minimizing the entropy of an observed signal through maximization of

the varimax norm. Donoho [8] generalized the method and investigated the concept of

choosing a proper objective function to decrease Gaussianity. This groundwork idea was

later employed for defect detection problem for condition monitoring purposes [9] and

for deconvolution of impacting signals [10].

Rolling bearings are widely used in rotating machinery to ease rotational movement.

Impacting signals can emerge from defective bearings due to the contact of rotating

elements to a fault on a bearing race. Various mechanisms, such as undesired vibrations,

may appear to mask the desired impulsive signature arising from a possible defect, making

fault detection a challenging problem in practice [11, 12]. Such impulsive signatures can

be modelled as harmonic series [6] where undesired vibrations are regarded as sinusoidal
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interference. In such a problem setting, defect signatures can be recovered by suppressing

the undesired sinusoids while enhancing the harmonic content. As shown in Fig. 1, the

outcome from such an algorithm can then be introduced to spectral analysis for condition

assessment.

Examples of applications where harmonic content detection is essential can be given

from power systems where neural networks [13] and wavelet transform [14] may be used.

Harmonic analysis can be useful in pitch detection problems as well [15]. Period histogram

and product spectrum were examined in [16] for fundamental frequency measurement.

The presented study here shows how maximizing skewness enhances harmonically re-

lated components. Forthcoming sections will explore this ability by analysing the relation

between skewness and harmonic content.

2.2 Skewness of Harmonic Content

A continuous-time deterministic signal model of an harmonic series is represented as

s(θ, t) =
N∑
r=1

αr cos(rω0t) (1)

with αr ∈ R and

θ =
[
α1 α2 · · · αN

]T
(2)

is the parameter vector of harmonic amplitudes. Arbitrary phase will also be introduced

to the signal model after some derivations on this simplified case.

Employing this signal model can be justified by considering the Fourier series. It is

known that periodic series of impulses in time domain have a spectral representation of

equal amplitude harmonically related sinusoids. Thus, it is natural to think of impulsive

signatures arising from rolling bearings with the given signal model.

Stating the problem in the opposite way results in an application in which the dis-

covery of an impulsive signal of unknown fundamental period is desired. This signal

of interest may be obscured, or even completely buried by linear amplitude and phase

distortion, possible disturbances, noise and interference. Then the challenge becomes to

uncover buried harmonic content in an efficient way by exploiting the knowledge of the

PDF, time and frequency domain representation of an impulse train.

The skewness φ of the impulse train s(θ, t) is

φ(s(θ,t)) =
E{s3(θ, t)}

(E{s2(θ, t)})3/2 , (3)

in which the expectation operation on deterministic and periodic s(θ, t) can be replaced

by integration over time. To obtain an expression of the skewness of s(θ, t), we begin

with expanding the numerator

ω0

2π

2π/ω0∫
0

s3(θ, t) dt. (4)
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As the integrand is a polynomial strictly of order 3, all monomial terms will also be of

order 3. Each of these monomials fall into one of the three classes listed below. Let

b, c ∈ Q, i, j, k ∈ [1, N ] ⊂ Z and i < j < k:

i) The elements of the first class are strictly cubed sinusoids of a single frequency, therefore

ω0

2π

2π/ω0∫
0

α3
i cos

3(iω0t) dt = 0, (5)

since any odd-order moment of a symmetric function is zero.

ii) The second class consists of cross-terms of two harmonics, where

ω0

2π

2π/ω0∫
0

α2
iαj cos

2(iω0t) cos(jω0t) dt =

=

{
b (α2

iαj) , if j = 2i

0, otherwise.
(6)

iii) Finally, the third class consists of cross-terms of three harmonics, which yields

ω0

2π

2π/ω0∫
0

αiαjαk cos(iω0t) cos(jω0t) cos(kω0t) dt =

=

{
c (αiαjαk) , if k = i± j

0, otherwise.
(7)

These three classes determine the structure of skewness for the given signal class of

harmonic series. Therefore, a necessary condition for the harmonic series to give non-zero

skewness is to include harmonically related content satisfying (6) or (7). A fundamental

notion obtained at this point is that harmonically related content (as defined above) is

necessary for periodic signals with non-zero skewness.

As we wish to broaden the class of considered signals s(θ, t), as well as to account for

eventual effects of a transfer function, we now extend (1) to include a phase term in each

harmonic, such as

se(θe, t) =

N∑
r=1

αr cos(rω0t+ γr). (8)

that is collected in the parameter vector of amplitudes αr and phases γr

θe =
[
α1 α2 · · · αN γ1 γ2 · · · γN

]T
.
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Repeating the expansion of the numerator of (3), we obtain a structure for skewness of

the signal se(θe, t) with arbitrary phase:

ia) The cubed sinusoids of a single frequency with phase component will be zero,

ω0

2π

2π/ω0∫
0

α3
i cos

3(iω0t+ γi) dt = 0.

iia) The cross-terms of two harmonics yield

⎧⎪⎨
⎪⎩
α2
iαj(−3

4
cos(γj) +

3
2
cos2(γi) cos(γj)

+3
2
cos(γi) sin(γi) sin(γj)), if j = 2i

0, otherwise.

iiia) The cross-terms of three harmonics give

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

3
2
αiαjαk(− sin(γi) sin(γj) cos(γk)

+ sin(γi) cos(γj) sin(γk)

+ cos(γi) sin(γj) sin(γk)

+ cos(γi) cos(γj) cos(γk)), if k = i± j

0, otherwise.

After these derivations, it can be concluded that maximum skewness can be achieved by

aligning the phase as γr = 0,± π,±2π. Therefore, an algorithm that aims to maximize

the skewness of a given harmonic content with arbitrary phase should align each harmonic

as proposed.

Further analysis will be conducted through theoretical investigation of the harmonic

relation and a practical example. As phase alignment is necessary for skewness max-

imization, we make the presentation more transparent by dropping the explicit phase

terms, considering only phase aligned signals.

Before presenting the study on the non-harmonic content, it is worth mentioning

about the impact of additive and symmetric noise (e.g. Gaussian noise) that is uncorre-

lated with the source signal in skewness maximization. As it is a known fact that any

odd-order moment of a symmetric signal is zero, and due to the assumption of noise being

uncorrelated with the source signal, the outcome of the integral in (4) will not include

a noise term. With consideration of the denominator in (3), it can be shown that the

convergence properties of skewness are not altered by additive symmetric noise.
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2.3 Effect of Non-Harmonic Content on Skewness

The concept of increasing skewness by promoting harmonic content can be illustrated by

a signal model

sd(θd, t) =

N∑
r=1

αr cos(rω0t) + β cos(ωpt), (9)

where ωp, without being an integer multiple of the fundamental, is the unknown frequency

of a non-harmonically related component, β ∈ R is the scaling coefficient and θd =[
α1 α2 · · · αN β

]T
is the coefficient vector. Utilizing the structure for skewness of

harmonic series derived in Sec. 2.2 and with the same assumptions on i, j, k, the skewness

of the disturbed signal sd(θd, t) becomes,

φ(sd(θd,t)) =
3
4
α2
iαj +

3
2
αiαjαk(

1
2

∑N
r=1 α

2
r +

1
2
β2

) 3

2

. (10)

It is apparent from (10) that in order to increase skewness, β must be attenuated. After

this basic outcome, we can now introduce an arbitrary number of mutually non-harmonic

disturbances that will give a signal model

sd(θd, t) =

N∑
r=1

αr cos(rω0t) +

M∑
p=1

βp cos(ωpt), (11)

with βp ∈ R and a coefficient vector

θd =
[
α1 α2 · · · αN β1 β2 · · · βM

]T
,

where skewness becomes

φ(sd(θd,t)) =
3
4
α2
iαj +

3
2
αiαjαk(

1
2

∑N
r=1 α

2
r +

1
2

∑M
p=1 β

2
p

) 3

2

. (12)

It is readily seen in (12) that increasing skewness is possible by amplifying the harmoni-

cally related components satisfying (6) and (7), while attenuating the ones without such

relation. As mentioned in Sec. 2.2, we can state the problem in the opposite way to

propose an approach where the goal is to uncover harmonic content with unknown fun-

damental period by maximizing the skewness of the given signal. Such an approach will

be exploited in the next section to illustrate an experimental example on an industrial

setting to support the analytical derivations.

3 Experimental Example withMechanical Vibrations

Undesired vibrations in a rotating machinery may arise from misalignment or wear of

rotating parts. An interference produced by these parts typically manifests itself at a

multiple of rotational frequency.
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(b) Output signal after skewness maximization.

Figure 2: Input and output signals for the experimental example. Outer race ball-pass period is

marked.

Such disturbances can be modelled as sinusoids interfering to the signal of interest as

in (11). To experiment such a case, an example from industry is presented.

The measurement signal shown in the upper plot of Fig. 2 was collected using an

accelerometer magnet mounted to a fan. This measurement represents a typical observa-

tion of a vibration signal from an industrial environment. There is no sign of an impulsive

signature that may correspond to a bearing defect. The estimated auto-regressive (AR)

frequency spectrum P(f) [17] for this observed signal depicted in the upper plot of Fig. 3

shows an apparent sinusoid at 300 Hz, which is a multiple of the shaft rotation frequency

(25 Hz). The outer race ball-pass frequency (bpfo) and inner race ball-pass frequency

(bpfi) are calculated [18] to be 77.5 Hz and 122.5 Hz respectively, where there are no vis-

ible components at these frequencies and their harmonics stronger than the disturbance

in the frequency spectrum.

The output signal shown in the bottom plot of Fig. 2 was achieved by processing

the observed signal by a 225-tap adaptive FIR filter (f) to maximize the skewness of its

output through gradient ascent. The adaptation was accomplished in an iterative manner

as fk+1 = fk+μ∇φ(fk) (with iteration index k) where μ > 0 is a small, constant step size

and ∇φ(fk) is the gradient of skewness estimated with respect to the filter f . The gradient

equations can be found in [6]. AR spectrum P(f) for the processed signal is presented

in the bottom plot of Fig. 3, where the 300 Hz disturbance was suppressed while the

outer race defect frequency and its harmonics were amplified. The spectrum achieved

after enhancing the skewness, thus promoting harmonic relation, provides information
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Figure 3: Input and output signal AR frequency spectra. Outer race ball-pass frequency (bpfo

= 77.5 Hz) and its harmonics are marked.

about the bearing status by identifying the existence of a defect. Detection of faults on

rolling element bearings to prevent machine failure is an important aspect in predictive

maintenance in industry.

The example illustrates that maximizing skewness through gradient ascent can be uti-

lized to promote harmonic content with unknown fundamental frequency and to suppress

non-harmonic components (sinusoidal interference) in an industrial setting.

4 Conclusion

Emerging from the concept of blind adaptation, skewness enhancement can be used to

recover an unobservable impulsive signal of unknown fundamental period. This signal

of interest may be obscured, or even completely buried by linear amplitude and phase

distortion, possible disturbances, noise and interference. Modelling such an impacting

source signal as an harmonic series enables the investigation of ability of skewness to

discover buried harmonic content in an efficient way.

Aforementioned signal model with the structure of skewness for harmonic series was

used to explore the theoretical basis for skewness maximization to promote harmonic

content. It was shown that maximizing skewness is possible by promoting harmonically

related components while suppressing the non-harmonics within a deterministic and pe-

riodic signal class.

An experimental example that supported the analytical results was performed. The
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effectiveness of the proposed method in application to adaptive filtering through gradi-

ent ascent was simply demonstrated. Skewness maximization resulted in discovery of

harmonic content and suppression of a component without harmonic relation.
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Recovering Periodic Impulsive Signals Through

Skewness Maximization

Aziz Kubilay Ovacıklı, Patrik Pääjärvi, James P. LeBlanc and Johan E. Carlson

Abstract

Maximizing the skewness of a measured signal by adaptive filtering to reveal hidden

periodic impulses is proposed as a pre-processing method. Periodic impulsive signals are

modelled by harmonically related sinusoids to prove that amplitude and phase distortion

from a transfer function, effects of sinusoidal interferences and noise can be compensated

for by a linear filter. The convergence behaviour of the skewness maximization algorithm

is analysed to show that it is possible to recover the original harmonic structure with an

unknown fundamental frequency by achieving maximum skewness in the given signal. It

is shown that maximizing the skewness always results in a sub-space containing only a

single harmonic family. Defect detection in rolling element bearings is presented as an

application example and as a comparative study against kurtosis maximization.

1 Introduction

Impulsive signals are of interest in several research subjects such as seismic waves [1],

acoustic signals [2], power-line communications [3–6] and mechanical vibrations [7] as well

as in wireless communications, teletraffic and hydrology [8]. When observed through an

unknown environment, such impulsive signatures will be obscured by a transfer function,

random noise and disturbances. These masking effects typically make the observed signal

inadequate for the aimed application. Furthermore, the unobservable and random nature

of these disturbances makes the recovery of the signal of interest challenging.

This problem can be tackled by exploiting knowledge about the statistical characteris-

tics of the source signal. Depending on the statistical behaviour, an appropriate function

can be used to characterize the shape of the probability density function (PDF). Being

heavy-tailed or asymmetric are well known examples of statistical characteristics that can

be quantified by kurtosis or skewness respectively [9]. To give an example, skewness can

be used as an objective function to train an adaptive filter on periodic impulsive sources

in a blind fashion in order to suppress the aforesaid undesired effects, while enhancing

the impulsiveness [10].

After choosing a proper function to characterize the statistical nature of the source

signal, the next step would be to examine the possibility of ill-convergence of the al-

gorithm [11]. A model consisting of harmonically related sinusoids can be considered
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as a proper representation of periodic impulsive (with asymmetric trivial PDF) signals

(e.g., consider the Fourier series representation of an impulse train). Building that signal

model will also enable the investigation of the undesired effects that cause amplitude and

phase distortion.

In addition to gaining insight to the performance of enhancing asymmetry through

skewness maximization by adaptive filtering, harmonically related components provide

the possibility to study the relation between skewness and harmonic content [12]. With-

out parameter estimation or a priori knowledge, to use skewness as a quantitative mea-

sure of harmonic content can then be examined, which provides another broad field of

application [13–16].

This work extends the results from two previous papers where objective surface char-

acteristics were investigated in [17] and skewness for the signal model with arbitrary

phase and arbitrarily many harmonics was derived in [12]. Summarizing and extend-

ing the previous findings, a comparison against kurtosis maximization and the topic of

multiple harmonic families will also be examined. In applications to rolling bearing di-

agnostics, interference from gear mesh components will be presented as an example to

one of the possible usage areas of the proposed method.

2 Background and Prior Work

An adaptive filter can be trained to satisfy a certain objective in an environment where

stochastic signals, random noise and disturbances are generated by various mechanisms.

For instance, adaptive line enhancement schemes employing adaptive filters were used

for the purpose of bearing fault detection in [18, 19].

When there is no access to the target signal, adaptation must be achieved in a blind

fashion by using objective functions as measures of statistical characteristics. Blind

adaptation schemes with different objective functions can be employed to recover the

unobservable target signal by suppressing the undesired effects of an unknown environ-

ment. The idea was initiated by Wiggins [1] to deconvolve seismic waves by using varimax

norm, an estimate of kurtosis, as an objective function. A generalization of the method

was accomplished by Donoho [20]. Blind deconvolution of non-minimum phase systems

based on second- and fourth-order moments was investigated in [21] and supported with

stationary point analysis in [22]. Different applications of blind deconvolution can also be

found in digital communications on cyclostationary signals [23] and underwater acoustics

on short and long duration pulses with a third-order objective function [24]. Employing

the same concept, periodic impulsive signals corrupted by a transfer function, noise and

disturbances were restored through skewness maximization in [10].

Various studies to employ this approach on mechanical signals can be found in de-

convolution of impacting signals [7], defect detection with blind source separation for

condition based maintenance (CBM) [25, 26] and denoising purposes in mechanical sys-

tems [27]. So far, kurtosis has been the most widely used higher order statistic in the
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s(t) h(t) x(t) v(t)f(t)

Figure 1: System representation for constructing the signal model.

field of bearing fault detection both as a measure in the frequency domain [28–32] and as

an objective function in blind deconvolution algorithms [33]. Previous studies compared

third- and fourth-order moments by means of objective surface topologies and conver-

gence speed on non-Gaussian and asymmetric signals [34] with effects of symmetric noise

[35]. It was shown that skewness, in minimum entropy deconvolution of impulsive sources,

generally possesses fewer saddle points compared to kurtosis, and converges faster. In

addition to these, it was shown that the objective surface of skewness is not perturbed

in the presence of Gaussian noise [35], unlike the objective surface of kurtosis. In a more

comprehensive analysis, skewness was proposed to qualify cyclostationary impulsive ran-

dom processes [23]. In this study, we propose skewness as the objective function for blind

enhancement of periodic and impulsive fault signatures.

Aforementioned periodic impulsive signals emerge from faulty rolling bearings due to

the periodic contact of rotating elements to a defect on one of the races of the bearing

[36]. The slippage of rotating elements causes the defect related impulsive signatures

to be cyclostationary [37, 38]. Maximizing skewness through gradient search on cyclo-

stationary impulsive signals was explored in [23]. Here, we specifically analyse the case

when the slippage is zero, thereby having periodic impulses, to motivate the novelty of

the method on such periodic signals and to provide insight to the concept of harmonic

content enhancement.

The impulsive signatures were modelled as harmonic series in [17] to investigate the

objective surface characteristics of skewness in limited dimensions. The model was gener-

alized with arbitrarily many harmonics and arbitrary phase in [12] to present the ability

of skewness maximization in promoting harmonic content while suppressing sinusoidal

interferences. Harmonic content detection can be useful in applications such as power

systems [13, 14], pitch detection [15] and fundamental frequency measurement [16].

3 Notation and Signal Model

The signal model will be constructed to contain the effects of a linear and time invariant

(LTI) transfer function and compensation of this transfer function by a linear filter.

The target application of the current study is the defect detection problem in rolling

element bearings [39, 40]. In Fig. 1, the source s(t) represents a defect related periodic

impulsive signal, which is distorted by the LTI transfer function h(t). The sensor output

x(t) will be processed by the linear filter f(t) to reduce the effects introduced by h(t)

which represent distortions caused by propagation of the impulsive signal through the
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mechanical structure to the sensor. The goal is to produce an impulsive output signal

v(t) proving the presence of a defect.

For the sake of simplicity within the model and for a more transparent presentation,

the study is limited to outer race defects [36], however, an example on bearing vibrations

with an inner race defect is provided in Sec. 4.5. The impulsive signatures from an outer

race fault (assuming zero slip) is represented by an impulse train. The deterministic signal

s(t) (disregarding the amplitude) in Fig. 1 is therefore given as s(t) �
∑∞

n=−∞ δ(t− nT )

with period T , where t is the continuous time index and δ(t) is the Dirac delta function.

By a Fourier series expansion, the model becomes s(t) = 1
T

∑∞
r=−∞ cos(rω0t), where

ω0 =
2π
T

is the unknown fundamental frequency. Considering that we have limited sensor

bandwidth in practice - which means the maximum number of harmonics N are limited by

the sampling frequency ωs and can be determined as N < ωs/2ω0 - and incorporating the

combined effects from the LTI system h(t) with a real impulse response x(t) � s(t)∗h(t) =
1

T

∑N
r=−N |H(rω0)| cos(rω0t + ∠H(rω0)), where |H(ω)| is the magnitude response and

∠H(ω) is the phase response of h(t); and from the LTI system f(t) yields the signal

v(t) � x(t) ∗ f(t) =
1

T

∑N
r=−N |F (rω0)||H(rω0)| cos(rω0t + ∠H(rω0) + ∠F (rω0)) with

magnitude and phase responses of f(t) as |F (ω)| and ∠F (ω) respectively. In addition to

having a real impulse response, system h(t) is assumed to have no spectral nulls in order

to preserve all harmonics in the model and observe how the linear filter f(t) will reduce

the masking effects of h(t). It should be noted that this assumption is not critical for the

algorithm’s application (verified by empirical results), but simplifies the discussion. After

omitting the scalar factors in v(t) as we will be using a scale-invariant function to measure

impulsiveness, expressing the combined magnitude responses as αr � |F (rω0)||H(rω0)|
and combined phase responses as γr � ∠H(rω0)+∠F (rω0), the model for the (zero-mean)

output signal can be given as

v(θ, t) =

N∑
r=1

αr cos(rω0t + γr), (1)

with θ =
[
α1, · · · αN , γ1, · · · γN

]T
. Adopting such a signal model will enable the

investigation of how the system f(t) would compensate for amplitude and phase distortion

introduced by h(t). To achieve that, we begin by determining the skewness of the output

signal, expressed as

φ(v(θ,t)) =
E{v3(θ, t)}

(E{v2(θ, t)})3/2
. (2)

Therefore, maximizing this scale-invariant function could be considered as increasing the

third order moment while penalizing an increase in the signal power. In essence, we can

begin by determining the numerator of (2). Let i, j, k ∈ [1, N ] ⊂ Z and i < j < k,

replacing the expectation with integration over time for evaluations on the deterministic

signal v(θ, t), we will have an expression as a combination of:
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i) terms resulting from multiplication of two harmonics,

⎧⎪⎨
⎪⎩
α2
iαj(−3

4
cos(γj) +

3
2
cos2(γi) cos(γj)

+3
2
cos(γi) sin(γi) sin(γj)), if j = 2i

0, otherwise,

ii) and terms resulting from multiplication of three harmonics,

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

3
2
αiαjαk(− sin(γi) sin(γj) cos(γk)

+ sin(γi) cos(γj) sin(γk)

+ cos(γi) sin(γj) sin(γk)

+ cos(γi) cos(γj) cos(γk)), if k = i+ j

0, otherwise.

As the purpose is to maximize skewness to enhance impulsiveness, it can be observed

from the above expressions that a maximum is reached when all the phase components

are aligned as γi,j,k = m2π where m ∈ Z, i.e., an algorithm that is designed to maximize

the skewness of its output will align the phase of each individual component. Thus, we

hereafter consider phase aligned signals with a parameter vector θ =
[
α1, · · · αN

]T
of

amplitudes only (γr = 0, ∀r in (1)), resulting in the signal model

v(θ, t) =

N∑
r=1

αr cos(rω0t). (3)

After this conclusion, the skewness of the phase aligned v(θ, t) will be

φ(v(θ,t)) =

3
4

�N/2�∑
i=1

α2
iα2i +

3
2

∑
i<j<k≤N
i+j=k

αiαjαk

(
1
2

N∑
r=1

α2
r

) 3

2

, (4)

which is solely a function of θ. As an example, consider the skewness in (4) for N = 4,

φ(v(θ,t)) =
3
4

(
α2
1α2 + α2

2α4

)
+3

2

(
α1α2α3 + α1α3α4

)
(
1
2
(α2

1 + α2
2 + α2

3 + α2
4)
) 3

2

. (5)

These derivations will be used in the forthcoming sections to analyse and visualize the

objective surface.
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f(t)

φ(v(t))
Unknown/unobservable environment

Figure 2: General system model for blind adaptation.

Extended System Model

The general system model for blind adaptation is shown in Fig. 2. All continuous-time

real signals given in the system model are assumed to have zero mean. The unobservable

periodic and impulsive source signal s(t) with non-zero skewness was modelled in the

previous section. The system h(t) is LTI with a real impulse response and without

spectral nulls, where x(t) represents the output from that system. The noise z(t) has zero

skewness and is uncorrelated with x(t), and d(t) is a sinusoidal disturbance interfering to

the system output. The observed (measurement) signal u(t) is processed by a filter f(t)

which aims to undo the disturbing effects from the unknown environment, the noise and

the disturbance by maximizing the objective function φ(v(t)). The output signal v(t)

may then represent a physical phenomenon providing information about the status of a

measurement object. Examples on simulated and real vibrations will be demonstrated

in forthcoming sections to illustrate the concept.

4 A Comparative Study on Mechanical Vibrations

4.1 Introduction

The presented study focuses on skewness maximization as a method to reveal hidden

impulses by enhancing the impulsiveness while attenuating the undesired masking effects.

In a rolling element bearing, for example, a defect will cause vibrations as the rolling

elements pass over the defect. If the defect is located on the outer race, this will give

rise to periodic and almost equally strong impulses, whereas impulses caused from an

inner race defect will be amplitude modulated; which in each case will be obscured by

the bearing-to-sensor transfer function.

The characteristic frequencies of the defect related impulses can be calculated [37]

depending on the defect location, rotational speed and bearing geometry with fr being

rotational frequency, ne the number of rotating elements, ϕ the contact angle, d the

ball diameter and D the pitch diameter where ball-pass frequency outer race (bpfo) is
nefr
2

(
1− d

D
cosϕ

)
, ball-pass frequency inner race (bpfi) is nefr

2

(
1 + d

D
cosϕ

)
, and ball

spin frequency (bsf) is D
2d

(
1− (

d
D
cosϕ

)2)
.
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4.2 Existing Methods

There has been an ongoing interest on kurtosis in recovering fault related impulses both

as an objective function in blind deconvolution approaches [33,41] and as a quantitative

measure in the frequency domain to assist the well-known High Frequency Resonance

Technique (HFRT) [42, 43] or envelope analysis to reveal the frequency band where ma-

chine resonances occur [29, 44]. In this non-linear approach, machine resonances are

assumed to lie within a high frequency region, which demands a high bandwidth for

measurements, unlike the presented approach. The mechanical vibrations and simulated

signals in this study are not relevantly measured or modelled to enable a fair comparison

against envelope analysis, therefore we focus on kurtosis maximization.

Kurtosis of the (zero-mean) signal v(θ, t) in (3) is defined as

K(v(θ,t)) =
E{v4(θ, t)}

(E{v2(θ, t)})2 . (6)

Performance of this function will be compared against skewness on both mechanical and

simulated vibrations to evaluate their effectiveness on harmonic content enhancement.

4.3 Maximizing an Objective Function via Adaptive Filtering

Through Gradient Ascent

In the actual discrete-time implementation, impulse enhancement is achieved by training

an adaptive finite impulse response (FIR) filter that maximizes the skewness (or kurto-

sis) of its output through a gradient search [17]. The purpose is to enhance the skewness

reduced by the masking effects of a transfer function, noise and disturbances. The asym-

metry inherent in the source signal is iteratively recovered by adapting the filter f in Fig.

2, represented by the vector fk =
[
fk
0 · · · fk

M−1
]T
, where k is the iteration index and

M is the length of the filter. The output vector vn (the subscript n is the discrete time

index) is derived by the inner product of the observed signal Un =
[
un · · · un−M+1

]T
with the filter f k as

vk
n = (fk)TUn. (7)

The adaptive filter is updated to maximize the objective function φ(vn) as f
k+1 = f k +

μ∇∇∇φ(fk), where the constant stepsize μ > 0 scales the gradient of the objective function

∇∇∇φ(fk) with respect to the current FIR filter setting, ∇∇∇φ(fk) =
[

∂φ
∂fk

0

· · · ∂φ
∂fk

M−1

]T
. The

gradient expression is derived by using (7) as ∇∇∇φ(fk) =
∂φ

∂fk = ∂
∂fkφ((fk)TUn)

. To ensure

numerical stability, a constraint on the filter vector f k is applied as ||fk||2 = 1. Skewness

and kurtosis maximization to recover impulses arising from an outer and inner race defect

will be presented to illustrate the concept on industrial settings.
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4.4 Outer Race Defect

A typical measurement signal from industry is shown in Fig. 3a. The signal was measured

by an accelerometer magnet mounted to a fan to search for possible faults on a deep groove

ball bearing (SKF 6316/C3) rotating at 1500 revolutions per minute (rpm). Vibrations

were sampled at 1.5 kHz to collect 2 seconds of data.

The parametric auto regressive (AR) frequency spectrum [45] of the observed signal

in Fig. 4a shows a strong sinusoid at 300 Hz which may have arisen due to misalignment

of races or supply voltage unbalance, and a relatively weaker one at 466 Hz that is

the 6th harmonic of outer race defect frequency. After adapting an FIR filter with a

fixed step size μ = 10−4 to maximize the skewness of its output, the signal in Fig. 3b

was acquired. Characteristic frequencies corresponding to fault impacts were used to

indicate the presence of a defect. Estimating the AR frequency spectrum from vn enabled

identification of the harmonics with a fundamental frequency matching to the ball-pass

frequency outer race (bpfo), as depicted in Fig. 4b. It must be observed that besides

enhancing the impulsiveness, the sinusoidal interference was suppressed simultaneously.

An analytical study on sinusoidal suppression will be presented in forthcoming sections.

Kurtosis Maximization

Employing the same gradient method as described in Sec. 4.3, the FIR filter coefficients

were iteratively adapted with a fixed step size μ = 10−4 to maximize the kurtosis of filter

output. As the two objective functions have different topologies, that is, surface charac-

teristics, the step sizes and the number of iterations were adjusted in a way to perform

a fair comparison with center-tap initialization at equal filter lengths. Experiments were

performed until both objective functions converged and did not increase significantly

through further iterations.

After convergence to a maximum, the output signal shown in Fig. 3c was acquired.

The AR frequency spectrum in Fig. 4c reveals that the sinusoidal disturbance at 300

Hz was promoted whereas the first five harmonics corresponding to the outer race defect

frequency were attenuated. Regardless of how small step size was used to maximize the

kurtosis, the same behaviour was observed. This results in a conclusion of ill convergence

for kurtosis maximization in the presence of strong non-harmonic components (sinusoidal

disturbances). A further investigation on this issue will be discussed with simulated

signals.

4.5 Inner Race Defect

The vibration signal shown in Fig. 5a was collected by an accelerometer magnet mounted

to a condensate pump at a sampling frequency of 5.5 kHz. 2 seconds of measurement was

acquired to investigate the status of an angular contact ball bearing (SKF 7311 BECBP)

rotating at 2982 rpm. The AR frequency spectrum of the raw data is illustrated in Fig.
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Figure 3: (a) The observed signal un, (b) the output signal vn after skewness maximization and

(c) the output signal vn after kurtosis maximization, zoomed in and marked with outer race

ball-pass period, the inverse of ball-pass frequency outer race (1/bpfo).
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Figure 4: The auto-regressive spectral estimate of the (a) observed signal un, (b) the output

signal vn after skewness maximization and (c) after kurtosis maximization. Harmonics corre-

sponding to the outer race ball-pass frequency (bpfo = 77.5 Hz) are marked.

6a. Maximizing the skewness of the observed signal through gradient ascent with a fixed

step size μ = 5×10−2 produced the output signal depicted in Fig. 5b, which revealed the

amplitude modulated spikes occurring at a rate equal to the ball pass frequency inner

race (bpfi). The AR frequency spectrum estimate shown in Fig. 6b suggests that the

periodic impulses were created by an inner race fault.

Kurtosis Maximization

After maximizing the kurtosis of filter output with a fixed step size μ = 10−3, the output
signal shown in Fig. 5c was acquired. The polarity of the observed signal is a result of

accelerometer mounting and can also be seen in the filter output after maximizing the

(sign-invariant) even function kurtosis. The filter output indicates the existence of an
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Figure 5: (a) The observed signal un, (b) the output signal vn after skewness maximization and

(c) the output signal vn after kurtosis maximization, zoomed in and marked with inner race

ball-pass period, the inverse of ball-pass frequency inner race (1/bpfi).

Frequency (Hz)M
ea
n
p
ow

er
(g

2
/H

z) bpfi 2× bpfi 3× bpfi 4× bpfi

0

20

40

60

80

600 1200 1800

(a)

Frequency (Hz)M
ea
n
p
ow

er
(g

2
/H

z) bpfi 2× bpfi 3× bpfi 4× bpfi

0

20

40

60

80

600 1200 1800

(b)

Frequency (Hz)M
ea
n
p
ow

er
(g

2
/H

z) bpfi 2× bpfi 3× bpfi 4× bpfi

0

10

20

30

40

600 1200 1800

(c)

Figure 6: The auto-regressive spectral estimate of the (a) observed signal un, (b) the output

signal vn after skewness maximization and (c) kurtosis maximization. Harmonics corresponding

to the inner race ball-pass frequency (bpfi = 323.05 Hz) are marked.

inner race defect that is also verified in the AR frequency spectrum illustrated in Fig.

6c.

5 Effects of the Unknown Environment

The disturbing effects arising from an LTI transfer function, noise and interference make

the problem of recovering defect related impulses challenging [40, 46]. These disturbing

elements can be investigated in isolation to understand their implications in the skewness

maximization approach, where a simulation experiment will be presented to support the

theoretical results and to perform a comparative study against kurtosis maximization.
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LTI Transfer Function

In a problem setting where there is no access to the original source signal, the effects of

physical interferences like a machinery in an industrial environment and the measurement

system can be combined into a (unknown) transfer function. Represented with h(t) in

Fig. 2, this system is assumed to be LTI with a real impulse response and without

spectral nulls. One of the objectives of skewness maximization is to reduce the amplitude

and phase distortion introduced by the transfer function to regain the original harmonic

structure by enhancing impulsiveness. The next section will investigate the convergence

properties of skewness as an objective function to assess its performance in regaining

harmonic content.

5.1 Objective Surface Characteristics

Analytical Derivations Under Unit Norm Constraint

To simplify the gradient equations regarding to skewness maximization without loss of

generality, the study on the topology of skewness will continue with unit norm assumption

for the α coefficients scaling the phase aligned sinusoids in (3) with θ =
[
α1, · · · αN

]T
,

which implies ||θ||22 = θTθ =
∑N

r=1 α
2
r = 1. This assumption will let us work on a

manifold where the stationary points of skewness and 3rd order moment coincide as will

now be shown. Thus, the analytical study can be carried out with the 3rd order moment

on the unit manifold with the implication that the results still hold for skewness.

To justify the proposition, let ψ(v(θ, t)) = E{v3(θ, t)} = ψ(θ) be the 3rd order

moment of the signal v(θ, t) with a parameter vector θ and Υ(θ) = (E{v2(θ, t)})3/2.
Skewness becomes φ(θ) = ψ(θ)

Υ(θ)
where the stationary points can be found by solving

∂
∂θ
φ(θ) = 0. Now, define a set of vectors θρ = {θ ∈ RN | Υ(θ) = ρ} with ρ ∈ R and

a set on the unit manifold θ1 = {θ ∈ RN | Υ(θ) = 1} by neglecting the scale factor in

the denominator of (4) as the stationary points of the function are not affected. Then,

∀θ ∈ θ1, we see that φ(θ) = ψ(θ). Apparently, it can be observed that (∀ν �= 0) ∈ R,

if the relation Υ(νθ) = ν3Υ(θ) = 1 is assured, then (ν = Υ−3(θ)). Furthermore, if

we are given a stationary point θ∗ ∈ θρ of φ(θ), then νθ∗ is also a stationary point of

φ(θ) (since the skewness is scale-invariant), and a stationary point of ψ(θ) on the unit

manifold θ1. Scale-invariance in skewness is exploited by choosing a scale factor ν where

the stationary points of φ(θ) and ψ(θ) coincide.

In return, it can be concluded that optimizing skewness on RN is identical with

optimizing the 3rd order moment on θ1. The outcome is a constrained optimization

problem that can be solved by using Lagrange multipliers.

Lagrangian Equations

In order to be able to visualize the skewness surface in three dimensions, the signal

v(θ, t) =
∑3

r=1 αr cos(rω0t) will be used with θ = [α1, α2, α3]
T which will result in a 3rd
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order moment as obtained from the numerator of (4)

ψ(θ) =
3

4
α2
1α2 +

3

2
α1α2α3. (8)

The stationary points of the Lagrangian function [47]

Ls(θ, λ) = ψ(θ)− λc(θ) (9)

with the Lagrangian multiplier λ ∈ R will be the stationary points of (8) on θ1 under the

constraint c(θ) = θTθ − 1 =
∑3

r=1 α
2
r − 1 = 0. The stationary points will be obtained

by solving the set of equations corresponding to the gradient of the Lagrangian and the

constraint itself

∂

∂θ
Ls(θ, λ) =

∂

∂θ
ψ(θ)− ∂

∂θ
λ(θTθ − 1) = 0, (10a)

∂

∂λ
Ls(θ, λ) = θTθ − 1 = 0, (10b)

and are provided and classified in Appendix A. The next section will visualize the

skewness surface depending on the solutions to the above equations.

Visualization

The objective surface is depicted in Fig. 4 by visualizing the gradient of the skewness

function in 3 dimensions with a coefficient vector θ = [α1, α2, α3]
T satisfying ||θ||22 = 1

as

φ(s(θ,t)) =
3
4
α2
1α2 +

3
2
α1α2α3(

1
2
α2
1 +

1
2
α2
2 +

1
2
α2
3

) 3

2

, (11)

where the gradient vector is acquired by differentiating (11) with respect to each α

coefficient and all stationary points are obtained by solving the Lagrangian equations.

It was presented with an experimental example in Sec. 4 that a typical measured sig-

nal has no indications of an impulsive signature due to the distortion and noise. There-

fore, the challenge is to uncover spectra resulting from impulsive sources such as rolling

bearing defects with known characteristic frequencies. Consequently, the actual interest

is on the spectrum of the processed signal. The α coefficients and corresponding spectra

resulting from the maxima locations are acquired with analytical solutions in Appendix

A and shown in Fig. 5b where the power spectrum is simply the squares of the α coef-

ficients. The results verify the stationary points found by numerical derivations in [17].

It can be observed that all harmonics are preserved (all α’s are non-zero) in all maxima

settings which result in spectra that provide conclusive evidence for existence of a defect.
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Figure 7: (a) Illustration of skewness on the unit sphere and (b) as a contour plot over the

latitude-longitude plane. (X) represents a minimum, (•) represents a maximum and (�) rep-

resents a saddle point.
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Figure 8: Maxima settings (graphs on the left) and spectra (graphs on the right) corresponding

to (a) maximum A, (b) maximum B, (c) maximum C and (d) maximum D.

Additive Noise

An analytical inspection can be given to show the effect of additive noise on skewness.

Assuming (zero-mean) z(t) has zero skewness to represent random noise, and is uncorre-

lated with (zero-mean) x(t), the skewness of their sum can be expressed as

φ(x(t)+z(t)) =
E{(x(t) + z(t))3}(

E{(x(t) + z(t))2})3/2 . (12)

Expanding the equation yields

φ(x(t)+z(t)) =
E{x3(t) + z3(t) + 3x2(t)z(t) + 3x(t)z2(t)}

(E{x2(t) + z2(t) + 2x(t)z(t)})3/2
, (13)
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which under the given assumptions simplifies to

φ(x(t)+z(t)) =
E{x3(t)}

(σ2
x + σ2

z)
3/2

, (14)

where σ2
x and σ2

z are the signal and noise variance respectively. It is apparent from (14)

that an algorithm maximizing the skewness will simultaneously suppress the symmetric

noise z(t).

Sinusoidal Interference

Undesired vibrations that interfere with the signal of interest arise in an industrial en-

vironment from the machinery subject to the measurement. Imbalance caused from

misaligned races and faulty installation of bearings are examples to these undesired vi-

brations which can be modelled as sinusoidal disturbances [48]. Therefore, it is critical to

understand the impacts of such disturbances in skewness maximization for fault impact

enhancement. It has been shown in [12] that maximizing skewness promotes harmonic

relations and suppresses the non-harmonic components. Representing these disturbances

as d(t) in Fig. 2 and expressing the resulting disturbed signal vd(θ, t) with a parameter

vector θd =
[
α1, · · · αN , β1, · · · βM

]T
, in the form of

vd(θ, t) =

N∑
r=1

αr cos(rω0t) +

M∑
p=1

βp cos(ωpt), (15)

where ωp are the unknown frequencies of mutually non-harmonic components with a

setting rω0

ωp
�∈ Z, ∀p. The given model will provide the possibility to study the effects of

sinusoidal disturbances on skewness maximization. Utilizing the derivations in Sec. 3,

the skewness of vd(θ, t) will be

φ(vd(θ,t)) =

3
4

�N/2�∑
i=1

α2
iα2i +

3
2

∑
i<j<k≤N
i+j=k

αiαjαk

(
1
2

N∑
r=1

α2
r +

1
2

M∑
p=1

β2
p

) 3

2

. (16)

It is apparent from (16) that any sinusoidal component without harmonic support must be

suppressed in order to increase skewness. To summarize, one can maximize the skewness

of a given signal to uncover harmonic content of unknown frequency. Consequently, the

proposed methodology comes with a property of suppression of non-harmonics as opposed

to an additional operation. It must be noted that harmonic relation is regained without

parameter estimation as required in melody extraction methods (with the purpose of

pitch estimation) [49] and without a priori knowledge about the number of harmonics as

in Pisarenko’s method [45].
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Figure 9: (a) The simulated source signal sn, (b) the observed signal un, (c) the output signal

vn after skewness maximization and (d) after kurtosis maximization.

Simulations

An impulse train shown in Fig. 9a representing an outer race defect was created by

using (1) containing 5 harmonics (N = 5) with a fundamental frequency of f0 = 200

Hz. Referring to Fig. 2, random amplitude and phase distortion were applied to the

source signal sn to simulate the effects from the distorting transfer function hn (without

spectral nulls). In addition to that, a sinusoidal disturbance dn at a mutually inharmonic

frequency (fd = f0 ×
√
2) was added to xn to realize the observed (measured) signal

un which is depicted in Fig. 9b. The aim is to examine the channel compensation

and sinusoidal disturbance suppression abilities of skewness maximization and perform a

comparison against kurtosis maximization.

After training an adaptive FIR filter with a fixed step size μ = 10−3 to enhance

impulsiveness in un, the resulting output signal vn was acquired as illustrated in Fig 9c.

The random phase components added to each harmonic were tending towards alignment

through adaptation process as depicted in Fig. 10b; while skewness converged and mean

squared error (MSE) between the source sn and the output vn decreased as shown in Fig.

10a.

The AR frequency spectrum of the observed signal shown in Fig. 11a illustrates the

random amplitude distortion as well as the sinusoidal disturbance applied to the source

signal. After promoting impulsiveness in the output of the adaptive filter, the disturbance

was suppressed and the amplitude of each harmonic was adjusted as depicted in Fig. 11b

to achieve maximum skewness. The magnitude response of the FIR filter shows a strong

notch at the disturbance frequency as illustrated in Fig. 11c, confirming the results

derived in (16).
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Figure 10: (a) Skewness (solid line) and MSE (dashed line) and (b) phase alignment progress

in vn.
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Figure 11: The auto-regressive spectral estimate of the (a) simulated un, (b) the output signal

vn and (c) the magnitude response of the FIR filter.

Kurtosis Maximization

Kurtosis maximization was tested on the same simulated signal to evaluate its perfor-

mance on harmonic content enhancement in the presence of a non-harmonic component

which is represented by the sinusoidal disturbance dn. An adaptive filter was trained to

maximize the kurtosis and minimize the MSE with a fixed step size μ = 10−4. The result-
ing output signal is depicted in Fig. 9d which shows a pure sinusoid. The AR frequency

spectrum after the maximization process is illustrated in Fig. 12a. Comparing with the

observed signal spectrum, it can be seen that the sinusoidal disturbance was enhanced

while the harmonic content was suppressed confirmed by the magnitude response of the

FIR filter shown in Fig. 12b.

Depending on this outcome, it can be observed that kurtosis maximization has a fun-

damentally different behaviour in the presence of a strong sinusoidal disturbance. After

performing further experiments with varying amplitudes of the sinusoidal disturbance, it

was observed that depending on the relative power of the non-harmonic component to the

impulsive source signal, kurtosis maximization results in either enhancing the impulses
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Figure 12: The auto-regressive spectral estimate of the (a) the output signal vn and (b) the

magnitude response of the FIR filter after kurtosis maximization.

or the sinusoid. In another words, probability of ill-convergence increases with the power

of any non-harmonic content.

For a simple theoretical investigation, consider a signal as in (11) with two tones

of harmonics and a non-harmonic (sinusoidal disturbance) component as vd(θ, t) =∑2
r=1 αr cos(rω0t) + β cos(ωpt), for which the kurtosis is given as

K(vd(θ,t)) =
3
8

(
α4
1 + α4

2 + β4
)
+3

2

(
α2
1α

2
2 + α2

1β
2 + α2

2β
2
)

(
1
2
(α2

1 + α2
2 + β2)

)2 . (17)

The general rule for arbitrary many harmonics and non-harmonics will follow this pattern

where the number of cross terms increase with the number of components. Comparing

the expressions given in (16) and (17), there may be a local maximum where kurtosis

is maximized by enhancing the non-harmonic only as its coefficient appears in the nu-

merator (4th order moment) of the expression, whereas the only possibility to enhance

skewness is to suppress the disturbance.

As a conclusion, on an observed signal corrupted by a strong sinusoid, a pre-filtering

is required in order to be able to enhance impulsiveness with maximizing kurtosis. Such a

need of a prior analysis and additional operations limit the use of kurtosis maximization

in defect detection problems.

6 Mutually Inharmonic Multiple Sources

The study on suppression of sinusoidal disturbances will give rise to another interesting

question which can often be observed in practice. Another set of harmonics with different

fundamental frequency can be introduced to represent another impulsive source. An

example can be given from gear boxes in which a gear mesh creates an impulsive signal

[27, 50] interfering to the defect related signals emerging from faulty rolling bearings

[51, 52]. Such a scenario will be investigated in this section.

We present the case of two families of harmonically related sinusoids with distinct

fundamental frequencies. We can consider one set as an impulsive signal emerging from

a defect on the outer race of a bearing and the other set as impulses emerging from a gear

mesh. We begin by defining each set of harmonics as vR(θR, t) =
∑N

r=1 αr cos(rω0t) with
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θR =
[
α1, · · · αN

]T
, and vP (θP , t) =

∑M
p=1 βp cos(pω1t) with θP =

[
β1, · · · βM

]T
.

Considering the geometries of the two mechanical devices [48, 53], one can assume that
rω0

pω1

�∈ Z for r ≤ N , p ≤ M . To simplify the analysis and illustration without loss of gen-

erality, the study will be performed with the parameter vectors of both harmonic families

having unit norm by assuring
∑N

r=1 α
2
r =

∑M
p=1 β

2
p = 1. Given that, the combined signal

model can be built with arbitrarily many harmonics θm =
[
α1, · · · αN , β1, · · · βM

]T
,

and a factor scaling each set as follows

vm(θm, t) = ηvR(θR, t) +
√
(1− η2)vP (θP , t) (18)

where η ∈ [0, 1]. Scaling of each set is arranged in a way that the (zero-mean) combined

signal has unit variance

E{v2m(θm, t)} = η2
N∑
r=1

α2
r + (1− η2)

M∑
p=1

β2
p = 1, (19)

that is, unit norm assumption still holds for the combined signal model which means that

the analysis can be performed by considering the 3rd order moment. Then, without loss

of generality, we define E{v3R(θR, t)} = ψR > 0 and E{v3P (θP , t)} = ψP > 0 to be the 3rd

order moments of each set respectively. By constructing such a setting, we would like

to observe how the 3rd order moment of the combined signal E{v3m(θm, t)} = ψm varies

depending on the weight η of each harmonic family. By observing the derivations in Sec.

3 and considering the non-harmonic relation between the two sets, the 3rd order moment

of vm(θm, t) will be the combination of the expressions given in (4) for each unique set.

Therefore, ψm = η3ψR+(1−η2)
3

2ψP . The derivative of the previous equation with respect

to η will be
∂

∂η
ψm = 3η(ηψR−√

(1− η2)ψP which indicates the change in ψm. The very

first observation that can be done on the derivative is ∂
∂η
ψm|η=0 = 0, which implies that

the function is stationary at the point where only vP (θP , t) exists. Investigating the

second derivative will tell about the direction of change ∂2

∂η2
ψm|η=0 = −ψP < 0 which

shows that ψm is decreasing until the derivative changes sign which occurs again when

the first derivative is zero. Solving the equation will yield that specific point where the

function will start to increase until reaching ψR

η∗ =

√
ψ2
P

ψ2
R + ψ2

P

. (20)

From (20) it can be seen that the point 0 < η∗ < 1 is solely determined by the individual

skewness values of each set, as shown in Fig. 13. After that, looking at ∂2

∂η2
ψm|η=η∗ =

3ψP

ψR

√
ψ2
R + ψ2

P > 0 shows that the point η∗ is actually an unstable stationary point of

ψm.

Several important aspects can now be drawn as
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Figure 13: The boundary between two harmonic families is determined by the unstable stationary

point η∗.

• Between any non-harmonic families, there is a boundary defined by η∗.

• With given harmonic families, this boundary is determined by the individual skew-

ness values of each unique set. This further implies that the boundary depends

on the initialization of parameter vectors θR and θP , thus Euclidean distance to a

maximum with highest skewness.

• As the η∗ proved to be unstable, maximizing skewness will result in choosing only

one family of harmonics.

• The aspects listed so far mean that there are no local maxima for skewness maxi-

mization where both harmonic families exist.

With these remarks on the hand, it is apparent that skewness maximization on multiple

mutually inharmonic sources will preserve a single set while suppressing the other.

7 Conclusion

Blind enhancement of defect related periodic impulsive signals can be accomplished by

adapting a linear filter to maximize the output skewness. The observed signal subject

to the linear filter contains the periodic fault impacts that are corrupted by a transfer

function, noise and disturbances. Each of these undesired effects were studied in isolation

and analytical results were provided.

By modelling the periodic impulsive signals as harmonically related sinusoids, analyt-

ical results proved that the amplitude and phase distortion introduced by the unknown

transfer function can be compensated for by skewness maximization. Furthermore, it

has been demonstrated how sinusoidal disturbances are suppressed by promoting the

harmonic relation.

In addition to the previous findings, the concept of mutually inharmonic multiple

sources was investigated. Examination on a combined signal model with specifically

scaled families yielded the conclusion that skewness maximization will always produce a

single family of harmonics.
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As a result, it was shown and supported with examples that the skewness maximiza-

tion is a proper pre-processing method to simplify the process of bearing fault detection

and identification. Recovering impulsive signatures is possible by regaining harmonic

structure. Empirical studies comparing the performance of skewness against kurtosis in

a gradient ascent approach proved the advantages of skewness on promoting harmonic

relation.

A Classification of The Stationary Points of Lagrangian

Equations

One of the solutions of the Lagrangian equations is given as

⎡
⎣α∗1α∗2
α∗3

⎤
⎦ =

⎡
⎢⎢⎣
√

1
15
(5 +

√
5)

1√
3√

1
15
(5−√

5)

⎤
⎥⎥⎦ . (A.21)

The set of maxima and minima can be given depending on the vector
[
α∗1, α

∗
2, α

∗
3

]T
. In

order to classify the stationary points corresponding to the Lagrangian in (9), define the

vector a(θ) as the gradient of the constraint function a(θ) = ∂
∂θ
c(θ), and a non-zero

vector g(θ) orthogonal to the gradient of the constraint function such as a(θ)Tg(θ) =

0. The set of vectors g(θ) satisfying this condition defines all feasible directions for

optimizing the function of interest under the given constraint. Expressing the quadratic

formQ(θ∗, λ∗) = g(θ∗)TH(θ∗, λ∗)g(θ∗) for each stationary point will enable us classifying

them, where the matrix

H(θ∗, λ∗) =

⎡
⎢⎢⎢⎢⎢⎢⎣

∂2

∂α2
1

Ls
∂2

∂α1α2

Ls
∂2

∂α1α3

Ls

∂2

∂α2α1
Ls

∂2

∂α2
2

Ls
∂2

∂α2α3
Ls

∂2

∂α3α1
Ls

∂2

∂α3α2
Ls

∂2

∂α2
3

Ls

⎤
⎥⎥⎥⎥⎥⎥⎦

(A.22)

is the Hessian of the Lagrangian for the set (θ∗, λ∗). Finally, the sign of the quadratic

form will determine whether the specific point is a maximum (Q(θ∗, λ∗) < 0), a minimum

(Q(θ∗, λ∗) > 0) or a saddle (Q(θ∗, λ∗) = 0). All points satisfying the equation set given

in (10) are grouped as maxima, minima and saddles in Table 3.1, Table 3.2 and Table 3.3

respectively. As a check, it was verified that the number of maxima, minima and saddles

satisfies the Euler characteristics of the sphere [54].
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Table 3.1: Maxima
Max. Stationary point

A [α∗1, α
∗
2, α

∗
3]

T

B [−α∗1, α
∗
2,−α∗3]

T

C [α∗3,−α∗2,−α∗1]
T

D [−α∗3,−α∗2, α
∗
1]

T

Table 3.2: Minima
Min. Stationary point

A [−α∗1,−α∗2,−α∗3]
T

B [α∗1,−α∗2, α
∗
3]
T

C [−α∗3, α
∗
2, α

∗
1]
T

D [α∗3, α
∗
2,−α∗1]

T

Table 3.3: Saddle Points
Saddle Stationary point

A [0, 0, 1]T

B [0, 0,−1]T

C [0, 1, 0]T

D [0,−1, 0]T

E
[
−2√
5
, 0, 1√

5

]T
F

[
2√
5
, 0, −1√

5

]T
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[34] P. Pääjärvi and J. P. LeBlanc, “Skewness maximization for impulsive sources in

blind deconvolution,” in Proceedings of the 6th Nordic Signal Processing Symposium-

NORSIG, vol. 2004. Citeseer, 2004.
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Blind Pulse Compression Through Skewness

Maximization on Overlapping Echoes from Thin

Layers

Aziz Kubilay Ovacıklı, Johan E. Carlson and Patrik Pääjärvi

Abstract

Pulse compression on overlapping echoes without knowledge of the pulse shape, trans-

ducer and propagation path impulse response is examined to provide valuable informa-

tion about the sample structure in ultrasonic testing. A comparison against previous

research is presented on two different levels of overlap severity with simulated signals.

By exploiting the knowledge on the statistical characteristics of the signal of interest,

an appropriate measure of merit, such as skewness, is maximized to promote impulsive

occurrences to both extract the excitation signal and to enhance the impulse response of

a material under test.

1 Introduction

Non-destructive testing of thin layered media by examining overlapping ultrasound sig-

nals can be conducted by several approaches. A popular method is the parametric mod-

elling of reverberations [1, 2] to reveal structural properties of the material of interest,

which may require a priori knowledge of the measurement system, propagation path and

the sample. In addition to these prerequisites, the number of parameters to be estimated,

amount of residuals, computational complexity and linearity of the estimation method

have to be considered. When the problem is exclusively to compress the pulse shape

to reveal the impulse response (IR) of a material, the center frequency and an accurate

appearance of the modulating pulse are crucial information that are needed in advance.

In a scenario where plane waves and linear acoustics apply, the problem becomes more

complicated when the reflected echoes stemming from thin layers severely overlap which

is a phenomenon that alters the sparse appearance of impulses characterizing the sample.

In an attempt to recover this impulsive occurrence without a priori knowledge, a

blind adaptation method can be proposed. The aim is to extract the excitation impulse

by exploiting the knowledge of such a signal having an (trivial) asymmetric probability

density function (PDF) which can be characterized by scale invariant 3rd order moment,

or skewness. Adapting a finite impulse response (FIR) filter promoting impulsiveness

by maximizing the skewness of a reference echo shall provide an approximate inverse

system. The resulting filter has the ability to simultaneously suppress the undesired
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masking effects of a possibly unknown transfer (distortion) function, a transducer and an

unknown ultrasound pulse shape. The IR of a thin layered medium can then be enhanced

by utilizing this filter on the entire overlapping pulse-echo sequence, yielding the impulses

arising from within the material as well.

In this study, the above mentioned blind pulse compression method for separation of

coinciding ultrasonic signals is investigated with supporting simulation experiments. A

comparative study is also accomplished against a previous research on skewness maxi-

mization of the entire reflection sequence [3].

2 Blind Pulse Compression by Adaptive Filtering

2.1 Background and Prior Work

In a problem setting where the only accessible signal is the measured one, designing

an approximate inverse system blindly to reveal the impulse response of a thin layered

medium from overlapping echoes requires some concurrent operations. These can often

be compressing an unknown pulse shape, suppressing the undesired effects of the mea-

surement system and compensating for the linear amplitude/phase distortion caused by

a propagation path. In such a blind processing, a statistical measure characterising some

known physical property of the phenomenon is essential. The very first application of

this approach was introduced by Wiggins as Minimum Entropy Deconvolution (MED) [4]

to reconstruct seismic traces. To enhance these signals by suppressing similar undesired

effects as mentioned above, the varimax norm - an estimate of kurtosis - was exploited

as a measure of spikiness. Kurtosis of a zero-mean signal v[n] is defined as

K(v[n]) =
E{v4[n]}

(E{v2[n]})2 , (1)

where E{·} denotes expectation and n represents the discrete time index. Theoreti-

cal investigation of MED was provided by Donoho [5] and the method was invoked in

ultrasound experiments by several researchers [6–13].

The impulses arising from within a material can be approximately recovered from

overlapping echoes in two different ways. The first method would be to run the algorithm

on the entire received signal [3], where the filter is adapted to regain all impulses from

within the sample. Neither a priori knowledge nor a reference echo is needed in this

case, that is, the approach is entirely blind. However, setting the parameters for the

gradient search and adaptive filter (step size, initialization, filter length) will be relatively

challenging in severely coinciding signals due to very short time spacing between impulses

(poor time resolution), as will be presented in forthcoming sections.

In the case of severe overlap which occurs at a layer thickness to wavelength ratio

that is close to unity [14], having access to a reference echo can lead to an increased

performance in medium impulse response enhancement. The second method, which is
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Figure 1: General system model for blind pulse compression on a reference echo in a pulse-echo

configuration.

presented in this paper, makes this assumption. The idea is to train a filter to compress

the pulse shape by promoting impulsiveness (to recover the excitation impulse) in a

reference echo from the top layer boundary of a relatively thick sample, and then utilizing

the resulting filter on the entire reflection sequence to enhance remaining impulses from

within the material as well. As the pulse shaping filter, distortion function and transducer

are linear and time-invariant (LTI) [7], a filter approximately inverting these systems

(achieved by skewness maximization) can be utilized on the multiple reflections from a

thin-layered sample, which enables approximately regaining the material IR in a relatively

more challenging scenario. The disadvantage here is the need for collecting measurements

to extract a reference echo under stationary conditions.

Inverse filter design to extract the impulse response of a sample or a flaw has pre-

viously been examined [7, 15]. A well-known approach is designing the Wiener inverse

which may require a priori knowledge (such as the transducer IR) or an estimate of the

propagation path (noise distribution). The least-squares method may also call for similar

prerequisites. In addition to that, both methods may need a regularization factor due to

possible singularities in inherent matrix inversion.

Modelling of ultrasonic transducer IR to design an inverse filter in a non-adaptive ap-

proach was also investigated [15], and noted to be sensitive to measurement settings and

conditions. In case of a blind and adaptive approach on the whole reflection sequence,

different objective functions were evaluated in [6] where skewness proved a better perfor-

mance over other functions.

2.2 Notation and Signal Model

A basic signal model incorporating the components that are subject to investigation can

be given as (disregarding delays)

u[n] = (s[n] ∗ p[n] ∗ h[n]) + z[n], (2)

where ∗ denotes (discrete time) convolution and all discrete time signals are real and zero

mean. As shown in Fig. 1, the electrical excitation impulse s[n] to the pulse shaping filter
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Figure 2: The experimental setup [1] with transmitted signal s[n] ∗ p[n], observed signal u[n]

with reference echo encircled, and thickness levels dn.

p[n] has a sparse appearance and the adaptive FIR filter f [n] is trained on the reference

echo u[n] to regain this sparse impulsive signal by approximately inverting both p[n],

the transfer function h[n] that consists of measurement system and propagation path

in general, i.e., p[n] ∗ h[n], and the white Gaussian noise z[n] that is independent of

s[n]. This is achieved in a blind fashion (without a priori knowledge) by exploiting the

asymmetric property of the excitation signal, which is quantified by skewness,

φ(y[n]) =
E{y3[n]}

(E{y2[n]})3/2 , (3)

where y[n] = s[n− γ] contains the short duration impulse and some very low amplitude

non-zero elements in actual realization due to a possible delay γ. The purpose is to

produce an output signal v[n] satisfying v[n] ≈ ±βs[n − Δ] + (f [n] ∗ z[n]) with an

arbitrary delay Δ and a scale β, by maximizing the function given in (3) through a

gradient search [16].

To briefly summarize the background of the proposed method before basic formula-

tions, skewness maximization was employed on cyclostationary impulsive random signals

[17], periodic impulses arising from mechanical structures [18] and overlapping echoes

from thin layered materials [3]. This study proposes designing an approximate inverse

filter to extract the excitation signal through skewness maximization on a reference echo,

and then regaining the sample IR from severely coinciding echoes.

Gradient Estimate and IR enhancement

An FIR filter is trained [19] iteratively f k+1 = fk + μ∇∇∇φ(fk), with iteration index k

and a step size μ > 0, towards maximizing skewness with a norm constraint ||fk||2 = 1

to produce an output that is consistent with the sparse and spiky signal s[n]. This

constrained optimization problem is solved by estimating the gradient of the objective

function ∇∇∇φ(fk) with respect to the FIR filter coefficients fk, such that ∇∇∇φ(fk) =
∂φ

∂fk =
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Figure 3: (a) The reference echo from a 5 mm sample and (b) the output signal after skewness

maximization on the reference echo.

∂
∂fkφ((fk)Tun)

by expressing the relation between the output and observed signal as vk
n =

(fk)Tun (subscript n represents discrete time index). The mathematical background,

theoretical investigation and further reasoning can be found in [18] and references therein.

Upon the convergence of skewness, the resulting pulse compressing filter can be ap-

plied on the entire received signal to enhance the IR of the single layered and flawless

test material. The sample IR with non-zero skewness, denoted hereby by x[n], is a finite

energy signal that consists of decaying impulses [12, 15, 20]

x[n] �

N∑
m=1

αmδ[n−mT ] (4)

with period T , the Kronecker delta function δ[n] and scalars |α1| > |α2| > · · · > |αN | > 0

due to loss of energy caused by the system. To approximately have access to this signal,

two distinct measurements are needed, one for a reference echo and one from the thin

layered medium. Here, besides being LTI and having no spectral nulls, distortion function

h[n] is assumed to be stationary, that is, its statistics do not vary over time, so that

the pulse compressing filter can still be used on another measured signal acquired at a

different time instant.

2.3 Simulation Experiments

The experimental setup providing normal incidence pulse-echo measurements is illus-

trated in Fig. 2. The first echo from the boundary of the material is encircled and can

be isolated in absence of overlap. In both simulation experiments, the inverse filter that

was trained on a reference echo from a 5 mm thick sample is employed.

Minor overlap, 2 mm thickness

A comparison against the previous approach [3] is presented on a pulse echo sequence

with minor overlap. Reverberations stemming from a 2 mm thick flawless sample are

simulated disregarding the frequency dependent attenuation by using the model given

in [1]. The model incorporates physical properties of the structure such as thickness,

phase velocity, density and attenuation. A sampling rate of fs = 100 MHz and a center
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Figure 5: (a) The observed signal from a 2 mm sample, (b) the output signal after employing the

pulse compressing filter and (c) after skewness maximization on the entire reflection sequence.

In all figures, the first reflection is encircled and the remaining impulses correspond to the

medium IR given in Eq. 4.

frequency fc = 5 MHz (unknown to the algorithm) are chosen. At the first stage, a

reference echo from a 5 mm thick material as shown in Fig. 3a is simulated to extract

the excitation impulse by maximizing the skewness in a blind fashion, thus suppressing

the pulse shape, which produces an output signal as depicted in Fig. 3b. The pulse

compressing filter has a magnitude response as shown in Fig. 4 which has an apparent

notch around the center frequency (5 MHz) of the pulse shaping filter p[n].

After producing the inverse filter on a 5 mm thick sample, the result of approximately

inverting the impulses from within the 2 mm thick material is demonstrated. The FIR

filter is applied on the pulse echo sequence illustrated in Fig. 5a which results in the

sparse impulsive signal shown in Fig. 5b. A comparable performance can be observed

after maximizing the skewness through gradient search on the entire reflection sequence

which reveals the medium IR depicted in Fig. 5c where the adaptive FIR filter has a

magnitude response as shown in Fig. 7a.

Severe overlap, 1 mm thickness

To conduct experiments on a more challenging scenario, severely overlapping echoes from

a 1 mm thick sample are simulated and illustrated in Fig. 6a. The pulse compressing filter
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Figure 6: (a) The observed signal from a 1 mm sample, (b) the output signal after employing the

pulse compressing filter and (c) after skewness maximization on the entire reflection sequence.

In all figures, the first reflection is encircled and the remaining impulses correspond to the

medium IR given in Eq. 4.

is applied to the entire received signal to reveal the impulses from within the material.

Impulses are enhanced without a priori knowledge of the pulse shape, transducer and

distortion function at a layer thickness to wavelength ratio that is close to unity, as

illustrated in Fig. 6b. Maximizing skewness of the whole reflection sequence on the other

hand, produces an output signal as depicted in Fig. 6c, where the impulses characterizing

the material appear to be buried in (deconvolution) noise. Nevertheless, the adaptation

process seems to produce an approximate inverse as can be observed from the magnitude

response of the resulting FIR filter as shown in Fig. 7b.

3 Conclusion

A comparative study has been made under the assumption of having access to a reference

echo from a relatively thick material. An approximate inverse was successfully trained

to suppress the unknown pulse shape, undesired effects from the propagation path and

sensor by promoting impulsiveness to extract the excitation signal, provided that the

measurements for acquiring reference echo and overlapping signals were collected under

sufficiently similar conditions. Adapting a filter blindly on the entire reflection sequence

produced comparable performance on minor overlap, whereas underperformed on severely

coinciding echoes.

After introducing [3] and hereby comparing two different approaches to regain im-

pulsive structures describing the material properties, the next step shall be conducting

experiments on real ultrasound signals; exploring mathematical foundations to the ob-

served behaviours, evaluating performances against noise power and severity of overlap

and addressing possible issues. A similar study will also be performed on a conven-



128 Paper D

Frequency (MHz)

M
ag
n
it
u
d
e
(d
B
) fc

−10

10

0

0 25 50

(a)
Frequency (MHz)

M
ag
n
it
u
d
e
(d
B
) fc

−20

−10

10

0

0 25 50

(b)

Figure 7: (a) Magnitude response of the adaptive FIR filter trained on the entire reflection

sequence from a 2 mm sample and (b) a 1 mm sample.

tional method requiring a reference echo for the purpose of motivating usefulness of the

proposed algorithms.
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“Impulse response extraction and parametric modelling of reverberating ultrasonic

echoes from thin layers,” in Ultrasonics Symposium (IUS), 2015 IEEE International.

IEEE, 2015, pp. 1–4.

[4] R. A. Wiggins, “Minimum entropy deconvolution,” Geoexploretaion, vol. 16, pp.

21–35, Sep. 1977.

[5] D. L. Donoho, “On minimum entropy deconvolution,” in Applied Time Series Anal-

ysis, D. F. Findley, Ed. New York: Academic Press, 1981.
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Blind Adaptation Schemes for Compression of

Overlapping Echoes

Aziz Kubilay Ovacıklı, Johan E. Carlson and Patrik Pääjärvi

Abstract

Material characterization by extracting the impulse response has been achieved with

several methods like parameter estimation by modeling the reverberations, or inverse

filter design by direct frequency division using a reference echo. In these cases, several

issues may arise due to non-linearities, excessive amount of parameters or requirement

of a priori knowledge. Further complexity arises when the reflections from a thin layered

material severely overlap. Such a phenomenon occurs when the propagation time through

the single layer is shorter than the duration of the emitted pulse.

Under certain circumstances, the time resolution of coinciding echoes can be improved

by blindly tuning a linear filter enhancing impulsiveness, whereby impulsiveness is man-

ifested in the statistics of the signal of interest as asymmetry in the probability density

function. The presented study promotes asymmetry in a received signal for designing

approximate inverses in two different approaches. The first one is blind where the filter is

trained on the entire reflectivity, whereas the second one assumes presence of a reference

echo. In each case, the purpose is to have access to an impulsive signal that is consistent

with the medium impulse response under stationary non-dispersive conditions.

The proposed methods are evaluated on overlapping echoes from several glass samples

providing different wavelength to thickness ratios. A comparative study is also accom-

plished against conventional methods. It is shown that the reflectivity information can

be retrieved without a priori knowledge.

1 Introduction

Thin layered materials are of interest [1] in processes of various industry branches such

as aerospace, automotive [2], nuclear reactors [3]; subject to imaging of surface profiles in

manufacturing [4], evaluation in composite materials and defect detection in metal and

composite bonds [5]. Non-destructive testing (NDT) on those materials via ultrasound

provides valuable information about their properties, that is, time of flight (TOF), time of

arrival (TOA), thickness, density, attenuation and possible defects [6, 7]. A well known

approach for this purpose is parametric modeling [8, 9] and estimation of some pre-

defined parameters that describe the specimen as precisely as possible [10]. As the

measurement system, propagation path (coupling medium) and inherent noise exhibit
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stochastic behaviours, estimation methods may lead to erroneous results, or demand a

priori knowledge [11]. In case the model-based method is non-linear in its parameters,

iterative numerical solutions must be employed which require good initial guesses of the

parameters [12], where additional care must be taken to keep the bias low and multiple

observations might be needed for averaging to reduce noise variance. [13].

In case the physical properties of a medium, represented by its impulse response

(IR), are desired to be recovered without a priori knowledge, another approach can be

suggested. In most of the industrial applications the only available information is the

received reflection sequence from a specimen, which calls for a blind approach [14]. How-

ever, if the reflectivity information is buried in severely overlapping echoes, the processing

becomes more challenging. Overlapping occurs when the TOF inside the media is shorter

than the time support of the transmitted signal. The difficulty is to improve the time

resolution of the reflectivity function without additional adjustments in the measurement

system [15]. In such a scenario, a reference echo (without knowledge of the pulse shape

and center frequency), isolated from the signal acquired from a relatively thick sample

would be advantageous. An approximate inverse can then be designed to suppress the

pulse shape that can later be utilized to reveal the IR of the medium under test [16].

In the proposed approaches, where the material IR can either be extracted from the

entire received signal [14], or by designing an inverse from a reference echo [16], the

only assumption is that the sparse signal of interest, corrupted by noise and hidden in

coinciding echoes, has known statistics that can be exploited, such as having a (trivial)

asymmetric probability density function (PDF), which is quantified by the scale invariant

3rd order moment or skewness [17]. Through an iterative gradient search for a possibly

local maximum where skewness is maximized (thus impulsiveness is promoted) by an

adaptive finite impulse response (FIR) filter, the sample IR can be extracted to provide

valuable information about the thin-layered sample, which can be used in characterization

and revealing structural properties, or modeling of the specimen to identify possible

scatterers (defects) [8].

This study is an extension to above mentioned previous research [14, 16] where we

provide further evaluation of the methods, a comprehensive analysis on the signals of

interest and results on real ultrasonic signals measured from glass samples at different

thickness levels. In addition to these, comparison against selected conventional methods

is also presented.

2 Background

2.1 Prior Work

In a problem setting without access to the stochastic source signal, or adequate knowledge

to design a model that mimics it, information retrieval from sensor data can be accom-

plished in a blind fashion by designing an adaptive system tracking the slowly varying
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changes to optimize a higher order statistics (HOS) based criterion [18]. Such an adaptive

system would account for possible (slow enough) changes [19] in desired signal as well

as suppressing undesired components such as measurement noise and disturbances, and

compensating for amplitude/phase distortion introduced by the measurement system.

The criterion (objective function quantifying the statistical properties) that the adaptive

filter will be designed upon is selected depending on the physical characteristics of the

source signal. An application of this idea was first presented by Wiggins [20] on seismic

waves by exploiting the sparseness of the target signal whereby sparseness was quantified

using the scale invariant 4th order moment or kurtosis. The study was generalized by

Donoho [21] and further investigated on non-minimum phase systems in [22] and with

stationary point analysis in [23].

Blind processing of ultrasonic traces has already shown that reflections describing the

material properties can be recovered successfully [24], by employing different HOS based

objectives [25], with orthogonal wavelet bases on short data segments [26], with least-

mean-squares [27], with maximum a posteriori [28–30], depending on the cross correlation

between a reference signal and a received signal [31], and by accounting for pulse variance

in a Bayesian framework [32]. Apart from these, inverse filter design has also been

investigated in [33,34], using secant method with least-squares in a through transmission

setting in [7] and using a z-transform based method in [35].

The purpose of the presented study is to show that in an experimental setting where

all components are linear and time invariant (LTI) [29], the impulses characterizing the

medium can be recovered by blindly adapting a filter to maximize the skewness of the

entire reflection sequence under certain circumstances [14], or by designing an inverse in

the same manner in presence of a reference echo isolated from reflections from a relatively

thick sample [16]. Revealing the IR will let the medium properties be derived from the

relative positions and amplitudes of the peaks [36, 37]. The idea here is to enhance

the asymmetry [38] inherent in target signal’s PDF by promoting impulsiveness in the

sensor data. Such an approach with third-order objective function [39] was applied on

mechanical signals [40, 41], short and long duration pulses [42], digital communication

signals [43] and on ultrasonic traces with minor overlap [25].

From a statistical point of view, blind adaptation schemes using third-order moment

were examined on cyclostationary impulsive random signals in [43] and periodic impulses

arising from mechanical structures in [44]. We hereby employ the same concept on

aperiodic finite energy signals (entire reflection sequence or a reference echo), to recover

the IR of a thin layered specimen from severely coinciding echoes.

2.2 Notation and Signal Model

The noise-free signal model is presented assuming wave propagation is perpendicular to

planar surfaces creating only longitudinal waves in a pulse-echo setting with an unfocused

single transducer. The waveforms are created and collected from a reflector placed in the
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hexc(t) ∗ p(t) hS(t) x(t) v(t)f(t)

Figure 1: System identification representation for constructing the signal model.

near field providing diffraction-free environment.

Defining the acoustic pulse at location −→r in space with continuous time index t as

y(t) = hexc(t) ∗ hem(t) ∗ hSIR(t,
−→r ) ∗ hw(t), (1)

where hem(t) is the electro-mechanical IR converting the unknown excitation hexc(t) to a

velocity waveform and hSIR(t,
−→r ) represents the spatial IR of the transducer at point −→r

in space. The IR of the water path can be approximated as hw(t) ≈ γδ(t−τw) with Dirac-

delta function δ(t). This is simply a delay (with τw) with a known scalar attenuation γ

[12], and can be disregarded as we are not interested in the phase information modified

by the coupling medium in this study.

After a round trip (transmission and reception), the received (first) echo can be given

as

yf(t) = [hexc(t) ∗ hem(t) ∗ hSIR(t,
−→r )] ∗ hSIR(t,

−→r ) ∗ hme(t). (2)

where hme(t) is the mechano-electrical IR converting the acoustic pressure to electrical

output. Without loss of generality hem(t) ≈ hme(t) and thereby combining together and

referring to the transducer IR as the pulse shaping filter, p(t) ≈ hem(t)∗hme(t)∗hSIR(t,
−→r )

which is basically a windowed pulse modulating hexc(t) since an impulse-like signal can

not be propagated [45]. Thus, p(t) excites the non-dispersive (if speed of sound and

attenuation are independent of frequency) sample which produces an IR that is a finite

energy, aperiodic sparse signal [6, 11, 33] represented as

hS(t) �
N∑

m=1

αmδ(t−mT ). (3)

The decaying impulses forming the hS(t) occur at delays mT corresponding to the prop-

agation time through the thin layer, and αm represent the attenuation introduced by the

material satisfying |α1| > |α2| > · · · > |αm| > 0. After providing the basic signal model,

it can be stated that the first echo becomes an approximate replica of hexc(t)∗p(t) = ur(t)

with boundary conditions providing perfect reflectivity. The entire reflection sequence

is referred to as x(t) = p(t) ∗ hS(t) disregarding the measurement noise, as shown in

Fig. 1. The overall signal model is constructed from a system identification point of

view in which the transmitted pilot hexc(t) ∗ p(t) is completely unknown. The response

to that excitation hS(t) is to be retrieved from overlapping echoes by tuning blindly an

inverse f(t) ≈ (hexc(t) ∗ p(t))−1. The aim is to have access to an output signal v(t) that

is consistent with the specimen IR.
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hexc[n] ∗ p[n]
hS[n]

x[n] u[n]
v[n]

z[n]

f [n]

φ(v[n])
Unknown environment

Figure 2: General system model for blind adaptation by maximizing an objective.

2.3 Recovering IR by Maximizing Skewness via Gradient Search

All the signals defined until now will be represented with their discrete-time counterparts

due to the analog-to-digital conversion inherent in all experimentation. A discrete-time

vector x ∈ RN will be represented either as xn or x[n]. To begin with, the sampled

version of the filter output v[n] has a skewness given by

φ(v[n]) =
E{v3[n]}

(E{v2[n]})3/2 , (4)

which quantifies the asymmetry in signal’s PDF [17]. In a non-dispersive system where

all acoustic waves obey the linear lossy wave equation [13], by maximizing (4) through

adapting an FIR filter f [n] iteratively as shown in Fig. 2, undesired components such as

the pulse shaping filter p[n] (band-pass behaviour without spectral nulls) can be com-

pressed and the symmetric additive noise z[n] (uncorrelated with x[n]) arising from the

measurement system and specimen [6, 15] can be compensated for. The idea is to mini-

mize the disorder (entropy) in the observed signal (sensor data) u[n] [20] to retrieve sparse

reflectivity information in (3) characterizing the material under test. After convergence

of skewness to a maximum, the resulting output signal v[n] ≈ ±βhS[n−Δ]+(f [n]∗z[n])
shall resemble the sample IR by allowing an arbitrary delay Δ and a scale β.

Following a general description of the process, formulations on steepest ascent can be

given. The length-M linear filter f k =
[
fk
0 · · · fk

M−1
]T

is tuned at each step k with

a small step-size μ > 0 as f k+1 = fk + μ∇∇∇φ(fk) towards the direction [46] defined by

the gradient vector ∇∇∇φ(fk) estimated depending on the FIR filter coefficients ∇∇∇φ(fk) =
∂φ

∂fk = ∂
∂fkφ((fk)Tun)

where vk
n = (fk)Tun. A constrain on fn can be applied as ||fk||2 = 1

to prevent numerical issues. Generalized equations for any higher order moment can be

found in [42].

Through the progress of gradient search, non-ideal conditions such as slow variations

in the pulse shape, noise, propagation path and transducer are taken care of by the

adaptation process, as it is a process of tracking an optimum [19], rather than seeking it.

An example of searching a local maximum was provided in [44] on mechanical signals with

surface analysis for third order statistics and comprehensive mathematical investigation,

here we delimit the scope by applying the same concept on coinciding echoes arising from

thin layered glass samples.
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3 Impulse Response Retrieval by Adaptive Filtering

In this section, two different approaches on extracting the IR of a specimen will be pre-

sented by discussing the circumstances under which they could be applied, comparing

performances against each other and some conventional methods on real ultrasound sig-

nals acquired from thin layered glass samples. A brief information about adaptive filter

initialization on non-minimum phase systems will also be given.

3.1 Method I : Enhancing the IR on the Entire Reflectivity

In case of absence of a reference echo from a relatively thick material, medium IR can be

extracted by promoting asymmetry on the entire reflection sequence [14]. Training an FIR

filter that maximizes the skewness of its output shall suppress the symmetric components

(pulse shaping filter, additive noise) producing an impulsive signal consistent with the

signal of interest hS[n]. Here, the necessary and sufficient condition is that the (discrete

time) IR hS[n] given in (3), which is a deterministic signal, must have a non-zero skewness

(must be skewed)

φ(hS [n]) =
E{h3

S[n]}
(E{h2

S[n]})3/2
=

N∑
k=1

α3
k(

N∑
k=1

α2
k

)3/2
�= 0 (5)

where N is an arbitrary integer. It can be readily seen that non-zero skewness is satisfied

if the third order moment, represented by the numerator of the equation given above, is

non-zero, that is,
∑N

k=1 α
3
k �= 0. Otherwise, the scale invariant 4th order moment (kur-

tosis) quantifying heavy-tailed distributions can be employed as an objective function.

Advantages of skewness over kurtosis were presented in previous studies on asymmetric

signals by means of convergence rate [47] in systems inheriting symmetric noise [48]. A

comparison on topologies of these functions proved that skewness possesses fewer saddle

points with a surface unperturbed by Gaussian noise [48].

3.2 Method II : Designing an Inverse Filter on a Reference Echo

In a non-dispersive medium where plane waves are transmitted, an approximate inverse

can as well be designed on a reference echo from a relatively thick material to later retrieve

the IR of a thinner medium [16]; assuming that the reflected echoes (propagated in wa-

ter) from within the flawless sample are shifted and scaled (introduced by the material)

versions of the aforementioned reference echo [15]. Here, attenuation on different fre-

quency components is assumed to be approximately the same, creating a minimum level

of losses due to absorption, scattering and diffraction that can be handled by the proposed

method. Besides, the components in the problem setting are assumed to be stationary or

at least slowly varying. An inverse filter can be designed from a reference echo to extract
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Figure 3: The experimental setup [8] with transmitted signal hexc[n] ∗ p[n], reflection sequence

(sensor data) u[n] with reference echo encircled, and thickness levels dn.

the impulse hexc[n] carried (modulated) by the pulse shaping filter p[n]. The resulting

pulse compression filter will be an approximate inverse f [n] ≈ (p[n])−1+(f [n]∗z[n]) that
will be utilized on the entire reflection sequence to extract the thinner specimen IR. In

brief, an approximate inverse system is designed using an existing model (reference echo)

of the distorting modulation system (pulse shaping).

Pulse compression is useful in ultrasonic testing in industrial applications [49] and

imaging of materials [50] to improve axial resolution of reflections for instance. The

presented study compares the performances of filters trained on a reference echo and on

the entire observed reflectivity sequence consisting of severely overlapping echoes arising

from a thin layered specimen.

An example is provided to illustrate the concept in an experiment setting shown in

Fig. 3 where a 5 mm glass sample was immersed in water to transmit and receive echoes

by a single unfocused transducer with a center frequency fc = 3.5 MHz at a sampling rate

of fs = 100 MHz. The reference echo is isolated as shown in Fig. 4a to tune an FIR filter

that promotes impulsiveness to invert the pulse shape with a fixed step-size μ = 10−2 in

order to produce an output v[n] as depicted in Fig. 4b. The magnitude response of the

filter f [n] shown in Fig. 5b has a notch at the center frequency fc of the pulse shaping

filter p[n]. Such a filter has the ability to extract the impulses characterizing the material

(Method II) as shown in Fig. 6c from the reflections excluding the first echo as illustrated

in Fig. 6a. Employing Method I on the same observed signal results in a signal as depicted

in Fig. 6b which is produced by a filter with magnitude response shown in Fig. 5a. The

difference in polarity of the time-domain output signals is a result of maximizing an

odd order function in a setting where the acoustic impedance of the material is greater

than that of the propagation path. The sound velocity is estimated as 3867 m/sec after

Method I and 3731 m/sec after Method II. The performances are comparable and will

be quantified and tested further on overlapping echoes in the forthcoming sections.
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Figure 4: (a) The reference echo from a 5 mm sample and (b) the output signal after skewness

maximization to extract the excitation by suppressing the pulse shape.
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Figure 5: (a) Magnitude response of the filter trained on the entire reflectivity, Method I and

(b) magnitude response of the pulse compressing filter, Method II.

3.3 A Comparative Study on Overlapping Echoes

Introduction

The proposed methods are evaluated in relatively more challenging scenarios on coincid-

ing echoes with thickness to wavelength ratios d
λ
= 1.54 (2 mm single layered flawless

glass), d
λ
= 0.77 (1 mm single layered flawless glass) and compared against two conven-

tional methods, namely the pseudo-inverse and regularized inverse. The measurements

were collected in the same experiment setting as in Fig. 3, instrumentation, center and

sampling frequency right after measuring the reference echo in Fig. 4a from the 5 mm

glass sample. The evaluation is performed by comparing the estimated speed of sound in

each case against the one derived from the 5 mm sample. Peak locations in the output
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Figure 6: (a) The observed signal from a 5 mm glass sample excluding the first echo, (b) the

output signal after skewness maximization (Method I) on the echoes from within the material

and (c) after employing the pulse compressing filter (Method II) on the echoes from within the

material. In all output signals, the peak locations are encircled where impulses correspond to

the medium IR given in (3).

signals are detected (and encircled in the figures) and sound velocity is calculated from

the relative distances. The test results are provided in Table 5.1 in which the amplitude

scale, delay due to filtering and propagation are nuisance parameters.

The (inherently stable) FIR filters were trained both on the reference and overlapping

echoes to maximize the skewness of their outputs as stated in Sec. 2.3. The argument

here is that the resulting filter after convergence of skewness is an approximate inverse of

the pulse shaping filter p[n] and all other undesired components in the system. Through

experiments and observations, it was concluded that these systems to be inverted could

possibly have zeros outside the unit circle (non-minimum phase) [9], thus forcing an

unstable and non-causal inverse. Therefore, the filters were initialized with all zeros but

a final tap that is unity. Filter lengths were adjusted considering the characteristics of

the systems to be inverted, that is, a longer filter is required to resolve the very short

duration pulse exciting the ultrasound transducer. It should also be noted that inverting

the pulse shaping filter which is a finite impulse response system requires an infinitely

long filter.
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Table 5.1: Sound Velocity (m/sec)

Methods 2 mm 1 mm

Method I 3227 3227

Method II 3239 3248

Regularized inverse 3208 3246

Pseudo inverse 3200 3142

Existing Methods

Two algorithms using an existing model (reference echo) based on inverse filters by fre-

quency division were selected as conventional methods for comparison. The inverse filters

can be designed by inverting a Toeplitz system formed by using the reference echo. The

pseudo-inverse is estimated by isolating (i.e. low-pass filtering) the frequency region

where the pulse shaping happens to take place (around its center frequency), whereas

the regularized inverse design is achieved simply by frequency division such as 1
P (w)+ε

where P (w) is the discrete Fourier transform of the reference echo p[n] from the 5 mm

sample, w is the angular frequency and ε is a regularization factor to prevent singu-

larities (spectral nulls)[45]. In such direct inversion methods, commonly referred to as

zero-forcing equalizer [51], the effects of the measurement noise are disregarded and gen-

erally enhanced. As mentioned in the previous section, the system to be inverted P (w)

may have non-minimum phase and therefore stabilized by replacing the zeros outside the

unit circle with their conjugate reciprocals [52], which preserves the magnitude response

|P (w)|.

3.4 2 mm Single Layered Flawless Glass Sample

Method I and II

An FIR filter was trained with a fixed step-size μ = 10−3 on the sensor data collected

from a 2 mm glass sample as shown in Fig. 7a to counteract overlapping phenomenon

and resolve the impulses characterizing the material under test. The output signal after

applying the pulse compressing filter (Method II) is depicted in Fig. 7c whereas maximiz-

ing the skewness on the entire reflectivity (Method I) produced an output as in Fig. 7b.

The reflections from the top boundary and peak locations were encircled for clarity. The

magnitude response of the filter from Method I is depicted in Fig. 8a, where it should

be noted that the width and the sharpness of the notch at the center frequency fc were

adjusted blindly according to the slow variations in the pulse shape and noise in the

overall system.
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Figure 7: (a) The observed signal from a 2 mm glass sample, (b) the output signal after skewness

maximization on the entire reflection sequence (Method I) and (c) after employing the pulse

compressing filter (Method II). In all output signals, the first reflection and peak locations are

encircled.
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Figure 8: (a) Magnitude response of the adaptive FIR filter trained on the entire reflection

sequence (Method I) from a 2 mm glass sample and (b) a 1 mm glass sample.

Conventional Methods

Aforementioned conventional methods were employed on the observed signal and the

pseudo-inverse produced an output signal as shown in Fig. 9a and the regularized inverse
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Figure 9: (a) The output signal after the pseudo inverse and (b) after the regularized inverse

on the echoes from a 2 mm glass sample. In all output signals, the first reflection and peak

locations are encircled.

resulted in a signal as depicted in Fig. 9b. The estimated sound velocities are provided

and the impulses forming the signal in (3) are apparent. The magnitude responses for

the pseudo- and regularized inverses are depicted in Fig. 12a and Fig. 12b respectively.

3.5 1 mm Single Layered Flawless Glass Sample

Method I and II

Same procedure was followed for the 1 mm case. The stochastic gradient search by tuning

the parameters of the inverse filter with a fixed step-size μ = 10−3 on the entire reflectivity

shown in Fig. 10a resulted in an output as in Fig. 10b (Method I). The magnitude response

of the filter is illustrated in Fig. 8b. Pulse compressing filter that was trained on the

reference echo (Method II) was applied to the sensor data and produced an output as in

Fig. 10c. The performances are comparable and reflected in the sound velocity estimates

given in Table 5.1.

Conventional Methods

The results after applying the conventional methods on severely coinciding echoes are

illustrated in Fig. 11a for the pseudo inverse and in Fig. 11b for the regularized inverse.

The performances degrade as the thickness to wavelength ratio decreases which can be

observed in the output signals.
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Figure 10: (a) The observed signal from a 1 mm glass sample, (b) the output signal after

skewness maximization on the entire reflection sequence (Method I) and (c) after employing the

pulse compressing filter (Method II). In all output signals, the first reflection and peak locations

are encircled.

4 Conclusion

Two different approaches utilizing blind adaptation schemes to enhance the impulsiveness

in sensor data collected in a non-dispersive environment were proposed and compared

for IR extraction on superimposed signals measured from thin layered materials. The

resulting sparse signal can then be used to characterize the specimen under test and reveal

its properties. In an attempt to retrieve the impulses buried in coinciding echoes without

a priori knowledge, training an FIR filter on the entire reflection sequence (Method I) [14]

was proved to be useful with a slight performance penalty. The circumstances comprising

the basis for skewness maximization were discussed and results on severely overlapping

echoes were provided.

The case in which a reference echo from a thicker sample is available was implemented

where the FIR filter was trained to suppress the slowly varying pulse shape by extracting

the excitation (Method II) [16], to later utilize the filter for the same purposes given

that the reflections from within the material are scaled and shifted replicas of the refer-

ence echo. Testing the approach on overlapping echoes provided better time resolution,

compared to the former approach.

The filters obtained from regularized and pseudo-inverse methods perform better



146 Paper E

Time (μsec.)

A
m
p
li
tu
d
e
(V

)
−1

1

0

0 4 7

(a)

Time (μsec.)

A
m
p
li
tu
d
e
(V

)

−1

1

0

0 4 7

(b)

Figure 11: (a) The output signal after the pseudo inverse and (b) after the regularized inverse

on the echoes from a 1 mm glass sample. In all output signals, the first reflection and peak

locations are encircled.
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Figure 12: (a) Magnitude response of the regularized inverse and (b) pseudo-inverse sketched

alongside the magnitude responses of the reference echo and its stabilized version.

compared to the presented methods as they have and utilize the prior estimate of a

reference echo directly through a frequency division scheme. However, an entirely blind

approach (Method I) still performs with an acceptable performance where the impulses

characterizing the specimen could be resolved in a setting with wavelength to thickness

ratio below unity.

As a result, exploiting the knowledge about the statistical characteristics of the de-

sired impulsive signal, medium IR can be recovered by blindly tuning a linear filter which

promotes asymmetry through a gradient search. Without non-linear parametrization, es-

timation or polynomial division in frequency domain, material characterization is possible

via adaptation of an FIR filter.
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Reformatted version of paper originally published in:

International Ultrasonics Symposium (IUS), 2017,

Washington D.C., USA, pp. 1-4

c©2017, IEEE. Reprinted with permission.

153



154 Paper F



Material Impulse Response Estimation from

Overlapping Ultrasound Echoes Using a Compressed

Sensing Technique

Johan E. Carlson, Aziz Kubilay Ovacıklı and Patrik Pääjärvi

Abstract

When investigating thin materials with pulse echo ultrasound, multiple reflections

(reverberations) from the layer(s) will overlap. It is therefore difficult to deduce infor-

mation about speed of sound, thickness, density, etc. from the raw data. In order to

extract this information, the overlapping pulses must be either decoupled or we must

find some model of the material sample describing the wave propagation. It is, however,

often reasonable to assume that the the number of reflections is small relative to the

number of samples in the record signal of interest. In other words, the system describing

the reverberations is sparse.

In this paper we investigate, with simulations and with experiments on a 4.8 and

2.2 mm thick glass plate, respectively, how the framework of compressed sensing can be

adopted in order to retrieve the impulse response of the material specimen.

1 Introduction

In ultrasound examination of thin multi-layered materials, the received signal is, in both

through-transmission and pulse-echo configurations, a superposition of multiple reflec-

tions from inside the sample. If the layer thicknesses are small compared to the duration

of the emitted ultrasound pulse, the received signal will be a sum of overlapping ultra-

sound pulses. In such scenarios, experimental determination of layer properties such as

thickness, sound velocity and density becomes challenging. Previous work has investi-

gated model-based decomposition (see for example [1]) of the overlapping echoes, based

on the principles outlined by Brekhovskikh [2]. This modeling approach works well if the

material structure is reasonably easy to model in terms of reflection and transmission of

ultrasound pulses. In other scenarios, when the material structure is unknown or mod-

eling the wave propagation is considered too challenging (or not of interest), or if the

inverse problem of finding model parameters becomes intractable, other approaches are

necessary. Various pulse compression or deconvolution schemes have been used, some of

these are based on higher-order statistics, [3–5] which require little or no information at

all about the shape of the transmitted ultrasound pulse. Since Donoho [6] introduced the

concept of Compressed Sensing a little over a decade ago, this framework has also been
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adapted and applied to different non-destructive testing and structural health monitoring

problems [7–9]. In this paper, we investigate if the compressed sensing approach can be

used to extract relevant information from overlapping ultrasound echoes from thin layers.

We start with a simulation experiment mimicking a thin layer of glass. The method is

then evaluated on real world data from laboratory experiments, one on a thicker glass

plate where the reflections do not overlap, and one experiment on a thin glass plate,

where the overlap of echoes is substantial.

2 Theory

If a short ultrasound pulse is transmitted into a medium made up of plane parallel layers,

the incident pulse will be partially reflected and partially transmitted at each boundary

between layers (see for example [2]). For non-dispersive materials, the transfer function

of the medium can in its simplest form be modeled as a finite impulse response (FIR)

filter, where the filter taps are related to the reflection coefficients at each interface in the

material structure. The spacing between the filter taps is related to the propagation time

for the sound through each of the layers. Mathematically, the superposition of echoes

can be written as

y(t) =

Nk∑
k=1

αku0(t− τk) + e(t), (1)

where u0(t) is the transmitted ultrasound pulse (generally unknown) and where e(t) is

some random noise (often assumed to be white, Gaussian, and independent of u0(t)).

This can be written as the convolution of the transmitted pulse and the medium impulse

response, h(t)

y(t) = u0(t) ∗ h(t) + e(t), (2)

where

h(t) =

Nk∑
k1

αkδ(t− τk), (3)

where δ(t) is the Dirac delta function and (*) denotes convolution. Without loss of

generality, we can replace the unknown u0(t) with a measured reference echo, u(t) from

another planar surface. The practical implication of this is that since the amplitude of

the transmitted echo is not known, the magnitude of the first filter tap α1 can not be

uniquely determined. Also, if the reflectivity of a test specimen differs from that of the

reference specimen (misalignment, surface roughness, etc.) the shape of the echo will

differ slightly. For this work, however, we will assume these effects are negligible.

The model above is in continuous time, but in the discrete time domain, working with

digitized versions of the signals, this can be rewritten on matrix form as

y = Uh+ e, (4)
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where h and y are (column) vectors and U is the convolution matrix designed from u

so that y = Uh. The task at hand is thus to recover h from U and y. The ordinary

least-squares (OLS) solution

hOLS =
(
UTU

)−1
UTy (5)

would return the optimal solution (in the least-squares sense), provided the matrix U

has full column rank. If the noise is additive white and Gaussian, the solution would also

be the Maximum Likelihood Estimate (MLE). Unfortunately, this is often numerically

unstable, due to rank deficiencies in U or noise in the measurement. A common remedy

is to introduce a ridge weight (i.e. a regularization parameter) so that

hRR =
(
UTU+ μI

)−1
UTy (6)

But, assuming the number of reflections, Nk is relatively small and that the propaga-

tion delays {τk} through the material layers are long compared to the sampling time of

the system, the impulse response h will be sparse in the time domain, i.e. only a few of

the filter taps will be non-zero, since sound will only be reflected at interfaces between

layers of the medium.

So, instead of solving the problem

hOLS = argmin
h

‖Uh− y‖22, (7)

or

hRR = argmin
h

‖Uh− y‖22 + ‖μI‖22, (8)

we will modify the problem to

hCS = argmin
h

‖Uh− y‖22 + λ‖h‖1, (9)

where the subscript CS denotes Compressed Sensing, indicating there is a sparsity con-

straint imposed on the solution. Following from [6] the introduction of the second term

in Eq. (9), penalizing the the function with the L1-norm of the solution, will enforce

sparsity of the solution. Depending on how much we trust the model y = Uh and how

much we like to enforce sparsity, the parameter λ can be tuned. A large value of λ will

promote sparsity over the signal model. For λ = 0 the solution is the ordinary least-

squares solution. To solve Eq. (9) we used CVX, a package for specifying and solving

convex programs [10, 11].

Once the impulse response has been estimated, the complete waveform can be recon-

structed as

ym = UhCS. (10)
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3.5 MHz transducer

Water

thickness, d

Glass plate

Figure 1: Setup used in both simulations and measurements. A glass plate was immersed in

water, with an ultrasound transducer operating in pulse-echo mode.

3 Experiments

3.1 Simulations

To test the method, a simulation was first set up in which the model assumption in Eq. (4)

was known to hold. As a reference echo, a windowed cosine mimicking an ultrasound

pulse with a center frequency of 3.5 MHz was used. Since a real reference echo would

typically be obtained as an average of repeated measurements, Gaussian noise was added

to achieve a signal-to-noise ratio (SNR) of 30 dB. The medium used in the simulation was

a non-dispersive block (similar to quartz glass), with a thickness of d = 2 mm and a sound

velocity of 5200 m/s. A total of 10 reflections were recorded, as the sound propagated

back and forth through the sample. Fig. 1 shows the setup used in both simulations and

measurements. Fig. 2 shows the reference echo used in the simulations.
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Figure 2: Reference echo used in the simulations.

The reference echo was then used with the known impulse response of the material as

in Eq. (4), with noise added corresponding to an SNR of 20 dB. Figs. 3 and 4 show the

results of solving Eq. (9), with λ set to 0.6. From Fig. 4 we see that the reconstructed

impulse response is almost identical to the true response, except for small deviations
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in amplitude. Similarly, we see that the reconstructed waveform is very similar to the

measured.
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Figure 3: Simulated response from the plate. The measured response (blue) is plotted together

with the response modeled from the reference echo and the estimated impulse response (red).
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Figure 4: Simulated true (red) and estimated impulse response (blue).

3.2 Measurements

To verify the simulations in the previous section with real data, a simple practical ex-

periment was set up, with a setup as in Fig. 1. In all experiments a 3.5 MHz transducer

(Olympus Videoscan V382-SU) was used. This was connected to a Panametrics 5025PR

Pulser receiver and then the received signal was digitized at 100 MHz with a 14 bit

resolution using an ADQ214 from Signal Processing Devices (Linköping, Sweden).

To test the principle, we first used a quartz glass plate with a thickness of 4.8 mm

(measured with a digital caliper). This was thick enough to ensure there was little or no
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overlap between multiple echoes from the plate. The complete waveform, y contains all

reverberations echoes from the plate. The top surface echo was then extracted and used

as a reference echo, u, as marked in Fig. 5. This was then used to form the matrix U in

Eq. (4).
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Figure 5: Reference echo determined experimentally, as the first gated echo marked in the

complete waveform (see Fig. 6).

Fig. 6 shows the result of solving for hCS, and reconstructing ym(t) as in Eq. (10). The

estimated impulse response of the plate, hCS is shown in Fig. 7, which agrees with what

is expected from a single layer material (see for example [12], Chapter 3). Measuring

(graphically) the time delay Δt as marked in the figure, we obtained a speed of sound

value of approximately 3580 m/s, which agrees well with values reported in the literature

(e.g. [13]).

��������� ����� 	

Figure 6: Measured (dashed blue) and modeled (dotted red) reverberations from a 4.8 mm thick

glass plate.
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Figure 7: Estimated impulse response of the 4.8 mm thick glass plate.
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Figure 8: Estimated impulse response of the 4.8 mm thick glass plate, using the estimators in

Eqs. (7) and (8), respectively.

As a reference, the impulse response was also estimated using Eq. (7) and Eq. (8).

The results, as shown in Fig. 8 clearly indicate that these methods provide less realistic

estimates (from a physical point of view). It should be noted, however, that the mod-

eled waveform (ym) is slightly closer to the measured waveform for the OLS and the

regularized LS estimates.

We then repeated the experiment, using a 2.2 mm thick glass plate. As Fig. 9 shows,

the result is that all received echoes overlap and it is difficult to deduce any speed of sound

information directly from the raw data. Also, it is not possible to extract a reference

echo to use as input for the estimation. We therefore used the same reference as for the

4.8 mm plate. Fig. 10 shows the resulting impulse response estimate. The modeled plate

echo, ym(t) is then plotted in Fig. 9 on top of the measured signal, with good agreement.
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Again, we looked at the time delay between the two first reflections from within the thin

plate (Δt in Fig. 10), indicating a speed of sound of approximately 3550 m/s.
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Figure 9: Measured (dashed blue) and modeled (dotted red) reverberations from a 2.2 mm thick

glass plate.

��

Figure 10: Estimated impulse response of the 2.2 mm thick glass plate.

4 Discussion

In this work, no consideration has been made of frequency dependent attenuation and

sound velocity and how these will affect the shape of the ultrasound pulse, as a function

of propagation distance. Instead, we have assumed that the received signal is simply a

superposition of delayed and scaled versions of the reference echo. Misalignment of the

transducer relative to the sample (as compared with the reference experiment), dispersion

within the material, etc. will result in a model mismatch. This is likely to result in a
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less sparse solution, since additional filter taps will be needed to compensate for changes

in the shape of the ultrasound echoes caused by un-modeled physical effects. For the

single-layer glass specimens used in the experiments presented here, however, the model

assumptions seem to hold.

5 Conclusions

In this paper we have investigated if the framework of compressed sensing, imposing

sparsity constraints, can be used to facilitate the interrogation of thin layered media.

Experiments were made using a 3.5 MHz transducer working in a pulse-echo configu-

ration and collecting the reverberations from a 4.8 mm and 2.2 mm thick glass plate,

respectively. In both cases, it was possible to retrieve an impulse response that reveals

the boundaries of the plate, even when the time support of the pulse is significantly

longer than the round-trip propagation delay through the sample. The reference ultra-

sound pulse waveform was determined experimentally as the top surface reflection of the

thicker of the samples.
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