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Abstract

Guided wave sensors are commonly used in the oil and gas industry to inspect pipework for

damage. Early sensor were detachable and designed for single inspections, but current

best practice is to permanently attach sensors and take repeat readings. Known as a

monitoring configuration, this approach offers potential benefits in terms of cost, defect

detection capability and safety. There are however implementation challenges that are

still to be resolved, particularly the need to compensate collected data for changes in

environmental and operational conditions (EOCs). The interaction of guided waves with

general corrosion is also poorly understood.

This thesis seeks to address both issues, beginning with a finite element study of

the interaction of guided waves with rough surfaces. These rough surfaces are a basic

model for general corrosion and this study shows that attenuation seen in commercial

inspections can be explained by significant scattering of waves by the rough surface. This

scattering is shown to be a function of the rough surface characteristics, pipe diameter

and inspection wave frequency. This study was computationally expensive and made

possible by recently developed simulation tools, particularly graphics processing unit

based solvers. The development and construction of these simulation tools is described

in detail.

The second major theme of this thesis is improved signal processing for monitoring

data based on Independent Component Analysis [ICA]. ICA was applied to numerous

example signals and found to correctly separate structural anomalies from surrounding

noise. This technique was then compared to best practice techniques from industry

(residual processing and singular value decomposition [SVD]) and it was found that SVD

and ICA performed much better than residual processing under a range of conditions. In

general ICA performed better than SVD, but was less robust to outlier behaviour. The

framework used for this comparison is itself novel and is described.
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Chapter 1:

Introduction

BP is one of the world’s largest oil and gas companies, supplying millions of barrels of oil

a day to consumers around the world. A vertically integrated company, it has dealings

in all areas of the oil and gas industry including exploration, production, trading, and

marketing and distribution. As part of this activity BP operates thousands of miles of

pipework which it uses to transport hydrocarbons. This pipework is subject to mechanical

and chemical degradation and is regularly inspected to ensure its safety: failure of such

pipework can have serious environmental and financial implications [1]. This inspection

must be ever more reliable and accurate at a time when budgets in the oil and gas industry

are under pressure.

1.1. Guided wave inspection

Inspections are mostly carried out using non-destructive testing, with several localised

measurement techniques available based on ultrasound [2] and eddy currents [3]. These

techniques inspect a small area of the pipe to a high degree of accuracy and usually require

direct access to the section of pipe being inspected. Given that pipe networks in the oil

and gas industry stretch for thousands of miles, many such localised measurements would

be required if a reasonable proportion of the pipe were to be inspected. In some cases it is

also simply not feasible to get direct access to the pipe surface, for example due to thick

coatings or insulation. Inspections can also be made using ‘pigs’, inspection and cleaning

platforms which are inserted into the pipe and used for cleaning the pipe of sediment
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and making wall thickness inspections from the inner surface. Such platforms, typically

mounted with ultrasound or eddy current probes, can inspect long lengths of straight

pipe very quickly but are not suited to the tight bends typically found in petrochemical

facilities. Techniques such as radiography and magnetic methods can also be used for

pipelines, but come with their own safety and resolution issues [4]. Guided waves offer a

solution to this problem as a long-range, full-volumetric coverage non-destructive testing

technique for pipelines. Guided waves are a type of low frequency (<100 kHz) ultrasonic

wave that propagate long distances along a pipe using the walls as a waveguide. This

means a small number of guided wave sensors widely spaced along a pipe can be used to

monitor a large region; a single guided wave sensor can typically inspect 50 m or more

from a single location [5]. Although the sensitivity is not as high as point thickness

measurements (typically around 5% of pipe cross section) this range means that guided

waves can be used as an effective screening tool to identify areas which should be followed-

up with a high accuracy, localised technique. This type of sensor can also be used to

inspect hard to reach areas such as road crossings or under pipe supports, where direct

access is not possible.

The principle of guided wave inspections was demonstrated as early as the seventies

[6–8] but its widespread adoption was limited by a number of practical engineering chal-

lenges. It was not until the early nineties that advances in mode selection and design of

inspection equipment made commercial deployment feasible. Most modern commercial

systems consist of a deployable ring and an associated control electronics unit, such as the

Guided Ultrasonics Ltd. (GUL) unit shown in figure 1.1. In the GUL system the deploy-

able rings have two rows of piezoelectric transducers which dry-couple to the pipe outer

wall, with dry coupling possible because at the low frequencies at which this systems op-

erates there is little loss of transduction [9]. These rows are separated by approximately a

quarter of the wavelength of the inspection wave at its center frequency, allowing direction

control using constructive or destructive phase interference as necessary [9, 10]. Early

commercial systems excited a longitudinal guided wave mode L(0,2), where the (n,m)

labelling system of Silk & Bainton is followed [6]. This mode had many of the desirable

properties for a guided wave inspection mode: it was virtually non-dispersive at the fre-

quencies typically used in an inspection and had low attenuation in steel. This meant

the inspection wave could propagate long distances without changing shape. However,

the transduction of this mode was difficult since the L(0,1) mode was often excited at

the same time. Instead modern commercial systems use the fundamental torsional mode

T(0,1), which is non-dispersive and exists at all frequencies. In the range of frequencies
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Figure 1.1.: A commercial guided wave inspection sensor produced by Guided Ultrasonics
Ltd. Image courtesy of Guided Ultrasonics Ltd.

typically used in guided wave inspection there are also no other torsional waves and so

few unwanted modes are excited alongside the main inspection wave. This is sometimes

described as ‘clean’ transduction.

In a typical inspection the sensor excites a toneburst consisting of several cycles of the

T(0,1) mode, with waves excited in both directions. The sensor then waits for echoes

from pipe features (i.e. the sensor operates in pulse-echo mode), with echoes generated

by both benign pipe features such as welds, flanges, supports and tees as well as pipe

anomalies. These pipe features will reflect a distorted, amplitude scaled version of the

original T(0,1) toneburst. For those features which are asymmetric about the pipe axis

there may also be mode conversion of the T(0,1) mode to other modes, with the extent

of this mode conversion proportional to the circumferential extent of the feature [11].

To detect defects in a pipe the operator is typically interested in identifying reflections

which occur in unexpected places (both in T(0,1) and other modes) and using the extent

of mode conversion and the shape of the reflected wave to infer the shape of the defect.

Note that detection of defects close to existing pipe features is difficult in this context,
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since the reflection from the anomalies will be masked by the reflection from benign

pipe features. To associate different reflections in the signal with specific pipe features

the operator needs to know how the T(0,1) mode interacts with different common pipe

features. There are a number of studies in the literature looking at the reflection from

common pipe defects, such as flat bottom holes, notches, complex defects and clusters of

pits [12–16]. However most of the pipe features studied so far have been discrete features

which act over a small axial extent. Features which extend over a large area have been

studied less due to the limitations of experimental and simulation work in guided waves.

Until recently it has been prohibitively expensive in time and cost to simulate industrial

diameter pipes on the necessary length scales of meters, whilst experiments are difficult

to perform due to the difficulty of sourcing appropriate test specimens and the time and

cost of machining prepared specimens. In this thesis recent work is presented which

significantly extends the modelling capability for guided waves thanks to improvements

in Graphics Processing Units (GPUs). This allows the study of large area pipe defects

such as general corrosion.

Interpretation of reflections is made more difficult by the presence of coherent noise,

a deterministic noise that arises due to the excitation and reception of unwanted guided

waves [10]. This coherent noise also arises due to low level reflections from general

roughness that is not severe enough to be considered a significant defect. Coherent

noise is a complex function of the inspection conditions and cannot be predicted from

theory or removed through averaging. The coherent noise typically sets the sensitivity

of the inspection; for a pipe feature to be detected it must typically produce a reflection

which is larger than the background coherent noise. This coherent noise can be reduced

through improved transducer design and better compensation of dispersion or can be

reduced through a change in how the sensor is used. Instead of having a detachable

sensor which makes only a single measurement, the sensor can be permanently installed

and operated in what is known as a monitoring configuration. In a monitoring system

repeat measurements are made of the same section of pipe over a time interval of days

or weeks. This allows current guided wave signals to be compared to previous historical

measurements, which allows partial compensation for coherent noise and benign feature

reflections and improves defect detectability [17]. This assumes that the coherent noise

and feature reflections are constant over time.
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1.2. Guided wave monitoring

The trend away from non-destructive testing towards monitoring is seen in a number

of applications and sensor technologies. This trend is partly motivated by potential

improvements in defect detection and classification but is also motivated by cost and

access issues. In an inspection configuration the sensor must be installed and removed

every time a measurement is made. Often it is necessary to inspect pipes which are

at elevation or buried and so scaffolding or digging equipment must be employed to

access the pipe each time. This can be very costly, as well as having health and safety

implications for teams working in the dangerous environment of, for example, a refinery.

If the sensor is permanently installed, as in a monitoring configuration, these access costs

need only be incurred once. Once installed a cable can be run from the sensor to a more

convenient location near the ground, making measurement cheaper and safer.

Commercial guided wave monitoring systems exist, such as the guided-wave Perma-

nently Installed Monitoring System (gPIMS) produced by Guided Ultrasonics Ltd. The

design and operation of the sensor is very similar to the inspection system produced by

this company. This system is capable of repeat readings with little variability which

means that, in principle, coherent noise and feature reflections can be subtracted out of

current measurements using the data collected when the pipe was in its undamaged con-

dition. This would allow perfect recovery of any pipe structural changes and hence near

perfect detection of defects and anomalies. However, the reality is more challenging than

this ideal. Between measurements there will be changes in the environment and operating

conditions (EOCs) of the sensor, caused by changes in the ambient environmental con-

ditions surrounding the pipe or changes in the pipe operating conditions. These changes

in EOCs will cause changes in the signals from the sensor, due to differences in the time

of flight of the inspection signals and differences in contact conditions. This means that

any subtraction of previous readings will be imperfect unless the EOCs of collection are

exactly the same or perfect compensation of EOCs can be achieved. This is known in

the monitoring community as the problem of data normalisation [18].

In practice it is unreasonable to change the EOCs surrounding a pipe to match those

of a previous inspection and it is not possible to perfectly compensate for EOCs changes

such as temperature, as demonstrated by Galvagni [19]. There are however a number

of signal processing techniques that can be employed to partly compensate for this data

normalisation problem. Many of these techniques have been demonstrated on example
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guided wave data but there is as yet no rigorous framework for making a quantitative

comparison between competing methods. Work outlined in this thesis proposes a new

framework for making quantitative comparison between competing processing methods

and proposes a novel technique for processing guided wave monitoring data.

1.3. Thesis objectives

This thesis makes two major contributions which improve the performance of guided wave

testing in industry. The first contribution is to significantly extend understanding of the

interaction of guided waves with rough surfaces in pipes. This is the first known study

to look in detail at the scattering of guided waves by rough surfaces in a pipe and helps

explain behaviour seen during practical inspections. The study considers the influence

of inspection parameters such as inspection wave frequency, rough surface characteristics

and pipe diameter. Such an extensive study is only possible if best practice finite element

techniques are used. This thesis makes use of a number of tools such as graphic pro-

cessing unit based solvers and efficient meshing and post-processing tools. Whilst these

techniques are not themselves original to this thesis, this is the first known combined use

of such tools. The simulation method is therefore described in detail in this thesis.

The second contribution is to improve the post-processing of guided wave monitoring

data. This is achieved through the introduction of a novel post-processing technique based

in Independent Component Analysis (ICA) and its demonstration on example guided

wave monitoring data. This includes a demonstration of how the ICA technique deals

with signals from rough surfaces, enabled by the study performed in the first half of the

thesis. The superiority of this new ICA technique is then demonstrated in a quantitative

comparison with existing best practice. The framework used for this comparison is novel

and has potential for use in the monitoring community generally for the benchmarking

of competing signal processing methods. Both the analysis framework and its use to

compare ICA to existing best practice were performed in collaboration with a post-

doctoral researcher at Imperial College, Chang Liu.
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1.4. Thesis structure

The first half of this thesis deals with the simulation of the interaction of guided waves

with rough surfaces. Chapter 2 begins with a brief overview of existing finite element

modelling techniques for guided waves and recent advances in solution procedures based

on graphics processing units (GPUs). These new GPU based solvers enable larger, more

complex models to be solved in a shorter space of time, which causes new challenges in

terms of construction of models and post-processing of simulation data. This chapter

describes some of these challenges and the novel combination of techniques devised by

the author.

Chapter 3 makes use of the new modelling capability outlined in chapter 2 to perform

a study of the interaction of guided waves with rough surfaces in pipes. This chapter

investigates how the scattering of guided waves by these rough surfaces is a function of

several variables of the guided wave inspection, such as the inspection frequency, the

mean depth and correlation length of the rough surface, and the diameter of the pipe.

The results help to explain the apparent attenuation seen during commercial inspection

of generally corroded pipework, an attenuation which has been unexplained up to now.

The second half of the thesis begins with chapter 4 which is a literature review of

techniques for processing guided wave monitoring data. In particular the chapter focuses

on the problem of ’data normalisation’, the process of compensating monitoring data for

changes in environmental and operating conditions. Some existing compensation proce-

dures are considered, as well as the benefits and limitations of these different techniques.

This analysis concludes that there is a need for improved processing techniques, as well

as a rigorous framework in which to assess different approaches.

Chapter 5 proposes a new technique for processing guided wave monitoring data which

is based on combined application of the novel technique of Independent Component Anal-

ysis with the established technique of baseline stretch. This new processing technique is

demonstrated on example guided wave monitoring data, including example monitoring

data from a rough surface.

Chapter 6 describes a validation of the superposition approach, an approach which can

be used to generate large sets of guided wave monitoring data with reduced computation

and experimental effort. A comparison is made between superposition data and the

equivalent data from a full finite element simulation, with favourable results. The limits
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of this validation are also discussed.

Chapter 7 then proposes a new framework for comparing competing guided wave signal

processing algorithms. This new framework relies on the superposition approach to gener-

ate large sets of test data, which in turn allows descriptive statistics. This new framework

is then used to compare the new technique described in chapter 5 to the existing best

practice described in chapter 4.

Finally, Chapter 8 concludes the thesis and makes suggestions for further work.
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Chapter 2:

Efficient large scale modelling of guided

waves

2.1. Guided wave modes

For simple problems involving isotropic, elastic solids it is possible to model the propa-

gation of ultrasonic waves using analytical expressions. These analytic expressions come

from Newton’s second law and Hooke’s Law and can be shown [20] to be given by:

µ∇2u+ (λ+ µ)∇∇.u = ρ

(
∂2u

∂t2

)
(2.1)

where µ and λ are the Lame constants, ρ is the density, u is the displacement and t is

the time. For unbounded media this equation can be simplified to give solutions to the

familiar wave equations:

φ = ace
i(Nckcr−ωt)

H = ase
i(Nsksr−ωt)

(2.2)

where φ and H are the compressional and shear bulk waves respectively, Nc and Ns are

the unit vectors for the direction of propagation, kc and ks are the wavenumbers and ac

and as are the amplitudes.

When boundary conditions are imposed the solutions become more complicated, al-
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though for certain simple geometries analytical solutions are still possible. Gazis for

example derived wave equations for an infinitely long hollow cylinder (i.e. a pipe) [21],

with these wave equations subsequently shown to be accurate by Finch who validated the

equations experimentally [22]. These wave equations can be used to show that for a given

pipe geometry there are an infinite number of guided wave modes which can propagate

in the structure. These waves can be classified as belonging to one of three types:

• Longitudinal L(0,m) modes are axisymmetric with a displacement field ur 6= 0,

uθ = 0 and uz 6= 0.

• Torsional T(0,m) modes are axisymmetric with a displacement field ur = 0, uθ 6= 0

and uz = 0.

• Flexural F(n,m) modes are non-axisymmetric with a displacement field ur 6= 0,

uθ 6= 0 and uz 6= 0.

In this description the labelling system (n,m) of Silk and Bainton has been used [6],

where the circumferential order n is the wavenumber along the circumferential direction

and the counter m reflects the type of harmonic motion through the wall. The frequency

dependent behaviour of different modes is usually presented in the form of dispersion

curves such as those shown in figure 2.1. This particular set of dispersion curves is for

a pipe with a nominal outer diameter of six inches (exact outer diameter is 168 mm)

and a wall thickness of 7 mm. The dispersion curves show the phase and group velocity

of the modes at different frequencies and the cut-off frequencies (those frequencies at

which the mode comes into existence as a propagating mode). For practical guided wave

inspection the dispersion curves are a key tool to understanding the feasibility of an

inspection and the conditions under which it should be performed. Although isotropic

solids are considered in this thesis, recent research now also allows dispersion curves to

be calculated for materials with anisotropic behaviour [23].
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Figure 2.1.: Dispersion curves for a six inch carbon steel pipe with a wall thickness of
7 mm; the fundamental torsional mode T(0,1) is shown in red.
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2.2. Modelling techniques for guided waves

As shown in the proceeding section it is possible to calculate wave behaviour in simple

solids such as plain pipes. However, once boundary conditions are complicated further,

for example to include complex corrosion profiles on the inner surface, analytical equa-

tions typically become too complex to solve (unless approximations are used [24]). The

analysis of more complex problems is usually done using finite element analysis, a nu-

merical method based on discretization of the solution domain into finite volumes or

elements. This is a common technique for engineering analysis and is well described

in several sources [25–27]. The accuracy of finite element simulations for modelling of

ultrasound will be dependent on several variables of the model, such as the type of el-

ement, the characteristic size of the element and the correct specification of boundary

conditions. The influence of these parameters has been studied by several authors, in par-

ticular Drozdz [28]. In general it holds that accurate simulation of ultrasound requires 10

elements per wavelength in the bulk material, increasing to 30 elements per wavelength

close to pipe features. For parameters in the range typical of a commercial inspection this

means elements with length scales of the order of 10 mm. However, most of the pipework

inspected using guided waves operates on the length scale of meters. If such systems are

to be simulated then a very large number of elements would be required, which in turn

requires a large amount of computer memory. Simulations would then take a very long

time to run, which limits the number of scenarios which can be simulated.

Various techniques have therefore been developed to reduce the expense of finite el-

ement simulations. A common approach is to use small elements only where they are

needed, for example close to features, and use larger elements in the bulk material. This

reduces the number of elements required and hence reduces the time required to solve

each time advance of the model. The key challenge with this mesh refinement is that ele-

ments with different sizes have different stiffness properties, which creates an impedance

mismatch at the boundary between element sizes. This impedance mismatch will in-

troduce a spurious wave reflection which can confuse results and give rise to incorrect

conclusions about the feasibility of an inspection. For example, an abrupt change in

element size, where the elements have a characteristic length ratio of 1:2, will produce

a reflection of around 2 % [28]. This impedance mismatch is difficult to alleviate and is

best tackled through optimum choice of element types and thoughtful placement of the

transition zone. It is not greatly improved by graduating the element size [28].
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Another common simplification to reduce the number of elements is to set up absorbing

regions. One classic cause of large models was the need to compensate unwanted bound-

ary reflections from the edges of the model. The brute force solution was to increase the

size of the model such that boundary reflections are time separated from the reflections

which are being studied. However, the size of models can be greatly reduced if instead

absorbing regions are set up at the boundaries of the model. These absorbing regions

attenuate any waves passing into their volume, thereby approximating an infinite volume

of uniform material with a finite region. This allows the response of a small region to

ultrasound to be modelled without interference from other features. Several techniques

have been developed over a number of years, with options for both time domain and fre-

quency domain models [29–32]. Time domain absorbing regions based on damping were

first mentioned in 1980 by Israeli and Orszag [30] and recently reviewed [31, 33]. In these

absorbing regions the stiffness and mass proportional damping are gradually increased

through the thickness of absorber. This damping attenuates incident waves but causes an

impedance mismatch which generates spurious reflections. This impedance mismatch can

be reduced by graduating the damping through the absorber thickness, but this increases

the spatial extent of the absorbing region. This spatial extent can be minimised through

optimized selection of damping and absorber thickness, with analytical expressions avail-

able to guide this parameter choice [28]. An alternative is to simultaneously reduce the

stiffness in the absorbing region [34], which attenuates incident waves to the same extent

but in a smaller spatial extent. This approach of Pettit et.al. [34] is the approach used

in this thesis.

Finite element models can also be reduced in size by substituting regions of the model

for analytical expressions which describe the propagation of waves. This substitution is

particularly attractive in plain regions of uniform material where the propagation of ul-

trasound can be well described. An example of this approach is the boundary integration

method used, for example, by Shi et al. [35] in the modelling of ultrasound propagation.

In this approach small regions surrounding the defect, the source and the monitoring

points are modelled using finite element analysis. The solution then proceeds in three

stages: source generating signals, defect scattering signals and monitor receiving signals.

The complex wave interaction at the source, defect and monitor regions is modelled using

finite element modelling. The waves at the boundary of the source box are calculated

and then analytical expressions are used to calculate the resultant waves at the edges of

the defect box. Finite element analysis is then used to model the waves at the face of

the defect (for example a crack) and then boundary integration is used to calculate the
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resultant waves at the monitoring point. The results of this technique agree well with

full finite element simulations and are calculated much faster [35]. However the technique

is best suited to small features which are modelled in otherwise large, plain sections of

material.

The most significant recent advance in modelling capability for guided waves is in

the development of Graphics Processing Unit (GPU) based solvers. Traditionally finite

element codes have been solved on the Central Processing Unit (CPU) of a computer.

However, the major time constraint in the solution of such models is the expense of loading

the data; subsequent operations on the data are relatively inexpensive. This makes the

problem suitable for solution on the GPU, where parallel computing and efficient use of

bandwidth which under favourable conditions can lead to solution times which are two

orders of magnitude faster than the associated CPU solution. Solvers are now available

which make use of the GPU for the solution of linear elastic, finite element problems,

such as the program POGO [36]. The speed improvement of this program enables much

larger finite element models to be solved with reasonable run-times, but at the cost of

challenges in terms of meshing and post-processing of data.

2.3. Model meshing and discontinuity smoothing

Although GPU based solvers enable much larger models, this benefit can only be realised

if these larger models can be properly discretized with good quality meshes. This requires

mesh optimization tools and effective methods of measuring mesh quality, since on the

scale of millions of elements visual inspection of the mesh is not always possible. To aid

the description of these optimization and measuring tools an example model geometry

will be discussed in this section. This model is the same basic geometry as is used in

chapter 3 and consists of a six inch, schedule 40 pipe which is 4 m long. This pipe has an

outer diameter of 168 mm and a wall thickness of 7 mm with absorbing region at either

end, as shown in figure 2.2.

The volume of this model is around 12.7x106 mm2, which to discretize with elements of

2 mm gives around 6 million degrees of freedom (this gives an indication of the size of the

models involved). The first stage in setting up this model is to discretize the volume into

tetrahedral elements. Tetrahedral elements were chosen for this model because they are

compatible with POGO software and are reasonably well behaved even when distorted
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Figure 2.2.: Geometry of a typical large scale guided wave model, solved on the GPU

as shown in [28]. The algorithm used to perform this discretization was Tetgen [37],

a standard meshing algorithm for 3D, with meshing performed in Gmsh [38], an open

source meshing tool for finite element analysis. To measure the quality of this initial

mesh a mesh distortion measure was used which is based on the relative area of different

faces of each tetrahedral element. This quality measure γk is available in the literature

[38] and is given by the equation:

γk =
6
√

6Vk(
4∑
i

a(fi)

)
max
i=1,...,6

(lei)

(2.3)

where Vk is the volume of element k, a(fi) is the area of the ith face of k and lei the

dimensional length of the ith face of k. A γk value of 1 indicates a perfectly distributed

tetrahedral element with all angles equal, whilst a value of 0 indicates a fully distorted

sliver element. A well formed mesh will have the majority of elements with a high quality

measure, with few elements with a γk less than 0.5. The distribution of gamma values

for the original mesh is shown in figure 2.4.

The next stage in model formation was to distort the inner surface of the pipe to follow a

prescribed surface profile. This surface profile is a rough surface with a Gaussian thickness

distribution, such as the example surface shown in figure 2.3a. The inner surface of the

pipe is made to follow this profile initially simply through adjustment of the node radial

position, as shown in figure 2.3b. This adjustment introduces a mesh distortion which

decreases the accuracy of the modelling procedure and must therefore be compensated

for. The simplest correction procedure is to radially smooth elements, which means that

when nodes on the pipe inner surface are radially shifted, nodes in the wall thickness are

also radially shifted in proportion to their radial position within the pipe wall, as shown

in figure 2.3c. This improves mesh quality but leaves the mesh more distorted than the

original mesh; the distribution of mesh quality values for the radially smoothed mesh

is shown in green in figure 2.4. This distortion was then further reduced using Netgen
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Figure 2.3.: Part a) an example rough surface with mean depth 1.25 mm and correlation
length 20 mm, b) an example of node displacement on the inner pipe surface
and c) displacement coupled with simple radial smoothing

35



0.0 0.2 0.4 0.6 0.8 1.0
Gamma [element quality measure]

100

101

102

103

104

105

N
u
m

b
e
r 

o
f 

e
le

m
e
n
ts

Original
Distorted
Netgen comp.

Figure 2.4.: Distribution of γk in mesh elements at different stages of mesh processing:
the original mesh, after mesh distortion and after compensation

[39], an optimization algorithm for tetrahedral elements. This algorithm works by both

adjusting node position within the mesh and swapping links between nodes to give the

least distorted element shape. The position adjustment to apply to a node is calculated

from the centre of gravity of surrounding nodes, as outlined in [40], and the optimization

results in elements which are significantly less distorted than after radial smoothing, as

shown in figure 2.4. This figure shows that after compensation using Netgen the mesh

quality is similar to the original mesh in the plain pipe.

2.4. Convergence study on element size

Having developed a method for generating the mesh the next stage was to decide on an

appropriate element size. It was decided to mesh the entire model with the same size

elements to prevent spurious reflections at the boundaries between element densities, since

the effects being measured were already relatively small. The element size was chosen

through a convergence study which looked at how waves reflected and transmitted from

a corrosion patch are a function of the element size in the model. The two parameters
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used to determine convergence were the maximum signal amplitude and the energy in

the signal. Together these two parameters give a good indication of whether or not the

model has converged for element size. The maximum amplitude in a signal is a convenient

and common measure for convergence, but fails to capture information about the overall

shape of signals. The signal energy is used as a more reliable measure of signal amplitude

and is ultimately the property of the signal we are interested in.

To perform the convergence study a model was built of a 6 inch, schedule 40 pipe, 2.5 m

long with an absorbing region at either end. A rough surface was then generated which

was 1 m long and extended for the full inner circumference of the pipe. This rough surface

had a mean depth of 2 mm and a correlation length of 7 mm, which is the greatest depth

and shortest correlation length considered in the study described in chapter 3. The plain

pipe was then meshed with 7 mm elements and the inner surface in the middle of the

pipe was perturbed by the rough surface profile. It was decided to begin the convergence

study at this extreme large element size as it was obvious no larger element size would

be suitable. The scattering of a torsional wave by this rough surface was then measured,

both in reflection and transmission, with the first four circumferential orders considered.

An example time history for transmitted first order waves is shown in figure 2.5 for

different element sizes. This was repeated for models of different characteristic element

size, ranging from 7 mm to 1 mm in 1 mm steps. The signals were then assessed against

the two criteria of maximum signal amplitude and signal energy. For signal amplitude,

the model was said to have converged when the difference in maximum amplitude between

successive element sizes was 5% or less, for all circumferential orders in both reflection

and transmission. This condition was reached at an element size of 3 mm as shown in

figure 2.6.

The energy in each signal was calculated simply as the sum of the squares of the

discretised time history. This can be written as:

E =

t1∑
t2

u2 (2.4)

where E is the signal energy and u is the discretized time history of the signal which exists

between t1 and t2. Figure 2.7 shows the energy in signals from different circumferential

orders and models with different element sizes. Note that for each circumferential order

the maximum amplitude has been set to unity. This was done to keep all results in the
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Figure 2.7.: Convergence study for element size, looking at signal energy of a) transmit-
ted and b) reflected components. Results have been normalised so that the
maximum energy for each circumferential order is unity. The inspection sig-
nal was a six cycle T(0,1) Hanning window toneburst with 28 kHz centre
frequency at unit amplitude.

same range and make plotting easier and clearer. As with the maximum amplitude the

model was said to have converged when the difference between successive element sizes

was less than 5%. According to this criterion the models converge at an element size of

2 mm. Therefore the element size used for all further modelling work was 2 mm.

2.5. Separating guided wave modes and calculating

energies

Having defined the model geometry and applied an appropriate discretization, the next

stage was to correctly excite and measure guided waves. The most commonly used mode

in commercial inspections is T(0,1), the fundamental torsional mode. To excite this mode

in our model a ring of nodes was selected, in the case of the rough surfaces study 1.0 m

from the rough surface patch, and a uniform tangential force was applied to each node.

This force is applied with the time history of a six cycle Hanning window toneburst at

a centre frequency of 28 kHz, a typical excitation toneburst used in commercial systems.

This force generates a T(0,1) Hanning window toneburst, with no other modes signifi-
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This information distributed in space–time is then converted to a frequency–
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In this representation different modes are shown as separate peaks and can
therefore be isolated.

cantly excited. This selective excitation is possible because no other axisymmetric modes

exist with circumferential motion below the T(0,2) cut-off. This model is then solved

using an explicit time stepping procedure in POGO. To measure the waves reflected and

transmitted from the region of interest in our pipe, in this example the rough surface, a

series of monitoring nodes are set up. These monitoring nodes are selected in rings on

either side of the region of interest (as shown in figure 2.2), with each ring extending fully

around the circumference. There are fifty rings in total, equally spaced along the axis,

and at each monitoring node the displacement is measured in each of the three orthogonal

directions as a function of time.

The displacements measured at these monitoring nodes will be a complex summation

of the contribution from a number of interfering guided wave modes. However, this in-

formation is difficult to interpret since it is the total displacement due to a number of

overlapping and interfering guided wave modes. A better representation of the data is
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one in which the contribution from different modes has been separated, since the rel-

ative magnitudes of different modes often reveals useful information about the system.

In a simple system the modes can be separated using a time of flight analysis, where

differences in group velocity between guided wave modes means different modes can be

time separated. However, it was not possible to use that method in this study as the

different modes are being generated at unknown locations within the corrosion patch and

the model is short. These displacements can however be separated using a phased sum-

mation around the circumference and a 2D-FFT [41], a technique that makes use of the

fact that different modes have different wavenumbers. The monitoring nodes are selected

in rings around the full circumference, with fifty of these rings equally spaced along the

axis. For each ring, an artificially imposed phase lag followed by a summation around

the circumference can be used to separate modes with different circumferential orders, for

example separating F(2,3) from F(1,2) but not separating F(1,2) from F(1,3). This is a

common technique for separating guided wave modes in simple pipe systems (see for ex-

ample Ref. [42]). The displacement history associated with each circumferential order is

then calculated at fifty axial locations along the length of the monitoring region. For each

circumferential order, the fifty time histories are converted from the time-space domain

into the frequency–space domain using the Fourier transform. The Fourier transform

is then used again to convert to the frequency–wavenumber domain where differences

in wavenumber between individual modes means that each mode appears as a separate

peak. A schematic of this processing and example peaks in the frequency-wavenumber

domain are shown in figure 2.8. Note that an equivalent result is obtained when applying

a 3D-FFT to the node data, but the phased summation approach could be used here

because of the relatively small number of modes which can exist at the frequencies used

in this study. These peaks can then be separated whilst in the frequency–wavenumber

domain and the inverse Fourier transform applied twice to recover the time histories for

each mode. Note that the width of the peaks in the frequency–wavenumber domain is

given by the time step used in the model and the overall axial length covered by the

sampling nodes. Since the monitoring region necessarily has a finite extent, the peaks

will have a non-zero width and some overlap will occur which introduces small errors in

the attribution of displacements to different modes. This is discussed in more detail in

chapter 3 when considering figure 3.7.

It was then useful to be able to calculate the energy in the different modes to have a com-

mon quantity over which to compare modes. The distribution of energy was calculated

by normalising the frequency–displacement curves for each mode by power normalised
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mode shapes taken from DISPERSE [43]. These normalised spectra are then squared

(since energy is related to displacement squared) and divided by the energy spectrum of

the input toneburst. This gave the energy in each mode as a fraction of the input energy,

both for modes reflected and transmitted from the corrosion patch. Analysis was only

performed at those frequencies where the energy input is 10% or greater than the energy

input at the centre frequency.

2.6. Energy balance validation

To validate simulations performed with this new modelling procedure an energy balance

can be performed. This energy balance is based on the displacement of the waves gener-

ated and measured within the model; knowing the amplitude of the T(0,1) wave excited

at the end of the model it is possible to calculate the energy put into the system. Since

the simulations have been done with no material damping, this energy should be the

same as the energy measured in all the waves scattered and transmitted from the patch.

A ratio is defined, termed here the energy balance, which gives the ratio of the input and

output energies:

energy balance =
energy input

transmitted energy + reflected energy
(2.5)

An energy balance of unity indicates that the input energy and the measured reflected

and transmitted energy is the same. A value greater than unity indicates more energy in

the transmitted and reflected components, while a value less than unity indicates some

energy has been lost in the model. The energy balance is performed in chapter 3 as a

validation of the accuracy of the model. An example showing the energy balance under

a range of conditions is given in figure 3.13.

2.7. Conclusion

In this chapter the classification of guided waves into torsional, flexural and longitudinal

modes has been discussed and a common labelling system for guided wave modes has been

introduced. It was recognised that often problems involving these guided wave modes

must be solved using numerical techniques and several aspects of finite element modelling
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techniques for guided waves were introduced. This culminated in the introduction of

Graphics Processing Unit based solution procedures, which cause challenges in terms

of meshing and distortion compensation due to the number of elements involved. The

extent of mesh distortion can be quantified using a simple quality measure applied to each

element. This quality measure was then used to show that modelling of rough surfaces

causes a distortion of the mesh and that the mesh smoothing algorithms used in this

study were appropriate. It was found that for modelling rough surfaces an element size

of 2 mm is appropriate, based on a convergence study. It was then shown how to separate

different guided wave modes and calculate the energy in different modes. This energy

calculation can then be used to perform a simple validation of the model based on an

energy balance.
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Chapter 3:

The scattering of guided waves by rough

surfaces in pipes

3.1. Introduction

When developing signal processing techniques for guided wave monitoring data it is im-

portant to test new techniques on example signals. These example signals should repre-

sent a wide range of different inspection scenarios. Considerable research effort has gone

into understanding the interaction of guided waves with different types of pipe features

such as supports, notches, holes and complex defect profiles [13–16]. Example signals for

these inspection scenarios are relatively simple to generate through numerical simulation;

these pipe features all have a relatively small geometrical extent and so were within the

modelling capabilities of previous solution procedures. However, signals resulting from

the interaction of guided waves with general corrosion were much more difficult to simu-

late. Therefore, the new modelling technique developed in the previous chapter was used

to model the interaction of guided waves with rough surfaces. This allows rough surface

signals to be included in validations of different signal processing techniques.

General corrosion is also important because evidence from the field suggests that this

type of defect causes significant scattering of incident waves, leading to increases in the

background noise in the reflected signal and increased attenuation of the inspection wave.

These two effects are clearly shown in figure 3.1, an example guided wave signal from a

laboratory test on a clean section of 3 inch pipe with a 30 year old generally corroded
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section welded to one end. An increase in the background noise is an issue because it

may mask the reflection from more severe localised defects within the generally corroded

area, thereby reducing sensitivity. Attenuation is an issue because it reduces the energy

reaching features beyond the corrosion and hence reduces the effective inspection range

(note for example how in figure 3.1 the reflection from the weld beyond the corroded

section is greatly reduced). Another interesting phenomenon from industrial signals is

that the attenuation of the T(0,1) inspection wave is greater than would be expected

from the energy in the scattered T(0,1) background noise. The weld reflection after

the corrosion is approximately a factor of two smaller than would be expected from an

extrapolation of the attenuation before the corrosion, with a maximum reflection within

the corrosion patch around 10% of the initial weld reflection. Given that energy is related

to the square of amplitude, there is clearly energy being lost between the two welds which

is not presenting as reflected T(0,1) energy from the corrosion patch. This effect has never

been satisfactory explained.
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Figure 3.1.: Reflected T(0,1) mode at 28 kHz centre frequency for a 3 inch schedule 40
pipe containing a section of general corrosion. Between the first and second
welds there is a clean section of pipe, while between the second and third
welds there is a generally corroded section of pipe from industry. Image
courtesy of Guided Ultrasonics Ltd.

The ubiquity of this wave–rough surface interaction problem has led to studies in a

number of fields, including radar [44], astrophysics [45] and ultrasonics. In ultrasonics,

solution procedures are usually split into analytical solutions with several simplifications

[46, 47] or full solutions based on numerical methods [48–50]. Studies have looked at a
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range of different surface types [51] but are largely confined to bulk ultrasonic waves. The

problem of guided wave interaction with rough surfaces has received much less attention.

Important work in this area was performed by Chimenti and Lobkis [24], who looked at

guided wave interaction with rough surfaces in plates. Their analytical approach is based

on a phase screen approximation first introduced by Eckart [52] and ignores amplitude

effects of the scattering and considers all influence to be felt in the signal phase. Their

work achieved generally good agreement between model and experiment but was, due to

the approximations used, a partial treatment.

Recent advances in computing power mean that full 3D simulations of guided wave

propagation in long lengths of pipe are now feasible [36]. This chapter makes use of

these recent advances to carry out a full 3D parametric study of the effect of rough-

ness on guided wave propagation. The approach used in this chapter does not rely on

the simplifications of the earlier analytical treatments and allows new physical insights

into the mode conversion caused by rough surfaces. The effect of several parameters is

investigated, including the correlation length of the surface, the surface roughness, the

inspection wave frequency and the pipe diameter. This requires multiple large finite el-

ement models to be constructed; a typical model used in this study contains ∼6 million

degrees of freedom. Section 3.2 introduces the finite element model and the morphology

of the rough surfaces, starting with an analysis of a corrosion patch from industry. Section

3.4 shows how the energy in a T(0,1) guided wave scatters when it interacts with a rough

surface. This scattering is given as a function of the frequency of the inspection wave, the

correlation length of the surface, the mean depth of the surface and the diameter of the

pipe. Section 3.5 then describes validation of the simulations and conclusions are drawn

in section 3.6. The material in this chapter formed the basis of a journal submission to

the Journal of the Acoustic Society of America, currently under review.

3.2. Method

3.2.1. Finite element model

Most of the work in this study was on a 6 inch schedule 40 pipe (a common size in

the oil and gas industry), 168 mm outer diameter with a wall thickness of 7 mm and

a length of 4.0 m. This model was discretized into linear tetrahedral elements with a
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Figure 3.2.: Geometry of the finite element model used in the study. Model separated into
five regions: two absorbing regions, two monitoring regions and the rough
surface

characteristic length of 2 mm using an implementation of the Netgen algorithm [39] in

the Gmsh software. This element characteristic length was chosen from a convergence

study which showed that 2 mm elements were sufficient for the frequencies and corrosion

geometries used in this study (see chapter 2). Initially, all elements within the mesh

were given the properties of a non-attenuative mild steel, Youngs Modulus of 207 GPa,

Poissons ratio of 0.27 and density of 7900 kg/m3. These elements were then grouped

into five sections along the length as shown in figure 3.2, with two sections of absorbing

region, two monitoring regions and a region of general corrosion. The absorbing regions

were 0.3 m long and were set up following Pettit et. al. [34]; the stiffness and damping

properties of the model were varied to attenuate any waves passing into these regions, in

this way providing a convenient approximation for an infinitely long section of pipe.

3.2.2. Generating synthetic rough surfaces

The corroded region was modelled as a change in geometry of the inner surface so that

it followed a given rough surface profile. Although the inner surface was chosen for

convenience, the torsional wave used in this study has a similar stress profile through

the thickness and hence results will be very similar for corrosion on the outside surface.

This rough surface was based on the parameters of corrosion surfaces seen in industry,

with an example industrial corrosion patch shown in figure 3.3. This surface comes from

a length of steel pipe with general corrosion around the full circumference of the pipe

and along a 1 m axial length, caused by intermittent wetting of the surface. A thickness

loss map for the corrosion patch is shown in figure 3.3a, where the profile has been

measured using a bulk wave ultrasonic thickness probe on a 1 mm grid. To obtain the

distribution of this surface the corrosion depths were ordered into the histogram shown

in figure 3.3c. Different distributions were fitted to the data and it was found that a

normal distribution with a mean of 1.5 mm and a standard deviation of 0.75 mm gave
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the best fit. The probability density function for such a distribution is shown in figure

3.3c for comparison. The use of a Gaussian distribution to model general corrosion is

supported in the literature, where several industrial corrosion patches have been found to

follow this type of distribution [53] (although it is noted that experimentally it is possible

to misinterpret exponential distributions as Gaussian [54]). The correlation length of

the corrosion surface was then calculated, defined as the offset distance at which the

autocorrelation drops to 1
e

of the autocorrelation at zero offset. The autocorrelation

for the industrial corrosion surface is shown in figure 3.3b, where the correlation length

around the circumference is approximately 10 mm while the correlation length along the

pipe axis is approximately 30 mm. From this analysis it was concluded that the rough

surface should be modelled as a Gaussian random surface, with a mean depth of the order

1.5 mm and correlation lengths of the order 30 mm.

Simulated rough surfaces were then generated using a process which is described

schematically in figure 3.4. The rough surface begins as a grid in two dimensions, with

a length and width slightly larger than the axial length and circumference of the desired

rough surface and a step size equal to the element size. Each node in the grid is then

assigned a number drawn from a standard normal distribution. A separate multivariate

normal distribution is then generated which has a probability density function given by:

P (x1, x2) =
1

2πσ1σ2
√

1− ρ2
exp

[
− z

2(1− ρ2)

]
(3.1)

where

z ≡ (x1 − µ1)
2

σ12
− 2ρ(x1 − µ1)(x2 − µ2)

σ1σ2
+

(x2 − µ2)
2

σ22
(3.2)

and

ρ ≡ cor(x1, x2) =
V12
σ1σ2

(3.3)

In the above equations P (x1, x2) is the probability density function, σ1 and σ2 are the

standard deviations in x1 and x2, ρ is the correlation between x1 and x2, V12 is the

covariance and µ1 and µ2 are the means in x1 and x2. The bivariate normal used in

this study had parameters: µ1 = µ2 = 0, ρ = 0 and σ1 = σ2 = CL/2 where CL is

48



0.0 0.5 1.0
Distance along axis (m)

0

180

360

A
n
g
le

 a
ro

u
n
d
 t

h
e

ci
rc

u
m

fe
re

n
ce

 (
o

) a)

0.0 1.5 3.0
Depth of corrosion (mm)

0.0

0.5

1.0

P
ro

b
a
b
ili

ty
 d

e
n
si

ty
 f

u
n
ct

io
n

c) Normal fit

0 25 50
Distance (mm)

0.0

0.5

1.0

N
o
rm

a
lis

e
d
 a

u
to

co
rr

e
la

ti
o
n

1/e

b) Circumference

Pipe axis

0

1

2

3

co
rr

o
si

o
n
 d

e
p
th

 (
m

m
)

Figure 3.3.: Corrosion surface from industry showing a) the surface morphology, b) the
autocorrelation length of the surface in the circumferential and radial direc-
tions and c) the distribution of depths. Surface shown has a mean depth of
1.5 mm and correlation lengths of around 10 mm around the circumference
and 30 mm along the axis.

the desired correlation length of the generated rough surface. The correlation length is

a variable which describes the dominant length scales in the rough surface and in this

study the correlation length of the surface is the same around the circumference and along

the pipe axis. It is however recognised that many rough surfaces in industry will have

difference correlation lengths in either direction. A useful extension of the work in this
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Figure 3.4.: A schematic representation of the processing steps for generating rough sur-
faces: a) an initial Gaussian random number grid is generated, drawn from
a standard normwal distribution, b) a bivariate normal distribution is then
generated and c) convolved with the random number grid. The resulting
surface d) is then corrected for mean depth and standard deviation. Corro-
sion surface shown has a mean depth of 1.25 mm and a correlation length of
20 mm. Only a small patch of corrosion is shown to allow greater detail.

chapter would be a sensitivity analysis of how differences in correlation length affect the

scattering of guided waves and this is recommended in the future work section of chapter

8.

The random number grid and bivariate normal distribution are then convolved to give a

surface with a desired correlation length. This surface is then given an offset equal to the

desired mean depth of the corrosion surface and a standard deviation equal to one third

of the mean. This generates rough surfaces such as those shown in figure 3.5a, an example

surface with a mean depth of 1.25 mm and correlation length of 20 mm. As shown in 3.5c

the surface has a Gaussian distribution, although the left tail is distorted due to the fact

that all depths less than zero have been set to zero. This was done because corrosion
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has been modelled here as a thickness loss only. The autocorrelation of the surface is

shown in figure 3.5b, with a correlation length of 20 mm around the circumference and

along the axis. This surface could then be applied to the pipe model by adjusting mesh

node position, with the mesh smoothing algorithm in Gmsh [38] used to minimise mesh

distortion.

Models were built with rough surfaces of different depths and correlation lengths, with

the study looking at three mean depths: 0.75 mm (11% wall thickness loss), 1.25 mm

(18% wall thickness loss) and 2.00 mm (28% wall thickness loss) and fifteen different

correlation lengths, from 7 mm in 7 mm steps to 105 mm. These correlation lengths were

chosen based on their relationship to the wavelengths of the inspection wave; since the

T(0,1) mode is non-dispersive it has a frequency-invariant velocity of 3200 m/s and the

centre frequency of the wave used in this model is 28 kHz, giving significant energy in

wavelengths ranging from 100 mm to 140 mm. The fifteen correlation lengths therefore

correspond to correlation length over wavelength in the range 0.05 to 1.05, depending on

the frequency. This then gave a total of 45 model conditions to solve; three corrosion

depths, each under fifteen different correlation lengths. However, since the rough surfaces

are based on an initial random number grid it is necessary to run multiple models at

each condition to determine mean behaviour and so at each condition ten models were

generated and then their average behaviour calculated, giving a total of 450 cases to solve.

Simulations were also performed for a smaller 3 inch pipe and a larger 12 inch pipe, in

both cases with the same wall thickness as for a 6 inch schedule 40 pipe. These models

were solved at only one correlation length and depth and their purpose was to investigate

diameter affects.

The final stage in setting up the model was to select nodes to excite and measure

guided waves. A ring of nodes 0.31 m from one end was selected and a force pattern

applied which generated a T(0,1) mode wave with a 6 cycle Hanning window toneburst,

centre frequency 28 kHz. Fifty rings of nodes were then selected in each monitoring region

for measuring the response of the system to the excitation. These nodes, spaced 0.02 m

apart axially, extended around the full circumference and were set up to measure the

radial, circumferential and axial displacement of the nodes throughout the propagation

of the model. Nodes closest to the excitation point measured the inspection wave and the

reflection from the corrosion patch while nodes beyond the corrosion patch measured the

transmission. These models were then solved using POGO [36], a finite element solver

based on the GPU which is two orders of magnitude faster than similar commercial

solvers. This speed improvement enables the current work, making it possible to solve
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Figure 3.5.: Simulated rough surface showing a) the surface morphology, b) the autocor-
relation length of the surface in the circumferential and radial directions and
c) the distribution of depths. Surface shown has a mean depth of 1.25 mm
and a correlation length of 20 mm.

52



models with six million degrees of freedom in around 10 minutes. An example time

history from a monitoring node 0.2 m from the source is shown in figure 3.6.
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Figure 3.6.: Raw circumferential displacement history for a monitoring node 0.2 m from
the source. The initial large wave is the passing inspection signal while
smaller subsequent signals are due to backscatter from the rough region.

3.3. Separating modes and calculating energies

The modes transmitted and reflected from the rough surfaces were then separated using

the phased summation and 2D-FFT procedure outlined in chapter 2. The separated time

histories from an example model are shown in figure 3.7. Note that the small reflected

T(0,1) wave at 0.1 ms is spurious and arises because at this point in time there is a very

large amplitude (100 %) transmitted T(0,1) wave. Due to the way in which the total

displacement is attributed to different modes travelling in different directions, there can

be small numerical errors. This is due to wave spreading in the frequency–wavenumber

domain and the difficulty in distinguishing between the transmitted wave (with positive

wavenumber) and reflected waves (with negative wavenumber). The error in this case is

small and this is the only mode for which this spreading is a significant problem. A fuller

description of this numerical error is given in chapter 2. It should also be noted that the

time trace in part f) is correct; in this example no reflected F(2,2) waves are generated.

The energies in the different modes were then calculated as per the procedure in chapter

2.
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Figure 3.7.: Example transmitted and reflected components from a surface with a corre-
lation length of 28 mm and mean depth of 0.75 mm showing a) transmit-
ted T(0,1), b) reflected T(0,1), c) transmitted F(1,2), d) reflected F(1,2), e)
transmitted F(2,2), f) reflected F(2,2), g) transmitted F(3,2) and h) reflected
F(3,2). Modes extracted using a phased summation around the circumfer-
ence followed by a 2D-FFT. The inspection signal was a 6 cycle Hanning
window toneburst, centre frequency 28 kHz

3.4. Results and discussion

3.4.1. Effect of inspection wave frequency

We first look at the interaction of guided waves with rough surfaces as a function of

the frequency of the inspection wave. Figure 3.8 shows the distribution of energies for a

rough surface with a correlation length of 28 mm and mean depth of 1.25 mm, where the

average across ten random surfaces is plotted. This figure shows two behaviours which

are observed across a range of correlation lengths and mean depths: significant decreases

in transmitted T(0,1) energy at frequencies of 24 kHz, 30 kHz and 32 kHz and a gradual

decrease in transmitted T(0,1) energy with increasing frequency. At the frequencies where

there is a significant dip in transmitted T(0,1) there is a corresponding increase in energy

in the F(3,2), F(2,3) and F(4,2) modes. Analysis of the dispersion curves shows that
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these increases occur at the cut-off frequencies of the higher order modes. A large mode

conversion to a mode at its cut-off frequency has been reported in the literature for other

types of guided wave interaction and is usually attributed to wall-thickness resonance

effects [55]. The study of ref. [55] was at higher frequencies than are considered here so

at the cut-off frequencies of higher order modes the resonance condition is through the

thickness of the waveguide. In the low frequency propagation along a pipe considered

here, the cut-offs correspond to standing waves around the circumference of the pipe;

however the physics is analogous. This resonance condition encourages mode conversion

and successive cycles pump more energy into this cut-off mode, giving the peaks in the

scattered modes close to their cut off frequencies as seen in figure 3.8. The other main

feature of this graph is that the energy transmitted in the T(0,1) mode decreases as the

frequency increases. This is because more modes can exist at higher frequencies and so it

is more likely that energy will find a suitable mode to scatter into at higher frequencies.

3.4.2. Effect of corrosion correlation length

The energy in different modes as a function of correlation length is given in figure 3.9.

Note that in this figure the energy has been calculated at a frequency of 34 kHz with this

frequency chosen to be well away from the cut-off frequencies of any modes. The be-

haviour is shown at one particular frequency rather than on a normalised frequency scale

because different modes can exist at different frequencies and so the energy scattering will

be different in each case. Results at other frequencies are very similar, with the difference

that the energy is scattered into different modes. Also note that the correlation length

has been converted to a non-dimensional parameter through division by the wavelength

of the T(0,1) mode at the respective frequency. The results have been plotted here as the

average over ten random surfaces for each correlation length, with the mean indicated as

a solid symbol and the error bars showing one standard deviation.

The main feature of these graphs is that the minimum transmission of T(0,1) occurs

when the correlation length over wavelength is in the region 0.2-0.25. At this correlation

length to wavelength ratio the greatest energy is being scattered to other modes. This

is consistent with scattering from many other pipe features which have their maximum

interaction with guided waves at length scales of around one quarter wavelength, for

example axi-symmetric notches [14]. In the case of notches this maximum scattering is

due to constructive interference effects and it is thought a similar mechanism is responsible
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Figure 3.8.: Example energy distribution in transmission and reflection for a rough surface
as a function of frequency. Showing a) transmitted T(0,1), b) reflected T(0,1),
c) transmitted first order modes, d) reflected first order modes, e) transmitted
higher order modes and f) reflected higher order modes. Values shown are
for a 1 m length of surface with root mean square depth of 1.25 mm and a
correlation length of 28 mm

for the behaviour in rough surfaces. Away from frequencies close to cut-off the scattered

energy is transferred mainly to the higher order (F(*,2)) modes in transmission. This

preference for higher order flexural modes is due to the similarity in displacement profile
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between the fundamental torsional mode and these flexural modes, as shown in figure

3.10. Since these modes have the greatest circumferential displacement for a given power

flow they will couple most easily to the torsional mode. It is interesting that the F(*,3)

modes have relatively high circumferential motion close to cut-off which together with

the resonance phenomenon discussed above gives peaks in the conversion to these modes.

The proportions in which the energy scatters to these higher order flexural modes is also

a function of frequency since these modes cannot exist below a threshold frequency, a

threshold which is different for each mode. It is also interesting to note that most of the

scattered energy is transmitted through the corrosion patch rather than being reflected

towards the source.

3.4.3. Effect of corrosion depth

The energy in the transmitted T(0,1) mode as a function of correlation length and mean

corrosion depth is shown in figure 3.11. Average results have been plotted here, with the

typical standard deviation 10% of the mean. This shows that the amount of scattering

from the corrosion surface increases as the depth of corrosion increases. This is in agree-

ment with previous studies, which in general find that the interaction of guided waves

with pipe features is roughly proportional to the cross sectional loss represented by that

feature.

3.4.4. Effect of pipe diameter

A comparison of the transmitted T(0,1) energy for 12 inch, 6 inch and 3 inch diameter

pipes is shown in figure 3.12, where all pipes have been modelled with a wall thickness of

7 mm and all rough surfaces have a correlation length of 50 mm and a mean depth of 18 %

of the wall thickness. The results have been plotted as a function of frequency-diameter to

highlight the influence of pipe diameter on the transmitted T(0,1) energy. It is clear that

the attenuation of T(0,1) waves is a strong function of pipe size. Significant, localised

reductions in transmitted T(0,1) which are due to cut–off frequencies of higher order

modes occur at different frequencies since these cut–off frequencies will be a function of

pipe diameter. Away from these frequencies the transmission reduces with pipe diameter.

This diameter dependence is due to the existence of more higher order flexural modes

at a given frequency for the energy to scatter into. In commercial pipework, the wall
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Figure 3.9.: Example energy distribution in transmission and reflection for a corrosion
surface as a function of correlation length. Showing a) transmitted T(0,1),
b) reflected T(0,1), c) transmitted first order modes, d) reflected first or-
der modes, e) transmitted higher order modes and f) reflected higher order
modes. Values calculated at 34 kHz. Values are plotted as the average across
ten surfaces showing the mean as a solid symbol and errorbars as one stan-
dard deviation.

thickness for a given pipe schedule increases with pipe diameter but not in proportion to

it. The analysis was therefore repeated for schedule 40 pipes of the three diameters and

the results were very similar to those of figure 11 (maximum difference 5%), showing that
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the effect of frequency-thickness product is much smaller than that of frequency-diameter.
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Figure 3.12.: Variation in transmitted T(0,1) energy with pipe diameter, showing results
for a 3 inch, 6 inch and 12 inch pipes all at a wall thickness of 7 mm. All cor-
rosion surfaces have a mean depth of 18 % of wall thickness and a correlation
length of 50 mm.

3.5. Validation

3.5.1. Validation through energy balance

As described in chapter 2 an energy balance can be used as a simple validation of the

simulation results. Figure 3.13 shows the energy balance sampled across a range of

correlation lengths and a range of frequencies. Overall the energy balance is very good,

with a maximum discrepancy of 3 % from the ideal. The energy balance is worst at lower

correlation lengths, the conditions under which the greatest scattering occurs.

3.5.2. Validation through experiment

A 3.5 m length of 3 inch diameter, schedule 40 pipe was machined on the outer surface with

a rough profile which had an overall length of 0.75 m, a correlation length of 50 mm and a
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Figure 3.13.: Energy balance of the models across a range of correlation lengths and
frequencies. A value of unity indicates perfect energy recovery.

mean depth of 2.0 mm (36 % wall thickness), generated using the same procedure as for the

simulations. This patch started 1.1 m from the end of the pipe end and extended for over

half of the circumference, with half circumference machining chosen in preference to full

circumference so that the pipe did not have to be moved during the machining operation

which was done on a numerically controlled flat bed milling machine. This patch also

had a linear ramp at its edges to provide a smooth transition to the surrounding plain

pipe. A thickness map for the patch is shown in figure 3.14 which shows the distribution

of peaks and troughs. A commercial transducer ring from Guided Ultrasonics Ltd was

then clamped to the pipe at one end. The ring comprises 32 dry coupled transducers

that apply a circumferential traction to the pipe wall, which when excited simultaneously

generate a pure T(0,1) mode and when linked in reception receive this mode preferentially.

Measurements were made with this sensor at five different centre frequencies: 23 kHz,

28 kHz, 34 kHz, 41 kHz and 50 kHz. This inspection set-up, shown in figure 3.15, was then

modelled using finite element simulations based on the same procedure as used for the rest

of the results presented in this chapter. For accurate comparison with experiments the

finite element results were corrected for the slight attenuation which occurs as the waves

pass under the ring itself. This was done by applying an attenuation to the time histories

from the model; the correct attenuation was calculated by performing a guided wave test

on an undamaged length of 3 inch schedule 40 pipe and measuring the attenuation of the
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inspection wave with successive passes under the sensor.
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Figure 3.14.: Corrosion patch machined into a 3 inch pipe. Patch has a correlation length
of 50 mm and a mean depth of 2 mm.
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Figure 3.15.: Validation experiment equipment set-up

Example time histories at a centre frequency of 28 kHz are shown in figure 3.16 for both

the experiment and the simulations. These time histories show a series of large reflections

which are due to successive end reverberations from the pipe. The amplitude of these

reverberations is reducing due to mode conversion within the corrosion patch, while the

signals between end reverberations are due to scattering of T(0,1) waves from the patch.

Note that in figure 3.16 the measured time history has been set to zero for the first 5 m,

which explains the discrepancy between predicted and measured time histories in this

region. This zeroing was done because the guided wave sensors do not give accurate

measurements immediately after transmission due to ring-down of the transducers.

By comparing the amplitudes of successive reverberations for both the experiment and

simulations it is possible to compare the mode conversion in both. The amplitudes of

the end reflections for both the simulations and experiments are shown in figure 3.17 at a

range of centre frequencies. This figure shows that there is excellent agreement between

experiments and simulations at all frequencies. It is worth noting that the attenuations

seen in the experiment and corresponding simulations are larger than the attenuations

predicted in the earlier simulations. The reason for this is that multiple patches with

similar statistics were modelled and one with a large attenuation was chosen for the

experiment in order to make the measurements easier. The patch also has a mean depth
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Figure 3.16.: Comparison of the a) measured and b) predicted time history of the T(0,1)
mode in the setup of figure 3.15. Large peaks in the signal come from
reflections from the pipe end. The first 5 m of the measured signal has been
set to zero since the sensors are unreliable immediately after excitation due
to ring-down.

greater than was used in the earlier simulations and since the sensor is configured in pulse–

echo mode, the transit distance of the wave through the corrosion patch is 1.5 m compared

with the 1.0 m used in the 6 inch pipe simulations. It is also possible that machining the

random surface over part of the pipe circumference rather than the whole circumference

increases asymmetry and so promotes mode conversion. Further investigation of this

possibility is beyond the scope of this chapter.
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Figure 3.17.: Comparison of reverberation amplitudes (shown in figure 3.16) of the T(0,1)
wave between simulations and experiments at centre frequencies of a)
23 kHz, b) 28 kHz, c) 34 kHz, d) 41 kHz and e) 50 kHz

3.6. Conclusions

This chapter has used finite element simulations to investigate the mode conversion of

torsional guided waves passing through rough surfaces in pipes. These rough surfaces,

modelled as a Gaussian, random wall thickness loss were designed to investigate the

reason for the greatly increased attenuation seen in the inspection of generally corroded

pipe. It was found that these rough surfaces cause mode conversion from the torsional

wave to non-axisymmetric higher order flexural modes, which explains the significant

attenuation seen during commercial inspections.

This mode conversion was found to be a function of several variables: the frequency of

the inspection wave, the characteristics of the rough surface and the diameter of the pipe.

In general it was found that the mode conversion increases as the inspection frequency

increases, since at higher frequencies more modes can exist and hence there are more

modes for the energy to scatter into. However, this trend breaks down close to the cut-off

frequencies of the higher order flexural modes where the mode conversion is particularly

strong; at their cut-off frequency flexural modes form standing waves around the pipe

64



circumference and this resonance condition encourages mode conversion. The mean depth

and correlation length of the surface also has an influence on mode conversion, with

attenuation greatest for surfaces where the correlation length over wavelength is in the

region 0.2-0.25; the attenuation approaches zero at low and high values of correlation

length relative to the wavelength. The deeper the corrosion the more severe the mode

conversion, since deeper corrosion will lead to a reduced remaining wall thickness and

hence a greater impedance mismatch with the plain pipe. It was also found that mode

conversion is a strong function of pipe diameter; for pipes with the same wall thickness and

rough surface statistics the attenuation increases significantly with frequency-diameter

product. This is because larger diameter pipes can support more modes at a given

frequency, so there are more possible modes for the energy to scatter into. Away from

cut-off frequencies the mode conversion is mostly to the F(*,2) modes since these modes

have the greatest circumferential displacement for unit power flow; the T(0,1) mode

therefore couples most easily into these modes.

The finite element simulations on which these results are based have been validated

using an energy balance and experimental validation. The energy balance was performed

across the inputs and outputs from the finite element model and gave a worst–case dis-

crepancy of 3 %. Experimental validation of the finite element modelling was performed

on a 3 inch diameter pipe which had a corrosion surface machined in the middle of the

pipe over half the circumference. Comparisons of attenuation in the time histories from

the experiment and a simulation of this inspection set-up show very good agreement

across a range of frequencies.

This mode conversion can cause severe attenuation of the inspection signal; for example

a mean wall thickness loss of 28 % can cause 1.35 dB per m attenuation of the torsional

wave, corresponding to 2.7 dB loss per metre in a pulse-echo configuration. This is for

a frequency range typical of commercial deployment. This does not include the effect of

any adhered corrosion product which could further increase attenuation, an effect which

has not been modelled in the simulations. To minimise this attenuation the inspection

should be performed at the lowest possible frequency while avoiding cut-off frequencies

and the region where the correlation length is around a quarter wavelength.

The ability to simulate rough surfaces also means that we now have a method for

evaluating how different processing techniques for monitoring data deal with rough surface

signals.
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Chapter 4:

Compensating monitoring data for en-

vironmental effects

4.1. Introduction

As noted in chapter 1 it is becoming more common for guided wave sensors to be operated

in a monitoring configuration rather than an inspection configuration. This trend is

partly motivated by potential improvements in defect detection and classification due

to the higher volumes of repeatable data. However, extracting useful information from

this repeat data is difficult. Variation in the data will be due to both structural changes

and environmental changes and these two factors must be separated. Various signal

processing techniques have been developed to perform this separation, with no clear

superior method having been identified. In section 4.2 some of the issues relating to

changing environmental and operational conditions are introduced. Section 4.3 then goes

on to describe one class of techniques devised to overcome these issues, whilst section 4.4

then goes on to discuss another class. Conclusions are given in section 4.5.

4.2. Environmental effects

A monitoring procedure is based on the assumption that the growth of damage over

time will cause changes in the output from monitoring sensors. This is typically true,

66



but is complicated by the fact that benign changes in the environment will also cause

changes in the sensor output. Therefore, a way must be found of identifying those changes

which occur due to damage and those changes occurring due to changing environmental

conditions. This is known in Structural Health Monitoring (SHM) as the problem of

data normalisation [18]. Looking specifically at the monitoring of pipelines using guided

waves, it is possible to identify three contributing factors to environmental noise following

Sohn [56]: temperature, changes in boundary conditions and changes in loading.

Of these three, temperature effects make the greatest contribution to environmental

noise [57]. Temperature may adversely affect the performance of the sensor and will cer-

tainly change the material properties of the pipe which govern guided wave propagation.

These changes in material properties are unavoidable and at present the issue of sensor

stability can be significant, although it is suggested that in time sensor effects could be

negated through better design [57]. Changes in material properties will cause changes

in geometry as well as changes in the propagation of ultrasonic waves [57]. Of these,

changes in the velocity of the ultrasonic waves will be the most significant effect with

changes occurring in both the phase velocity and group velocity. Most compensation

schemes try to address this group velocity effect, a non-trivial task given that the correc-

tion to apply will be a function of the frequency content of inspection and the degree of

interference between feature reflections [58]. The importance of temperature in guided

wave monitoring is reinforced by the large number of papers on the subject, see [59–61].

A perhaps less well studied environmental effect is the effect of changing boundary

conditions on the structure. Some of these changes are direct, such as a change in the

contents of the pipe. Such a change, either in the fluid being transported or the fluid

level will cause changes in the dispersion and attenuation of a guided wave signal [62].

Indirect effects arise as a secondary effect of another change. Temperature changes for

example can cause thermal expansion which tightens clamped supports or brings other

supports into contact. Supports can also be brought into contact through changes in

loading. Research has shown that these supports can then act as high pass filters to the

guided wave signal [16], affecting the ability of inspectors to correctly assess reflections

from beyond a support. The final effect, mass loading, has not been studied in great

detail for guided waves.
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4.3. Compensation procedures based on signal

manipulation

There have been many proposals in the literature of ways by which to compensate for these

environmental effects. A useful framework for considering these different proposals is to

follow the structure of Sohn [56] and separate these solutions into: regression analysis,

novelty detection, neural networks (particularly auto-associative) and component analysis

methods. The first two techniques on this list compensate for environmental effects by

collecting data about environmental variations when the system was first installed. They

then use an understanding of these early variations to compensate future readings. The

second pair of techniques projects the original sensor data onto a new set of axes. If this

projection is done correctly some of these new representations of the data will be sensitive

to damage and insensitive to environmental variations. This allows the two sources of

change, environmental effects and structural change, to be separated.

Regression analysis is the most straightforward technique for mitigating environmen-

tal effects. The technique starts with the collection of data from the structure in its

undamaged state. Several measurements are then made under different environmental

conditions which are representative of those conditions expected in service. This data will

be termed baselines henceforth for convenience. Some kind of regression analysis is then

used to relate different sensor outputs to certain environmental conditions. When the

system comes on-line, an inspection is made with the environmental conditions measured

at the same time. Using the baseline data some expected sensor output is determined and

is then compared to the actual sensor output and if there is significant discrepancy it is

deemed that some structural change has occurred. This technique was used for example

in the monitoring of the Z24 bridge in Switzerland [63].

A variant of this technique is the optimal baseline subtraction (OBS) technique. This

technique has been used in a number of studies looking at removal of environmental

variations in guided wave signals [60, 64, 65]. A series of baseline guided wave signals

are collected under different environmental conditions. When an on-line measurement

is made, the baseline signals are examined to find the baseline that gives the smallest

residual after subtraction of the on-line measurement. This then effectively finds the

baseline which matches the on-line measurement best in terms of conditions of collection.

Note that explicit measurement of environmental conditions is not required at any stage
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as it is inferred from the minimisation of the residual. If a significant discrepancy is then

found between the on-line measurement and the selected baseline then it is determined

that a structural change has occurred. Note that some authors use other measures of

discrepancy, such as the scale-invariant correlation coefficient [66].

Optimal baseline subtraction has been applied successfully in a number of studies but

requires a large number of baselines to be effective. Fewer baselines are required if a tech-

nique known as baseline signal stretch (BSS) is used. In this technique baseline signals

are manipulated to reverse some of the effects which result from temperature changes.

This manipulation typically involves some combination of stretching, amplitude scaling

and time delay applied to the signal to bring it closer to a reference on-line measurement.

These manipulations can be performed in isolation, for example the approach of [67] in

which only amplitude scaling is applied to compensate for water loading based attenua-

tion. Likewise stretch can be applied in isolation, such as used in [65]. Manipulating the

signal in only one aspect has the advantage that simple metrics can be used to determine

the optimum stretch/delay/scale factor to apply; a common approach is to minimise

the residual between the stretched signal and the on-line measurement. Improved com-

pensation can be achieved if all three manipulations are performed in tandem, but this

approach requires some form of simultaneous optimisation. The temperature change be-

ing compensated is not generally known beforehand and so it is not possible to calculate

the required delay/ scale/ stretch analytically. There are various forms of optimisation

procedure which can be employed such as: genetic algorithms, simulated annealing or

patterns search [68–70]. The choice of optimisation procedure is guided by the need to

achieve a globally optimal solution and authors such as Galvagni have proposed guide-

lines as to the conditions under which each technique is most appropriate [19]. Simulated

annealing is used in chapter 5 in this thesis because it is capable of dealing with local

minima (which is a problem in optimisation procedures for baseline stretch[65]). It is also

easy to implement in software packages such as Matlab. In this approach two signals are

selected; a baseline and a reading, where the reading is the signal which will be manipu-

lated to match the baseline signal. Initially both signals are transformed from the time

domain to the frequency domain using a Fourier transform. This is because the stretch

procedure amounts to a re-sampling of the time trace at a different sampling frequency,

which is most conveniently achieved in the frequency domain [65]. A delay, scale and

stretch are then iteratively applied to the reading and the residual between the frequency

spectra of the baseline and reading is calculated. The delay, scale and stretch are iterated

together until the residual is minimised (the minimum is found using the optimisation
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procedure), at which point both signals are reverted to the time domain.

A slightly different stretch procedure is used in chapter 7 to be consistent with the

method of a collaborator. In this procedure the stretch, scale and delay are applied inde-

pendently, which makes the compensation faster to perform compared with simultaneous

optimisation procedures. However, independently optimal stretch, scale and delay fac-

tors do not necessarily lead to a globally optimal combination of these manipulations.

However, no direct comparison of the two techniques has been published and hence it

is not possible to quantify the discrepancy in performance, if any. The stretch factor in

this procedure is calculated very efficiently using a variant of the Mellin transform as de-

scribed in [71]. This uses the correlation between signals to calculate the optimal stretch

factor, which is more efficient than calculating the residual after taking the difference

between two signals.

For all the techniques used in this thesis the signal manipulation is applied globally,

which means that the same stretch, amplitude scale and delay is applied to the whole

signal. This is appropriate for the type of signals considered in this thesis where the

temperature variation is constant throughout the pipe. However, it is also possible to

apply different signal manipulations to different sections of the signal to compensate for

localised environmental variations. This approach is outlined in [19] and could easily be

implemented as an addition to the work outlined in this thesis, where appropriate.

Although originally developed separately it is also possible to combine optimal baseline

selection and baseline stretch to make the most efficient use of the available data. These

combined techniques can be used to create a simple monitoring system which allows

detection of cross sectional changes of less than one percent [64]. These approaches do

however have a major drawback in that they are dependent on the efficient collection of

baseline data. To be truly effective this baseline data set should be collected under the full

range of environmental conditions, but with no structural changes occurring. In practice

these requirements are difficult to meet, especially on already operational systems.

A technique closely related to regression analysis is novelty detection. Novelty detec-

tion also relies on a set of baseline data but makes different use of it. Rather than simply

implying a regression relationship between the variables, novelty detection uses the base-

lines to build a model of the system. The technique used to form this model will vary

depending on the implementation but can include simple distribution fitting [72] or a

more sophisticated method such as neural networks [73] or support vector machines [74].
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When the monitoring system comes on-line, each new reading is compared to the model.

If a reading deviates from the model by a certain threshold amount (as determined using

some measure such as the Mahalanobis distance [75]) it contains some novelty. If the

baselines have been collected correctly this novelty will be due to damage. Indeed, it has

been shown in some experiments that changes in a structure can be detected using this

approach. In one case simulated damage to an aircraft panel was detected [76] whilst

in another damage in an aero-engine was detected using vibration responses [73]. As

with regression analysis, the main problem with this approach is that it only works if the

baseline data completely captures all of the environmental variations whilst at the same

time not including any structural changes. This is very difficult to achieve in a practical

system.

4.4. Compensation procedures based on data

deconstruction

Recognising that the collection of baseline signals is problematic, other techniques have

been developed which attempt to remove the need to define baselines. One of these

approaches is known as auto-associative neural networks. A neural network consists of

a series of decision points or nodes which are linked together in a large network. The

degree to which various nodes are linked together is determined by a weighting factor

assigned to each link. These links and nodes are then structured in layers, typically input

layer, output layer and multiple hidden layers with each layer of nodes acting as an input

to the next layer. Feeding example input and output data to the network allows the

weighting values of the links to be learned. The nodes and their associated weighted

links then represent some underlying structure which relates the inputs to the outputs.

Examining this structure therefore allows hidden relationships to be uncovered. For more

information, see for example [77, 78].

In an auto-associative neural network the input layer and output layer are the same.

These layers are connected by multiple hidden layers, one of which is constrained to

have fewer nodes than the input layer [79]. In this way, the constrained hidden layer is

forced to switch to a more basic representation of the input data. When used on the

output from a monitoring system, one of the lower dimensional representations may be

a new feature which is sensitive to damage and insensitive to environmental changes. In
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tracking this new feature, damage can be detected without false calls from environmental

changes. The principle of this technique has been demonstrated experimentally and

produced reasonable results [80] but is yet to be trialled in an industrial environment.

The main limitation of this technique is that neural networks require large sets of data

in order to correctly train the weights of the network. Large sets of data are typically not

available in most monitoring situations. This technique also has the limitation that it is

not based on any traceable physical or statistical reasoning and it is therefore difficult to

apply with confidence in new applications.

Another baseline free approach is Principal Component Analysis (PCA), which is effec-

tively the well known singular value decomposition (SVD) with a post-processing stage

[81]. When used in monitoring, this algorithm takes as its input a series of signals from

the monitoring system. The algorithm then takes this data and transforms it to reveal a

new representation of the data which consists of a group of uncorrelated signals. Some of

these new signal representations will change as a result of structural changes but not due

to environmental changes. Tracking these representations allows damage identification

without false calls from environmental changes. The details of this transformation pro-

cess are available in the literature but it is worth noting that this decomposition exists

for all sets of input signals [82].

Principal component analysis and singular value decomposition have been proposed for

a number of monitoring systems [66, 83–86] and in these applications they have proved to

be effective. Compared to neural network equivalents these techniques have the advantage

of being applicable to small sets of data as well as having a firm statistical basis. They

are however based on the assumption that the underlying source signals which the data is

being decomposed into have a Gaussian distribution [87]. This condition may or may not

be met for guided wave monitoring data, depending on the collection conditions. A related

technique is independent component analysis (ICA), a technique which similarly performs

a decomposition of the data into constituent components. The difference however is

that ICA assumes the underlying source signals have a non-Gaussian distribution [88].

It was felt that this may be a more general assumption to apply, although without a

direct comparison it is difficult to know which assumption is better (such a comparison is

performed in chapter 7). This independent component analysis technique was therefore

developed further.

One common issue throughout studies looking at these techniques is the difficulty in
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making a quantitative comparison between competing methods. Without a framework to

make such a comparison it is impossible to converge to best practice for the monitoring

community.

4.5. Conclusion

In this chapter the problem of data normalisation has been introduced. This is the

need to compensate monitoring data for environmental and operational conditions, whilst

retaining useful information regarding the structural changes which are taking place.

It was seen that for guided wave monitoring system the major issue is temperature,

which causes a change in the propagation velocity of the waves and changes in boundary

conditions. Some common compensation techniques have been introduced and reviewed,

with the techniques broadly separated into compensation procedures based on signal

manipulation and compensation procedures based on data deconstruction. Many of these

techniques were demonstrated as useful in given situations, but there has been little

consideration in the literature as to which technique is superior in a given scenario. This

highlights the need for a quantitative framework within which to compare monitoring

techniques. It was also found that although several techniques have proven useful there

is scope for further improvement. A new technique, independent component analysis,

was highlighted as having potential for application to guided wave monitoring data.
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Chapter 5:

Processing guided wave monitoring data

using independent component analy-

sis

5.1. Introduction

Independent component analysis is a statistical technique for decomposing mixed data

into its constituent elements. It has potential for use with guided wave monitoring data,

where the defect signal is to be separated from background feature reflections and coherent

noise during the decomposition. This chapter introduces the independent component

analysis method and gives examples of its application on representative guided wave

industrial signals. The purpose of this chapter is to show whether independent component

analysis can be successfully applied to a range of guided wave monitoring signals. Section

5.2 introduces Independent Component Analysis and the implementation used in this

chapter, as well as the procedure for selecting the damage sensitive feature. Section 5.3

then introduces the guided wave data that will be passed to the ICA algorithm and

section 5.4 shows the results of this analysis. The signals analysed in section 5.4 all relate

to discrete echoes from features with small axial extent so echoes are well separated.

In section 5.5 we consider the more challenging case of general corrosion growth within

which there is a region of more severe growth. Section 5.6 presents the conclusions of

the work and a discussion of the potential of the technique. The work presented in this
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chapter has been published in a journal article [89].

5.2. ICA methodology

Independent Component Analysis (ICA) is a statistical technique for revealing the hid-

den trends and groupings which underlie a set of data. The technique takes a set of

multidimensional data and transforms it into components which are as statistically inde-

pendent as possible [88, 90]. The intention of using ICA on guided wave data is that after

applying the transform one of the independent components will contain data relating to

the defect, whilst most coherent noise will be rejected to other independent components;

so giving a clearer representation of the defect. Numerous implementations of ICA are

available [91, 92] but the FastICA algorithm [88] is used in this study because it achieves

similar performance to other algorithms but at greater speed [93]. A brief overview of

the FastICA method is given here but the interested reader can find full details in [88].

The FastICA method assumes that the input data X can be described by the model:

X = AS (5.1)

where S is a statistically independent representation of the data and A is a matrix of

scalar values which relates S to X. In the case of guided wave analysis X is an [m × n]

matrix of guided wave signals collected from a sensor. Each of the m rows is a guided

wave response signal as a function of time (which can be converted to distance knowing

the wave velocity), with each of the n columns containing the amplitude of that signal

at a certain time. The signals which are the rows of S will be the new representation we

want in which the defect signal and the coherent noise have been separated into different

components. Independent component analysis allows us to find S by performing the

operation S = WX, where W is the inverse of the mixing matrix A. To calculate W

the algorithm uses the property that the signals in S must, by definition, be maximally

statistically independent. The algorithm iterates through possible values of W to find

the matrix which minimises mutual information between the rows of S.

When FastICA is applied to guided wave data the rows of S will be guided wave sig-

nals containing the reflections from different features, whilst the columns of A show the

amplitude of these signals across the input data. The columns of A therefore track the

amplitude progression of the rows of S, the components. In this chapter all columns of
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A are scaled such that the maximum value in each column is one, with the amplitude

of the rows of S adjusted accordingly. This allows the weighting functions to be com-

pared easily across different components. Note that the product of the row of S and the

weighting function A will give the true amplitude of that component of the signal. How

the amplitude is apportioned between A and S is a matter of presentational clarity. It is

then necessary to know which row(s) of S contain information about defect growth. In

this initial investigation, since the defect location is known we merely select the row that

is most similar to the defect reflection response. However, if the method is to be used

in practice with unknown defects it will be necessary to produce an automatic method

to distinguish components relating to true signal growth from those relating to random

noise or environmental effects. This issue is address in chapter 7 where the Mann-Kendal

test is used to reliably identify the defect component.

5.3. Datasets

5.3.1. Laboratory experiment

The first set of data comes from an experiment with a 6 m length of 8 inch schedule 40

piping that was temperature cycled in the laboratory. This data was collected by Guided

Ultrasonics Ltd and subsequently given to Andrea Galvagni for research use. The purpose

of this experiment was to collect commercial quality guided wave signals from a length of

plain pipe experiencing known changes in environmental condition. Since temperature is

the main contributor to signal changes in guided wave inspection, this was the condition

which was varied. With a sufficient pool of data collected in the undamaged condition,

the second stage was to introduce a small point defect and see how this changes the

received signal.

The pipe was heated via a resistive heating element which was suspended in the centre

using sheet metal inserts. In this way the element is prevented from contacting the pipe

wall whilst the sheet metal inserts produce negligible reflection during the guided wave

inspection. A commercial guided wave sensor (gPIMS unit manufactured by Guided

Ultrasonics Ltd) was then installed on the outside of the pipe 2 m from one end as well

as seven thermocouples distributed across the outer surface. This assembly was then

wrapped in an insulating material. A diagram of this set-up is given in figure 5.1.
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2.0m 2.3m 1.7m

PIPE: NPS 8
SCHEDULE 40

HEATING ELEMENT DEFECT

Figure 5.1.: Equipment for the laboratory experiment: NPS8 pipe with internal heating
element and guided wave sensor (gPIMS) permanently attached. Note the
non-contacting heating element through the centre of the pipe. Not to scale.
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Figure 5.2.: Example pulse-echo measurement from the laboratory experiment, showing
reflected T(0,1) mode in the forward direction (forward direction indicated
by arrow in figure 5.1). Sensor located at the origin, with reflections caused
by a) end reflection, b) imperfect direction control, c) ring reflection and d)
first reverberation.

Using the thermocouples, the heating element and an appropriate feedback control loop

the temperature of the pipe was varied. The pipe was heated to 90oC, held to allow the

temperature to equalise throughout the pipe and then cooled to 30oC. During this cooling

cycle 42 measurements were made using the gPIMS sensor in approximately equal steps

of time. The measurements were made using an eight cycle Hanning window toneburst,

centre frequency 31 kHz, T(0,1) mode. This process was repeated for six temperature

cycles to give a total of 252 measurements across a range of temperatures. An example

measurement from the sensor is given in figure 5.2 where only the forward direction is

shown (forward direction indicated by arrow in figure 5.1). Note that we consider even
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those parts of the signal which indicate a distance further than 4 m. These are not caused

by physical features beyond the end of the pipe, but arise due to reverberations between

the pipe ends. These signal components serve as a useful model for a longer pipe with

multiple features, which is how they are used in this study.

After this initial period of temperature cycling the insulation was removed and a flat

bottom hole was drilled 2.3 m from the gPIMS sensor. This hole had a depth of 4 mm

and a diameter of 7 mm, representing a cross sectional change of 0.5% at its maximum

extent. In the experiment the hole was drilled in stages but in this chapter only the

signals collected before drilling and at the end of drilling have been used. The signals

collected whilst the hole was being enlarged are used in chapter 7. The insulation was

then reapplied and the same process used to collect readings from the damaged pipe

between 90oC and 30oC.

5.3.2. Industrial pipe loop experiment

The second set of data comes from a pipe loop installed at an industrial site. This data

was collected by Andrea Galvagni with the assistance of Guided Ultrasonics Ltd. [19].

The purpose of this experiment was to collect commercial quality guided wave signals

from a section of pipe with features such as welds, bends and flanges. The other purpose of

the experiment was to understand how these signals change when defects are introduced

in both plain sections of pipe and at welds, before and after bends.

Experiments were performed on a section of pipework made from NPS8 schedule 40

piping. At one end the pipework begins with a blanked flange, connected to a straight

section of pipe 5.79 m long. A weld then joins this to another section of straight pipe

which is 6.82 m long. A Guided Ultrasonics Ltd gPIMS unit was permanently attached

to this length of pipe, 11.17 m from the flange. This in turn is connected by a weld to a

90o bend, beyond which there is a further section of straight pipe which extends beyond

the region of interest. The pipe is a closed system filled with a liquid whose temperature

can be controlled; in this way the temperature of the pipe could be controlled during the

experiment. This set-up is shown in figure 5.3.

Initially the temperature of the pipe loop was set to 38oC and four measurements were

made under the no damage condition. The measurement was made using an eight cycle

Hanning window toneburst, centre frequency 31 kHz, T(0,1) mode. The temperature
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Figure 5.3.: Equipment for the industrial pipe loop experiment: feature-rich pipe with
welds and bends, filled with temperature controlled fluid and with a guided
wave sensor (gPIMS) permanently attached. Not to scale.

of the loop was then ramped to 90oC and allowed to cool again to 38oC. The purpose

of this ramping was to cause thermal stress in the sensor and study the effect of sensor

changes due to environmental cycling. Three 1 inch diameter flat bottom holes were then

drilled to give defect A, B and C indicated in figure 5.3. Defect A was drilled in a clean

section of pipe and should be the easiest to detect. Defect B was drilled adjacent to a

weld and will be more difficult to detect due to masking by the weld reflection. Defect

C is adjacent to a weld and beyond a bend, making it the most difficult to detect due to

masking and the fact that bends tend to exacerbate environmental effects. Initially the

holes in these three locations were drilled to a depth which gives a 0.25% cross sectional

change. Four measurements were made using the sensor and the loop is again ramped

to 90oC and cooled to 38oC. The holes were enlarged to 0.5% cross sectional change and

another four measurements made. This process was repeated a final time for a hole with

0.75% cross sectional loss. An example output from the sensor is given in figure 5.4, with

positive direction indicated by the arrow in figure 5.3.

5.3.3. Data post-processing

It is possible to apply Independent Component Analysis (ICA) directly to the signals

from the laboratory and pipe-loop experiments. However, it was found that the ICA

performed better if the signals were first partly compensated for environmental changes.

For the results presented in this chapter each signal has been compensated using a stretch

algorithm. This stretch involves dilation or compression of the signal in the time domain,

an amplitude scaling and a delay, the purpose being to bring the signal as close as possible

to a reference signal. This manipulation was performed in the frequency domain and in

this study was achieved using a simulated annealing optimisation to optimise across the
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Figure 5.4.: Example pulse-echo measurement from the industrial pipe loop experiment
showing reflected T(0,1) mode in the forward and backward directions (for-
ward indicated by arrow in figure 5.3). Sensor located at the origin (0 m),
with reflections caused by a) flange, b) weld and defect B, c) defect A, d)
weld before bend and e) weld after bend and defect C.

three variables simultaneously. For details on this stretch procedure see chapter 4. For

both the laboratory experiment and industrial pipe loop experiment a suitable reference

signal had to be chosen to stretch to. This reference was arbitrarily chosen as the signal

with a temperature closest to the mean.

5.4. Results of applying ICA

5.4.1. Laboratory experiment with simulated simple step defect

The first test of the algorithm was to see if a simple step change in a pipe undergoing

temperature changes could be detected. This scenario was modelled by taking data from

the undamaged pipe in the laboratory experiment and adding a signal which models

the reflection from a point defect. This first test looked at three scenarios: case A

which uses twenty experiment signals collected in the temperature range 60-63oC, case B

which uses twenty signals collected in the temperature range 60-70oC and case C which

uses ten signals in the temperature range 60-70oC and ten signals in the temperature

range 71-80oC. The specific temperatures for each case are given in table 5.1. Note that
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Table 5.1.: Temperature distribution of signals across three example cases: A, B and C

Temperature oC (+/- 0.5oC)
Signal Number Case A Case B Case C

1 60 70 70
2 60 68 68
3 60 60 60
4 61 68 68
5 61 69 69
6 61 61 61
7 62 64 64
8 62 63 63
9 63 68 68
10 63 64 62
11 60 69 72
12 60 62 74
13 60 63 71
14 61 61 71
15 61 61 79
16 61 69 80
17 62 66 76
18 62 65 71
19 63 61 72
20 63 60 74

these temperatures do not come directly from thermocouple measurements but have been

inferred from the dilation or compression between signals within a known temperature

range. In all three cases the first ten signals were left in the undamaged condition whilst

the second ten signals had another signal added. This signal is a model of the reflection

from a point defect and is simply an amplitude scaled version of the excitation signal used

by the sensor: an eight cycle Hanning window toneburst, centre frequency 31 kHz. This

signal was added at a constant amplitude of 0.75%, thus simulating a simple step change

in the structural condition of the pipe. The amplitude is given here as a percentage of

the amplitude of the largest reflector in the signal (the first end reflection). This signal

was added at a distance of 7.1 m from the transduction, remote from the major feature

reflections. Note that this is not a physically possible damage location in the 6 m pipe,

but instead is a portion of the signal that arises due to reverberation between the pipe

ends.

Some of the outputs from the ICA algorithm for case A are shown in figure 5.5. Parts

a) and b) are the signal (row of matrix s) and weighting function (column of matrix A)
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for the defect signal, showing a defect signal which is clearly separated from coherent

noise and a weighting function which correctly tracks the true amplitude of the defect

[dotted line in part b)]. Parts c) to f) show some of the other output signals from the

algorithm. Parts c) and d) show the signal and weighting for end reverberations and ring

reflections, these parts having constant weighting because these parts of the signal do not

change across the input signals. Parts e) and f) show the signal and weighting for one of

the components of noise introduced by imperfectly compensated environmental effects.

The noise component with the largest amplitude has been shown, but the ICA algorithm

outputs a total of 6 noise signals for this set of inputs. These noise signals all have similar

oscillating weighting functions but their maximum amplitude varies from 2% in the case

shown in figure 5.5 e) to a minimum of 0.9%. Other noise components are shown in

appendix A. Although in some cases the noise components have a larger amplitude than

the defect signal, their weighting function is different to that of the defect. This difference

in weighting function is one way of distinguishing between damage and noise components

as shown in chapter 7.

The ICA output for temperature case B is shown in figure 5.6, parts a) and b), where

only the defect signal has been shown. The other outputs of the algorithm are similar to

those shown in figure 5.5 although there are now 10 noise components due to imperfectly

compensated environmental variations. These noise components have a maximum am-

plitude which varies from 4.0% to 0.2% across the 10 noise outputs. This increase in the

number of components is due to the greater temperature difference amongst the input

signals, which causes an overall increase in the background noise. Although the maximum

number of outputs the algorithm can calculate is equal to the number of inputs, in some

cases where there is little variability in the input data a smaller number of components

will be outputted. These noise components all have non-monotonic weighting functions

that vary in a pattern similar to that shown in figure 5.5 f). Similarly, the defect signal

for temperature case B has more coherent noise than temperature case A. This is again

thought to be because there is greater temperature difference amongst the input signals

and hence the algorithm has greater difficulty separating the defect signal. The ICA

output for temperature case C is shown in figure 5.6 parts c) and d), where only the

defect signal has been shown. As before, the other outputs of the algorithm are similar to

those shown in figure 5.5 although there are now 14 noise components in the ICA output.

These noise components have a maximum amplitude which varies from 6.0% to 0.1%,

with the maximum noise occurring at the end reflections. Again, the weighting functions

for these noise components are non-monotonic, varying in patterns similar to those shown
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in figure 5.5 f). The noise on the defect signal is also higher than temperature case A or

B, again because there is greater temperature difference on the input signals.

5.4.2. Laboratory experiment with simulated growth of a flat

bottom hole

The second test of the algorithm was to look at a more realistic model for defect growth.

Instead of modelling a simple step change, this test modelled the reflection from a flat

bottom hole with increasing cross sectional loss over time, but a constant depth to diam-

eter ratio. This is a model of, for example, growing localised corrosion. This scenario was

modelled by taking twenty signals from the undamaged pipe in the laboratory experiment

and adding a defect signal to the final ten. For the sake of brevity only temperature case

B is presented in this chapter, where all signals have a temperature within the range

60-70oC (see table 5.1 for details). The added defect signals were generated using the

analytical model of Cegla et. al. [94]. Using this model the reflection coefficient vs.

frequency behaviour of ten different flat bottom holes was calculated. Each hole had a

depth to diameter ratio of 1:2 and represented a cross sectional loss of between 0.1% and

1.0% in the 8 inch pipe. These reflection coefficient curves are shown in figure 5.7. To

generate a signal to add to the laboratory data the frequency spectrum of the inspection

signal (eight cycle Hanning window toneburst, 31 kHz centre frequency) was multiplied

by these curves. Transforming this data back into the time domain gave a signal with

the correct amplitude and frequency content for a reflection from each hole. Note that

as the hole size increases the frequency content of reflection changes, so the defect signal

is no longer simply an increasing amplitude of the same signal. It is of interest to see

whether ICA can still identify this hole as a single component at all hole sizes. Although

this model is for flat bottom holes in plates, the ratio of pipe radius to hole radius was

large enough to justify this approximation. This signal was again added at a distance of

7.1 m, away from major feature reflections.

The results from the ICA algorithm are given in figure 5.8 which shows the defect signal

and associated weighting function. The figure shows that the reflection from the defect

can be easily identified and the weighting function correctly tracks the true weighting

function [dotted line in figure 5.7 b)], albeit with some noise. The other outputs from the

algorithm are similar to those shown in figure 5.5, with a total of 10 noise outputs in this

case. The maximum amplitude of these noise components varies from 3.7% to 0.4% and
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their weighting functions vary non-monotonically in a pattern similar to figure 5.5 f).

5.4.3. Laboratory experiment with drilled flat bottom hole

The previous tests with laboratory data have used signals from the undamaged pipe with

added artificial defect signals. This is a reasonable approach given that the interaction

of guided waves with defects in pipes is well understood [94]. However, there may be

some subtlety that arises with a physically introduced defect that is not captured in this

previous approach. For that reason the next test of the ICA algorithm involved data from

both the undamaged and damaged pipe in the laboratory experiments. Thirty signals

were selected, fifteen from a pipe in the undamaged condition and fifteen from a pipe

containing a 7 mm diameter, 4 mm deep flat bottom hole; such a hole represents a cross

sectional loss of 0.75% This hole was drilled 2.3 m from the sensor. These thirty signals

were collected in the temperature range 60-70oC, with the temperatures covering this full

range. These signals were then passed to the ICA algorithm, although note that only the

first 4 m of the signals were processed to keep the analysis physical.

The results of the ICA algorithm are given in figure 5.9 which shows a) the reflection

from the flat bottom hole (at a distance of 2.3 m) and b) the associated weighting function.

The algorithm has extracted the defect signal with a fairly low level of coherent noise given

the size of the defect and has accurately tracked the amplitude growth of the signal. Note

that in this case the algorithm is trying to extract a defect reflection of around 0.75%,

whereas in one off guided wave non-destructive testing the operator would typically look

to detect changes of 5% or greater. The other outputs of the ICA algorithm are similar to

those shown in figure 5.5, with a total of 12 noise components. These noise components

have a maximum amplitude which varies from 1.4% to 0.2% and again the corresponding

weighting functions vary non-monotonically in a pattern similar to figure 5.5 f).

5.4.4. Industrial pipe loop experiment with physical flat

bottom holes

The last analysis on signals with discrete echoes looks at the reflection from holes phys-

ically introduced in the industrial pipe loop experiment. As with the previous test the

defects in this case have been physically drilled in the pipe. The difference compared with
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the previous case is that these holes have been grown in stages and have been drilled not

only in clean sections of pipe but also close to welds and beyond bends. Fourteen signals

were selected, with this group representing four different damage conditions: four signals

in the undamaged condition, four signals with holes representing a 0.25% cross sectional

change, four signals with holes representing a 0.50% cross sectional change and three

signals representing a 0.75% cross sectional change. All of these signals were collected at

a temperature of 38oC but with temperature cycling in between each damage condition

to simulate ageing of the sensor and hence possible changes in sensitivity or frequency

response

The analysis of this data is split into two: the data from the ‘forward’ direction looking

towards the bend and the data in the ‘backwards’ direction which looks towards the

flange (forward direction indicated by arrow in figure 5.9). Looking in the backwards

direction first [figure 5.10 parts a) and b)], the ICA algorithm extracts defects A and

B, which are in a clean section of pipe and close to the weld respectively. Both defects

occur on the same output because the holes were drilled at the same time. All signals

therefore either have neither or both defects present. Although the defects have the

same cross sectional loss, they have different amplitudes in the output from the ICA.

It is thought that the amplitude of defect B is underestimated because of the difficulty

in separating it from the reflection from the neighbouring weld. The weighting function

[part b)] correctly tracks the known weighting function of the defect. The other outputs

from the ICA algorithm are the unchanging weld and flange reflections and 12 noise

components. These noise components have a maximum amplitude between 4% and 0.2%

and weighting functions which vary non-monotonically in patterns similar to figure 5.5

f). In the forwards direction [figure 5.10 parts c) and d)] the algorithm extracts the

reflection from the drilled hole with little coherent noise. The algorithm also correctly

tracks the weighting of the defect, albeit underestimating the amplitude when the defect

is small. The fact that the weighting function is poorer in the forward direction than the

backwards direction is to be expected: a defect at a weld beyond a bend is a challenging

inspection scenario, especially for this size of defect. The other outputs from the ICA

algorithm are the unchanging reflection from the welds before and after the bend and

12 noise components. These noise components have a maximum amplitude between 4%

and 0.2% and weighting functions which vary non-monotonically in a pattern similar to

figure 5.5 f).
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Figure 5.5.: Output from the ICA algorithm for a simulated step defect in the laboratory
experiment (temperature case A), showing: a) the recovered defect signal and
b) the associated weighting (solid line is the weighting calculated by ICA,
whilst the dotted line is the true), c) the major feature reflections and d)
the associated weighting function , e) one component of the noise introduced
from imperfectly compensated environmental effects and f) the associated
weighting function
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Figure 5.6.: Example output of the ICA algorithm for simulated step defects in the lab-
oratory experiment, showing: a) defect signal for temperature case B and b)
the associated weighting function, c) the defect signal for temperature case
C and d) the associated weighting function
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Figure 5.7.: Reflection coefficient vs. frequency behaviour for a flat bottom hole. Values
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Figure 5.8.: Output from the ICA algorithm for a simulated flat bottom hole grown in
stages in the laboratory experiment data, showing: a) defect signal and b)
the associated weighting function. Solid line is recovered weighting func-
tion, whilst dotted line is the true. Signals have the temperature variation
described by case B.
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Figure 5.9.: Result of applying the ICA algorithm for a drilled flat bottom hole in the
laboratory experiments, showing: a) the reflection from the flat bottom hole,
beginning at 2.4 m and b) the associated weighting function (dotted line is
true). All signals at 60-70oC.
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Figure 5.10.: Results of applying ICA to pipe loop data showing: a) defect A and B, b) the
associated weighting function, c) defect C and d) the associated weighting
function. All signals collected at 38oC.

90



5.5. Simulated general corrosion

5.5.1. Method

The analysis so far has focused on discrete echoes from features with small axial extent.

The purpose of this section is to consider the case of interacting echoes from distributed

general corrosion. Specifically we are interested in whether the ICA algorithm is able to

identify the reflection from a region of deep corrosion growing within a patch of shallower

corrosion i.e is the algorithm capable of isolating severe damage from benign damage.

Finite element simulations were used to study this issue given the difficulty of preparing

long sections of pipe with a prescribed surface profile.

The finite element model consisted of a 3.0 m long section of pipe, 168 mm outer diam-

eter and a wall thickness of 7 mm (NPS 6 schedule 40). This model was discretized into

tetrahedral elements with a characteristic length of 2 mm using the Netgen algorithm [39].

The elements were then given the properties of steel except for the first 0.3 m which was

set up as an absorbing region following Pettit et. al. [34]. The inner surface of the pipe

from 0.7 m to 2.7 m was then adjusted to follow a given corrosion profile. The corrosion

profile was generated separately as a grid 2.0 m by 0.484 m (inner circumference of the

pipe) broken into 2 mm elements. Each point in the grid was given a value taken from a

Gaussian distribution with specified mean and given standard deviation. An analysis of

industrial corrosion patches indicates that the Gaussian distribution is a suitable model

for distributed general corrosion [53]. This surface was then multiplied by a 3D-Gaussian

to give the surface a specific correlation length in both directions and all heights greater

than zero are set to zero (no increase in pipe thickness). The nodes of the pipe model

were then adjusted to match this corrosion profile, with smoothing applied in the radial

direction to reduce mesh distortion. For full details of the simulation process for rough

surfaces see chapter 3.

A uniform tangential force was then applied to a ring of nodes on the outside surface

of the pipe, 0.4 m from one end. This changing force generated a T(0,1) mode, eight

cycle Hanning window toneburst, centre frequency 31 kHz. This model was then stepped

in time using POGO, a finite element solver based on the GPU [36]. The T(0,1) mode

reflection from the corrosion patch was then measured at the location where the T(0,1)

mode was generated. This model is shown in figure 5.11.

91



ABSORBING REGION

SHALLOW CORROSION SEVERE CORROSIONSOURCE / MONITOR

0.3m 1.0m 1.0m 0.3m

Figure 5.11.: Geometry of the model used in general corrosion simulations. Not to scale

5.5.2. Dataset

Initially ten random corrosion surfaces were generated having a correlation length of 5 mm

and a root mean square depth of 0.1 mm. These shallow surfaces were used to generate

a low level of background noise to model the low levels of coherent noise observed when

inspecting a nominally clean section of pipe. A further ten surfaces were then generated

to model a patch of general corrosion gradually increasing in depth and severity.

The first surface was a Gaussian random surface with a correlation length of 5 mm and

a root mean square depth of 0.15 mm. However, a small region of this surface was given a

root mean square depth of 0.3 mm. This region extended from 0.95 m to 1.05 m along the

axis of the pipe and around half of the circumference, with Gaussian smoothing applied

at the interface with the rest of the corrosion surface to prevent discontinuities.

To generate the second surface a perturbing surface was then added to this original

surface. The perturbing surface had an increased correlation length and root mean square

depth and again had a small region from 0.95 m to 1.05 m where the corrosion was deeper.

This perturbing surface used a random number grid which was a 50:50 weighting of the

previous random number grid and a new random number grid. This process of taking the

previous surface and perturbing it was continued nine times to give a total of ten random

surfaces with increasing mean depth and correlation length. The correlation length of

the perturbing surface was increased from 5 mm to 50 mm and the mean depth was

increased from 0.1 mm to 0.5 mm across the nine surfaces. This gave the final corrosion

surface shown in figure 5.12, where the shallow general corrosion had a maximum depth

of 1.5 mm whilst the deep corrosion pits had a maximum depth of 3 mm. Note that these

are absolute limits on the depth; outlier regions deeper than this have been set to the

maximum depth. Although convoluted, this process of perturbing previous surfaces was

preferable to generating completely new random surfaces for each increment. This is

because a perturbation more closely resembles the physical corrosion process. In the real

corrosion of pipework, each new corrosion surface must necessarily be an increment of
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the corrosion surface that preceded it.
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Figure 5.12.: Thickness map of the final state of the simulated corrosion patch

The amplitude of T(0,1) reflection from the general corrosion surface in figure 5.12 is

shown as the solid black line in figure 5.13. This reflection amplitude is shown alongside

the cross sectional loss represented by the corrosion. As expected there is broad agreement

between the two variables, although the agreement will not be perfect due to the complex

constructive and destructive interference between overlapping waves. This figure shows

clearly the increased reflection from the more severely corroded section of pipe. Note

that this figure does not show the reflection from the end of the pipe (2.6 m from the

monitoring point) which dominates the received signal.
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Figure 5.13.: Overlay of cross sectional loss and reflection coefficient for the corrosion
patch. Note that the corroded surface starts at a distance of 0.3 m from the
monitoring point.
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5.5.3. Results of applying ICA algorithm

Some example outputs from the ICA algorithm are given in figure 5.14, where the input

to the ICA algorithm is the first 3.0 m of the signals from the model. Parts a) and b) show

the signal and weighting function for the severely corroded section of pipe. This signal

contains a major reflection from the severely corroded region and is the only signal of

this type in the ICA output. This is a very encouraging result, showing that ICA tracks

the severe corrosion, keeping it in single component even though the corrosion is growing

at more than one point and its shape is changing. Parts c) and d) show the signal and

weighting function for the pipe end reflection. This weighting function correctly shows

a decrease in the amplitude of the reflection across the final ten signals as the corrosion

grows. This happens because the increase in corrosion causes a reduction in the T(0,1)

mode reaching the pipe end. Parts e) and f) show the signal and weighting function for one

of the signal components due to the shallow general corrosion. Note that the algorithm

separates the reflection from the shallow corrosion into 14 components, with the largest

amplitude component shown in figure 5.14. The other components have a maximum

amplitude from 2.4% to 0.6% and these components constructively and destructively

interfere to give the total reflection seen in figure 5.13.
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Figure 5.14.: Results of applying ICA to the general corrosion signals, showing: a) the
reflection from the severely corroded region and b) the associated weighting
function, c) the end reflection and d) the associated weighting function
and e) one of the components of the general shallow corrosion and f) the
associated weighting function
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5.6. Conclusions

In this chapter we have discussed the use of Independent Component Analysis for im-

proved defect detection in guided wave monitoring. Through a combination of the tra-

ditional baseline stretch approach and the novel use of ICA we are able to extract a

representation of the defect which has lower coherent noise than the original signal. The

algorithm can also be used to accurately track the amplitude history of the defect and

hence understand its growth pattern. This is in the context of changing environmental

conditions.

This chapter has looked at experimental data from both a plain section of pipe and

an industrial pipe loop containing welds, bends and flanges. Data was collected from

these pipes whilst they were in their undamaged and damaged condition and undergoing

temperature variations. Initially model defect signals were added to the data from the

undamaged plain pipe to simulate step changes and gradual defect growth. The ICA

algorithm was able to separate these defect signals from coherent noise, even in the context

of significant changes in temperature and changing frequency content of the defect signal.

The ICA algorithm was then applied to data from the undamaged and damaged pipes

and again the algorithm was able to separate the defect signal from coherent noise. This

was for physically introduced defects in clean sections of pipe, at welds and at welds

beyond bends. This chapter also used finite element simulations to investigate generally

corroded sections of pipe with a patch of severe corrosion. It was found that the ICA

algorithm correctly separated the reflection due to the severe corrosion and recognised it

as a single evolving defect. This is in the context of the corrosion undergoing a complex

growth pattern where its shape and amplitude is changing.

It therefore appears that ICA is a very promising method for the automated processing

of guided wave data. The next stage is to look at ways of automating identification of the

component containing information about the defect. The ICA algorithm outputs several

components, some of which are noise and some of which contain useful information.

A method must be developed for automatically identifying the components containing

useful information and work is in progress on this issue. One promising approach is to

use the weighting functions of the components; in all the cases reported here the noise

components have strongly non-monotonic weighting functions whilst the defect signals

have near-monotonic weighting functions. Such a technique is presented in chapter 7,

known as the Mann-Kendal test. The ICA technique is also only one of several possible
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techniques for processing guided wave monitoring data. A quantitative comparison of

the different techniques would indicate when each method is most appropriate. Such a

comparison is presented in chapter 7.
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Chapter 6:

A validation of defect superposition

6.1. Introduction

To evaluate signal processing techniques for guided wave data it is common to apply

the techniques to a range of example signals. This was the approach taken in chapter

5, where independent component analysis was applied to a range of example signals.

These example signals can be created by making measurements from an undamaged

system, physically adding damage, and taking further measurements in the damaged

state. These measurements must also be made under a range of environmental and

operational conditions (EOCs) for the signals to be representative of field monitoring

conditions. However, in structural health monitoring the performance of signal processing

techniques may change with different histories of EOC variations and different damage

progression. Therefore, the two effects are coupled and need to be sampled simultaneously

in order for us to accurately assess the performance of these signal processing techniques.

To achieve this, we need to create damage on many structures, which is often not practical

since such tests can be expensive and time consuming to perform, especially for the large

structures typically of interest in guided wave systems. Hence, we need an alternative

way of generating datasets for testing signal processing algorithms.

When long range guided wave inspection was in its infancy it was only possible to do

2D simulations [13], whilst in the last few years full 3D simulations of realistic corro-

sion patches have become feasible (as detailed in chapter 3). These 3D simulations are

now very efficient with the advent of graphics card processing schemes [36]. However,
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reliable prediction of signal changes due to environmental and other variability is much

more difficult because of the complexity of these effects [56, 59, 95]. On the other hand,

obtaining experimental data with environmental variation from an undamaged structure

is easy. Therefore, we propose a method of generating example guided wave data by

superposing artificial defect signals on experimental signals from undamaged pipes un-

dergoing multiple environmental cycles. This hybrid approach enables us to add damage

at different locations with different growth patterns, and to easily investigate the effects

of other practical parameters such as the degree of EOCs, damage severity and location,

frequency of readings, etc. Also, by repetitively randomly selecting from the records that

are collected in specific EOC ranges, we can gather sufficient data to statistically evaluate

the performance of different damage detection schemes in these practical settings. How-

ever, this superposition approach must be validated to ensure that it results in signals

which are representative of the equivalent damaged structure.

This chapter presents such a validation. In section 6.2 the modelling approach behind

this validation is outlined, whilst in section 6.3 the results of this validation are presented.

Section 6.4 then goes on to discuss the limitations of this validation whilst conclusions

are given in section 6.5.

6.2. Modelling approach

6.2.1. Generic scheme

The basic approach of this validation is to create two sets of data which represent the

same inspection scenario, created using different approaches. The inspection scenario

being modelled is a length of pipe containing pipe features, a simple flat bottom hole

defect and a source of coherent noise. The first set of data comes from a full finite

element model of this inspection scenario. The second set of data comes from a finite

element model without a defect, with a synthetic defect signal superposed at the correct

time in the signal. This is the superposition approach. A comparison is then made

between the two sets of data, with equivalence or near equivalence demonstrating that

the superposition approach is valid.

In this chapter the superposition approach is validated for three different monitoring

scenarios. The first scenario is for a plain section of pipe with a simple flat bottom hole
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defect, at constant temperature with background coherent noise. The second scenario is

for a plain section of pipe with a simple flat bottom hole defect, at varying temperatures

and coherent noise. The signals from these models are processed with a temperature

compensation scheme prior to comparison. The third scenario is for a pipe with a weld,

with a flat bottom hole defect growing in the weld, varying temperatures and coherent

noise. Again, the signals from these models are processed with a temperature compen-

sation scheme prior to comparison. Together these three scenarios cover a wide range

of potential monitoring conditions including defects in clean pipe and at pipe features,

undergoing changes in EOC and undergoing representative signal post-processing.

These three scenarios were simulated using a finite element model of a 6 inch schedule

40 pipe; outer diameter 168 mm and wall thickness 7 mm. This cylinder was 2.4 m long

and was discretized into tetrahedral elements with a characteristic length of 2 mm. The

resulting elements were then given the properties of mild steel, with these properties

modelled as temperature dependent according to [96]. In this approach, the properties of

steel at a certain temperature are interpolated from tables of standard data. It was then

necessary to model the coherent noise seen in commercial guided wave inspections. It

was important to include this coherent noise, since superposition would not be required

on a plain pipe giving no reflected signal in the absence of a defect since it would only be

necessary to predict the defect reflection. However, in practical guided wave inspections

there is a coherent noise which overlays the reflection from defects and other pipe features.

Although coherent noise has numerous sources in practice, it can be simulated in these

models by introducing a roughness on the inside surface of the pipe. This roughness

has a Gaussian thickness distribution, a mean depth of 2 mm and a correlation length

of 50 mm. As seen in chapter 3 of the thesis, such rough surfaces cause scattering of

guided waves which in turn generates a low level background noise. This background

noise approximates coherent noise. The maximum amplitude of this background noise is

typically 2.0% of the inspection wave amplitude, a level consistent with coherent noise

levels seen in commercial inspections. The pipe was then set up with absorbing regions

following Pettit [34] and a ring of source and monitoring nodes were set up 0.4 m from

the pipe end.

In those cases where a defect was included it was modelled as a flat bottom hole in

the pipe outer wall, 1.0 m from the guided wave source. The cross section of this hole

varied from 0.2 - 2.0% of the pipe cross section but had a constant diameter to depth

ratio of 2:1. In some cases a weld was also included and in such cases was modelled as

a thickness increase with a ramp-flat-ramp profile, a total length of 10 mm, a rise angle
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Figure 6.1.: The model used in the validation showing: a) the model set-up, b) detail of
the weld structure and c) a typical time trace from the model, with main
signal features identified.

of 45o and a height of 2 mm starting at a distance of 0.995 m from the source of guided

waves. In models with both a weld and a hole this means the hole was removing material

from the weld cap. An example model of a plain pipe with a flat bottom hole is shown in

Fig 6.1a and the weld geometry is shown in Fig 6.1b. These models were then solved using

POGO [36], a GPU based finite element solver and where temperature compensation was

employed the baseline stretch procedure was used (as detailed in chapter 4).

6.2.2. Datasets

For the first inspection scenario a model of a plain pipe was built. A rough surface

profile was then generated based on an initial random seed and this profile applied to the

inside surface of the pipe. A second copy of the model was then generated, into which a

flat bottom hole was introduced. Initially the cross section of this hole was 0.2%, with

a depth to diameter ratio of 1:2 and the hole on the outer surface of the pipe. It is

possible to place the hole on the outer surface since the fundamental torsional wave used

in commercial inspections has a near-constant stress profile through the thickness. This

type of wave is therefore equally sensitive to defects on the inner and outer surface of the

pipe.

Both models are then solved to obtain the time history at the monitoring nodes, with

an example time history shown in figure 6.1c. An artificial defect signal is then added to

the time history for the undamaged pipe, with the artificial defect signal calculated for

a flat bottom hole of 0.2% cross section. We generate the artificial defect signal by first

generating reflection coefficients of flat bottom holes of growing size on a homogeneous

plate using the analytical model developed in [94], modified to compensate for the curva-
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ture of the pipe geometry [14]. We then multiply the reflection coefficients from the hole

by the Hanning-windowed inspection toneburst in the frequency domain; this frequency

domain signal is then inverse Fourier transformed to obtain the reflection signals from the

hole at that particular time. To simulate damage at a location of interest, we compute

the arrival time of the damage reflection knowing the damage location and then super-

pose the damage reflection onto the undamaged signals. The maximum amplitude in the

time window 0.55-0.6 ms is then compared across the two signals, with this time window

corresponding to the time at which the defect reflection appears. This process was then

repeated for ten different random rough surfaces to generate ten data points at this hole

size. The hole was then increased in size in ten steps from a cross sectional loss of 0.2%

to 2.0% in equal steps of cross section. Note that although the cross section increases

linearly with time, the amplitude of the damage reflection increases non-linearly and is

frequency dependent [94].

For the second inspection scenario the modelling procedure was the same except the

models were adjusted for temperature variations. For each pair of models a temperature

was chosen at random from within the range 10 - 40oC. The material properties of the

model were then updated accordingly before the model was solved. When the artificial

defect signal was superposed care was taken to insert the defect signal at the correct

time; since temperature variations change the time of flight of ultrasonic waves the defect

needed to be inserted at such a time as to ensure that the defect was in the same location.

Before the comparison of amplitudes was done, the signals were stretched to 25oC using

the temperature compensation procedure outlined in chapter 4. The third inspection

scenario was the same as the second except the model included a weld, which produced

a reflection amplitude of around 20% which is typical of the weld reflection seen in

commercial inspections.

6.3. Results of comparison

The results for the first scenario are plotted in figure 6.2 where the data has been plot-

ted in two different ways. In figure 6.2a the data has been plotted as the maximum

amplitude of the defect signal and coherent noise superposed. The data points do not

necessarily overlap because the coherent noise has a different amplitude for each rough

surface profile. In figure 6.2b the data has been plotted as the amplitude of the defect

signal with coherent noise subtracted. This means that each superposed signal has the
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Figure 6.2.: Comparison of signals from the full finite element model with signals from
superposition for the first scenario showing: a) results for defect + coherent
noise for different defect amplitudes and corrosion profiles and b) results for
defect only (after subtraction of the coherent noise). Error bars in b) are the
standard deviation across the ten iterations at each defect size.

same amplitude for a given hole size. Plotting the data in this way allows us to see more

clearly the variability caused by different rough surface profiles, but with a fixed defect

size. In general there is very good agreement between the superposition and full mod-

elling approach. Although there is some difference in the final amplitudes, this difference

is small compared with the amplitude of coherent noise in the signals (typically around

2%). Perfect agreement would not be expected as the reflection from a hole of a given

size is not strictly independent of the cross section profile onto which it is placed. At

smaller defect sizes the superposition approach seems to underestimate the amplitude of

the defect reflection, whilst at large defect sizes the superposition approach overestimates

the defect amplitude. The variability of results is also a function of defect size as shown

in figure 6.2b, where larger defects have greater variability.

The results for the second scenario are shown in figure 6.3, with very similar behaviour

as was seen in figure 6.2. This suggests that the validity of the superposition approach

is not affected by baseline stretch signal post-processing. It also shows that the validity

of the superposition approach is not a function of temperature. The results for the third

scenario are shown in figure 6.4. This figure shows that the superposition approach is

equally valid at existing pipe features as it is in clean sections of pipe with only coherent
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Figure 6.3.: Comparison of signals from the full finite element model with signals from
superposition for the second scenario showing: a) results for defect and coher-
ent noise for different defect amplitudes and corrosion profiles and b) results
for defect only (after subtraction of the coherent noise). Error bars in b) are
the standard deviation across the ten iterations at each defect size.

noise. Note that in this figure the larger defect sizes result in smaller signal amplitudes.

This is because the hole is removing material from the weld (which is an increase in the

cross section), with the net effect that the overall cross sectional change is reduced.
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Figure 6.4.: Comparison of signals from the full finite element model with signals from
superposition for the third scenario showing: a) results for defect + coherent
noise for different defect amplitudes and corrosion profiles and b) results for
defect only (after subtraction of the coherent noise). Error bars in b) are the
standard deviation across the ten iterations at each defect size.

6.4. Discussion of limitations

In the analysis of the superposition approach certain assumptions have been made about

the conditions of the inspection. It is worth considering these assumptions and the subse-

quent limits of the analysis of this chapter. In the superposition approach an assumption

is made that the defect is essentially a small perturbation of the signal. This assumption

arises from the fact that superposition only considers reflection from a defect. It does

not consider any effect the signal may have on the inspection signal transmitted through

the defect. For example, a large flat bottom hole will lead to an appreciable attenuation

of the main inspection wave. This will lead to a reduced amplitude of reflection for those

pipe features beyond the defect. This effect will also be seen where the defect is, for

example, a rough surface corrosion patch. As shown in chapter 3 such rough surfaces

lead to a strong attenuation of the transmitted inspection wave, even when the reflection

amplitude is small. This shadowing of features downstream of the defect is not considered

in the present superposition approach.

The analysis in this chapter also assumes relatively featureless pipelines. It does not,
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for example, consider the effect of any reverberations of the defect signal. If there are

several strong reflectors in the pipe, such as welds near the defect, the reflection from the

defect may be bounced between these other reflectors before reaching the sensor. This

can lead to several signals appearing in the time trace for only one defect, an effect that

is not considered in the current analysis. The analysis also assumes that the inspection

signal that reaches the defect is undistorted with respect to the original inspection wave.

This may not be the case, if for example the pipe contains several simple supports before

the defect location. Pipe supports have been shown to act as high pass filters for guided

waves [16] and so can distort inspection waves passing through them.

However, these limitation generally apply to extreme inspection cases for large de-

fects or feature rich pipelines. As shown in this chapter, for reasonable defect sizes the

superposition analysis works well.

6.5. Conclusions

This chapter has formalised the superposition approach and sought to compare results

obtained with superposition to results from full finite element simulations. This compar-

ison has been performed for three representative inspection scenarios including: simple

flat-bottom hole defects in plain pipe and at welds, with and without temperature vari-

ations and with representative subsequent signal processing. This is in the context of

background coherent noise that produces a low level noise throughout the signal. It was

found that superposition worked well and gave very similar results compared with the

full modelling approach. As expected, there was some difference between the two ap-

proaches, which can be explained by the fact that the reflection from a hole is not totally

independent of the cross section into which it is being added. In general it was found that

superposition slightly underestimates the defect amplitude for small defects and overes-

timates defect amplitude for large defects. It was also discussed that the results of this

validation are applicable only to small defects in relatively feature-free pipes. For large

defects which affect the transmission of the inspection wave, or feature rich pipes where

reverberation of the inspection signal is possible, this superposition approach may not

work as well.
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Chapter 7:

A quantitative comparison of guided

wave monitoring algorithms

7.1. Introduction

Having proposed Independent Component Analysis (ICA) for processing monitoring data

the next stage is to evaluate the performance of ICA relative to other techniques. Some

evaluation methods exists for making such a comparison, such as a probability of detection

(POD) analysis [97–99] which requires data from laboratory experiments under varying

EOCs and physically growing defects on realistic structures. However, these laboratory

experiments are difficult and costly to perform, especially on the large systems typically of

interest in guided wave monitoring. Instead in this chapter a new framework is proposed

to assess damage detection performance based on the receiver operating characteristic

(ROC) curve, which is used in statistics to illustrate the performance of a binary classifier

[100], and has been also widely adopted in NDE/SHM [101, 102]. This new framework

makes use of the superposition approach validated in the previous chapter.

The methodology can be applied to any guided wave inspection system but in order to

make the processing involved clearer, it is presented in the context of a controlled trial of a

permanently installed monitoring system. This monitoring system is installed on a length

of 8 inch diameter pipe that is subject to temperature cycling, as described in section 7.2.

In section 7.3 the new ROC generation scheme is presented and then in section 7.4 three

damage detection schemes are reviewed and a new technique is introduced which can be
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Figure 7.1.: (a) Experimental setup on a 6m 8 inch schedule 40 steel pipe instrumented
with a Guided Ultrasonics, Ltd. permanently installed monitoring system
(PIMS). (b) A typical T(0, 1) mode, forward-direction A-scan of the pipe
including reverberations.

used to identify the damage component in component analysis methods. The performance

of the three methods on one synthetic scenario is then compared in section 7.5.1, and

the area under curve (AUC) is introduced to compare the ROC curves across different

test scenarios in sections 7.5.2. In section 7.5.3 the three methods are compared over

the test scenarios listed in table 7.1. The more difficult case where damage is added

near a structural feature is discussed in section 7.5.4. An experimental validation of the

procedure is then outlined in section 7.6.

The research presented in this chapter was performed in collaboration with Dr Chang

Liu, a postdoctoral researcher in the non-destructive testing lab at Imperial College. The

concept of trend analysis for detecting the defect component was originated by the author,

as was the processing procedure for the independent component analysis technique. Other

work in this chapter is the result of analysis by Dr Chang Liu, of which discussion with

the author formed a part. The work presented in this chapter has been prepared for a

journal submission, expected to be submitted shortly.
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7.2. Tests on a Pipe Monitoring System

In this section, an experimental setup is demonstrated which aims to collect commercial

quality guided wave signals from a length of plain pipe experiencing realistic variations in

environmental condition. Fig 7.1(a) shows a schematic drawing of the experimental setup

on a 6 m long, 8 inch schedule 40 carbon steel pipe (wall thickness 8.2 mm). A resistive

heating element was inserted and suspended in the centre of the pipe to uniformly cycle

the temperature of the pipe. A commercial guided wave sensor (gPIMS unit manufactured

by Guided Ultrasonics Ltd.) was installed on the outside of the pipe, 2 m from one end;

this sends and receives the torsional (T(0, 1)) mode in the pipe. The whole setup was

then wrapped in an insulating material. The experimental setup is used to investigate the

effect of temperature variations on commercial quality guided wave monitoring signals.

Temperature is one of the main contributors to signal changes in guided wave monitoring,

In each temperature cycle, the pipe was heated to 90oC, held to allow the temperature

to equalize throughout the pipe and then allowed to naturally cool to 30oC in about ten

hours. Guided wave measurements were taken every 15 minutes, resulting in about 40

measurements per cycle, covering a range of temperatures. The excitation used in this

analysis was an eight cycle Hanning-windowed toneburst with a centre frequency of 23.5

kHz. The data used in this chapter was the same as that used in chapter 5.

Fig 7.1(b) shows the envelope of a typical forward-direction (defined in Fig 7.1(a)) T(0,

1) mode A-scan; distance is measured from the sensor, which is located at 0 m. The signal

is plotted on a dB scale, and is normalized such that the amplitude of the first cut end

reflection, seen at 4 m, is 0dB. Note that even those parts of the signal which indicate

a distance further than 4 m are considered. These are not caused by physical features

beyond the end of the pipe, but arise due to reverberations between the pipe ends and

interactions with the transducer ring. These signal components serve as a useful model

for a longer pipe with multiple features, such as welds, supports, or bends.
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Figure 7.2.: Schematic of the proposed evaluation framework. Synthetic datasets are gen-
erated using undamaged experimental signals and predicted damage signals.
The ROC curve is then generated after damage detection is performed on
the synthetic datasets.

7.3. Evaluation framework for SHM system

7.3.1. Generic scheme

An evaluation framework is proposed which uses experimental data over multiple envi-

ronmental cycles on an undamaged structure and synthetic damage signatures. Fig 7.2

shows the flow diagram of the proposed methodology. Experimental data is first collected

on an undamaged structure whilst environmental and operational conditions (EOCs) are

varied to follow those that are likely to occur in its operation. Such data collection can

be completed in a relatively short time by physically applying EOC variations that may

occur more slowly in industrial operation, and setting the monitoring interval accordingly.

The experimental data then serves as the undamaged monitoring signals that would be

seen in the absence of damage growth.

The EOCs of interest are then specified and randomly selected from experimental

records collected under such conditions. For each test scenario, the randomization process

is repeated multiple times to generate multiple synthetic datasets in order to sample from

the possible histories of EOCs. Artificial damage signals are then superposed on each

of the undamaged datasets to create the synthetic datasets, with the damage following
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a specified growth pattern. These datasets then enable the mean and variability of the

receiver operating characteristic to be determined.

The generated synthetic datasets are first compensated for any temperature variations,

using a stretch-based temperature compensation algorithm [103], then processed to ex-

tract any damage features. Three damage feature extraction methods, namely, baseline

subtraction residual, singular value decomposition (SVD), and independent component

analysis (ICA), are implemented and compared in this study, as detailed in section 7.4.

Synthetic datasets are created at different EOC and damage conditions, and the receiver

operating characteristic (ROC) curves are computed for the different methods under dif-

ferent degrees of EOC variation and at different levels of damage growth.

Section 7.3.2 illustrates the process to predict damage signals and superpose them at

the locations of interest. This superposition approach was validated in chapter 6.

7.3.2. Prediction of artificial damage signal and superposition

onto undamaged signals

Unlike conventional one-off inspection, in SHM a large set of monitoring records is pro-

cessed which where collected over time, and the progressive trend of damage growth is

identified, even if the absolute damage amplitude is small. In our evaluation framework,

synthetic datasets are created to mimic this process. In this chapter, growing corrosion

is represented by the constant growth rate of the cross sectional area loss (CSAL) due to

flat bottom holes of increasing cross-sectional area loss with a constant diameter-to-depth

ratio of two. The CSAL is increased linearly from zero to simulate damage growth, and

the diameters and depths of the flat-bottom holes are calculated accordingly during the

damage progression.

The damage signature is predicted by first generating reflection coefficients of flat

bottom holes of growing size on a homogeneous plate using the analytical model developed

in [94], modified to compensate for the curvature of the pipe geometry [14]. Then at

each time step during the damage progression, the reflection coefficient from the hole

is multiplied by the Hanning-windowed inspection toneburst in the frequency domain;

this frequency domain signal is then inverse Fourier transformed to obtain the reflection

signals from the hole at that particular time. Note that although the CSAL increases

linearly with time, the amplitude of the damage reflection increases non-linearly and is
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Table 7.1.: Test parameters used to generate synthetic data

Test Parameter Value Unit
Temp. Range over which undamaged signals are selected 2, 10, 30, 60 oC

Damage (CSAL) at the end of ramp 0.3, 0.5, 0.7, 1.0, 3.0 %
Number of readings over which damage grows 10, 30, 50, 70, 100 -
Damage location (away from features) 2.3, 7.5, 11.3

m
Damage location (near to a feature) 6.2, 10.1

frequency dependent [94].

To simulate damage at a location of interest, the arrival time of the damage reflection is

computed knowing the damage location and then the damage reflection is superposed onto

the undamaged signals collected in the experimental setup in section 7.2. The undamaged

signals are randomly selected from experimental signals collected over a range of EOCs, to

mimic the monitoring records affected by temperature variations that could occur in the

real world. The arrival time of damage is computed as a proportion of that of a significant

structural feature, e.g. the second end reflection; this ensures that the damage reflection

is inserted at the same spatial location in each record obtained at different temperatures.

The damage reflections are then delayed and superposed on the undamaged experimental

signals to create a synthetic dataset.

Table 7.1 summarizes the test parameters used to generate the synthetic datasets.

Each synthetic dataset is generated with one value for each parameter. For example,

a combination of 10oC temperature variation, 1% damage amplitude, 50 readings, and

10.1 m means a synthetic dataset is generated that consists of 50 signals, where the

undamaged signals are randomly selected from experimental records collected over a

10oC range; the 50 damage signals linearly increasing from 0 to 1% CSAL are predicted

and added to the undamaged experimental signals at 10.1 m, slightly after the second cut

end reflection.

For each combination of test parameters, this synthetic data generation process is

repeated 500 times. The resulting 500 synthetic datasets mimic the same damage pro-

gression but under different temperature histories, which enables us to statistically assess

the damage detection performance in different practical settings. In total, about four

million synthetic records are generated for 136 test scenarios with combinations of the

test parameters shown in Table 7.1.

To ensure the independence of these synthetic datasets, the distance correlation coef-
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ficients are calculated [104] and the two-dimensional mutual information [105] between

each pair of synthetic datasets generated for one test scenario. The distance correla-

tion coefficient is similar to the Pearson correlation coefficient but is zero if and only

if statistical independence is satisfied. The mutual information of two random vari-

ables X and Y measures the information they share, and can be expressed as I(X;Y ) =

H(X, Y )−H(X|Y )−H(Y |X), where H(X|Y ) and H(Y |X) are the conditional entropies,

and H(X,Y) is the joint entropy of X and Y. Both the distance correlation coefficients and

the ratio of mutual information over joint entropy (I(X;Y )/H(X, Y )) are scalars in (0,

1), where zero means they are independent, and unity means one completely determines

the other.

Both measures show weak dependence between datasets when the number of measure-

ments in a dataset is greater than 10. For example, for 500 datasets each containing

50 measurements randomly drawn from a 30oC range, the 95% upper bound of the two

independence measures were, respectively, 0.30 and 0.12. For all datasets having at least

30 measurements, the two independence measures are all below 0.4 and 0.14, respec-

tively. When the number of measurements decreases to ten, the dependence between

different datasets becomes much stronger, and the independence assumption no longer

holds. Therefore, in the later sections, only the results using synthetic datasets with more

than 10 measurements are analysed, which allows us to evaluate not only the mean but

also the variance of the damage detection performance.

7.3.3. Receiver operating characteristic (ROC)

In statistics, ROC curves show the true positive rate (TPR) against the false positive rate

(FPR), at various threshold values. In the field of NDE/SHM, ROC curves are also often

used to illustrate the performance of damage detection, in which the two axes are termed

the probability of detection (POD) and the probability of false alarm (PFA), both in the

range (0, 1).

A representative baseline subtracted residual signal obtained as discussed in Section 7.4.1

below is used here to illustrate the generation of ROC curves. A random selection of 100

undamaged signals is made from the experimental data in section 7.2, covering 10oC of

temperature variation. Damage signatures of a linearly growing flat-bottom hole with

maximum size of 1% are then predicted and added to the undamaged signals at 7.5 m, fol-

lowing the procedure of section 7.3.2. The temperature differences are first compensated
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Figure 7.3.: (a) Example residual signal obtained from a set of 100 measurements un-
der temperature variation of 10oC, over which damage grows from zero to
1% of the cross-sectional area. (b) Receiver operating characteristic curves
computed from the residual in (a) with different tolerance level.

using stretch-based scale-transform temperature compensation [103]; all 100 records are

stretched or compressed to the baseline signal collected at the median temperature. The

residual signals are then obtained using the procedure described in section 7.4.1.

Fig 7.3(a) plots the residual signal as a solid line, with its maximum amplitude nor-

malized to unity; the dashed line shows the true damage location. Since the excitation

signal used in guided wave monitoring is typically a Hanning-windowed toneburst, the

reflection from features in the pipe are expected to extend over at least this length in

time; therefore when the time axis of the received signal is converted to a length scale,

the signals from features occur over a finite length of the pipe. Assuming a reflector

has small axial extent compared to the wavelength, the reflected signal length will be

approximately that of the input toneburst so it would be expected that a signal would

be over this distance; the damage location on Fig. 7.3(a) is therefore shown as a finite

length of pipe that is much larger than the true damage extent. To calculate the ROC,

the threshold (dot-dashed line) is swept from 0 to 1, and all the values above the thresh-

old are classified as positives. The positives that fall within the region expected for the

true damage are labelled as true positives or detection (solid circles), and the positives

elsewhere are labelled as false alarms (hollow circles). At every threshold, the probability

of detection and false alarm rate are calculated, which becomes one point on the ROC

curve. The collection of the points becomes the ROC curve for this test scenario.

In guided wave monitoring, damage can be masked by large residuals caused by EOC

variations, even after compensation; this problem is most severe where there is a large
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signal in the undamaged structure, i.e. at structural features. In practical guided wave

inspection, the inspector assesses the whole test length for defects and the probability

of detection and false call rates are defined over the whole length. We are interested in

monitoring the growth of damage over multiple readings, but the concept of assessing

the whole pipe with one criterion is retained. This is a harsh measure for feature-free

areas since many more false calls are generated at the locations of features; it would be

possible to segment the pipe and compare performance in similar regions. However, since

the purpose of this chapter is to set out the general methodology and to compare different

feature extraction methods, this extra sophistication was not considered.

Since the excitation signal is a Hanning-windowed toneburst, the amplitude approaches

zero at its beginning and end. If detection is required over the whole theoretical length

shown as the damage location in Fig. 7.3 a high false call rate will be incurred at the tails.

A defect is therefore expected to give a reflection above the ‘call level‘ over the spatial

region where the signal is above a specified fraction (tolerance level) of the peak signal.

This is expressed as a fraction in dB so a -6dB tolerance level corresponds to requiring

the defect signal to be above the threshold at all points either side of the peak where the

envelope of the input toneburst is above half its peak amplitude. If this criterion is met

then the POD is unity; a lower tolerance level means more points above the threshold

are required for unity POD.

The ROC curve is an indicator of detection performance. The perfect detector yields

a curve that goes through point (0, 1), indicating no false alarms and perfect detection

(100% probability of detection). A random guess yields a ROC curve following the 45o

diagonal line, where the POD and PFA are equal. Fig 7.3(b) shows the ROC curves

corresponding to different tolerance levels from -1 to -40dB. As the tolerance level goes

down, the less tolerant the measure is to noise, and more false alarms will occur at any

given POD level. Here a -6dB tolerance level is used (corresponding to the ROC curve

with a thicker dashed line) to be consistent with common industrial practice.

7.4. Damage detection methodology for SHM

The conventional baseline subtracted residual method is first reviewed in section 7.4.1,

and two advanced data-driven methods, singular value decomposition (SVD) and inde-

pendent component analysis (ICA), in section 7.4.2. Section 7.4.3 discusses the use of
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the Mann-Kendall test to identify a monotonic trend in the data.

7.4.1. Temperature compensation and baseline subtraction

One common method to enhance signal-to-noise ratio (SNR) for damage detection is base-

line subtraction. By subtracting a baseline signal that is collected in a known undamaged

state, the residual signal should in principle resemble the signature created by the defect,

if one exists. Signals are often pre-processed before the subtraction to eliminate any dif-

ference between the current measurement and the baseline due to temperature change.

In this chapter, a stretch-based temperature compensation method [103] is implemented,

as these techniques allow comparison of all the measured signals with a single reference

signal.

The stretch-based temperature compensation methods approximate the temperature

change as a stretch or compression in time, and reverse the effect by first finding the

optimal stretching factor that makes the measurement and the baseline most alike, and

then stretching or compressing one to the other. Although the stretch approximation

is usually valid when the temperature difference is small, the stretching can introduce

frequency distortion when the temperature difference is large [65]. To minimize the dis-

tortion, measurement are stretched to a baseline collected at the median temperature to

minimize the maximum temperature difference to be compensated. This can be achieved

even without temperature measurements, because the estimated stretching factors are

effectively a measure of the temperature.

In our processing of a synthetic dataset, all the measurements are first compressed/stretched

to the measurement at the median temperature in the particular dataset. Residual signals

are then obtained by subtracting the first signal in the dataset from all the temperature

compensated signals. Since the reflection from small defects roughly replicates the in-

spection toneburst, the obtained residual signals are cross-correlated with the eight cycle,

Hanning-windowed toneburst to enhance the signal-to-noise ratio.

In conventional one-off inspection, the obtained residual signals are processed and as-

sessed separately until a damage feature larger than a threshold is detected. However, in

long term monitoring many records are obtained over which the damage grows progres-

sively, which can be used to improve sensitivity. Specifically, the residual at the damage

location would change monotonically, while values elsewhere would not due to random
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changes. If such a monotonic trend can be detected, we are more likely to identify the

presence of damage at an earlier stage than in one-off inspection. In this chapter the case

where damage grows linearly from the start of monitoring is considered. This is used to

illustrate the method; it is not limited to this case.

The residual at location x can be written as a linear regression model of variable time

t,

rxi = βx0 + βx1ti + εi (7.1)

where βx1 is the rate of change at location x over time t, βx0 is the intercept corresponding

to the residual at time zero, and ε is the error term which is assumed to follow the same

distribution at all locations. The error consists of not only random system noise but also

residual noise caused by imperfect compensation of the temperature differences, which

follows a generalized Gaussian distribution if the monitoring period is sufficiently long

and the temperatures at which readings are taken are randomly distributed.

The parameters βx0 and βx1 are estimated using least squares linear regression. At

locations where damage grows progressively, the slope βx1 represents the growth rate of

damage over time; elsewhere, no systematic trend should exist so βx1 is expected to be

close to zero. On the other hand, βx0 might not be zero because of imperfect baseline

removal, but this is not connected to the progression of damage. Therefore, the damage

progression can be characterised solely using the slope βx1, i.e., the values of βx1 are used

at all locations along the pipe to represent the presence of damage and its progression if

it is present.

The variance of the estimated damage growth rate βx1 is given by,

V ar(β̂x1) =
σ2∑N

i=1(ti − t̄)2
(7.2)

where the numerator is the variance of the noise term ε, and the denominator is the

variance of the time at which all the measurements are taken. Therefore, there is greater

confidence about the estimated slope if more observations are taken, or measurements are

taken over longer period of time, making this suitable for processing long-term monitoring

data.
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7.4.2. Damage detection based on matrix decomposition

A recently developed group of methods is based on component analysis [66, 89], which

decomposes the data matrix into different components to represent variations produced by

different sources. The damage reflections and the signals caused by other EOC variations

vary with position and have different varying patterns over time, and will be separated

into different components. By identifying the components related to damage, variations

from other sources are effectively eliminated and the damage detection performance is

significantly improved.

The general form of decomposition of long-term monitoring records is

X = WAT (7.3)

where X, W , and A are matrices that contain the measurements over time, the weights,

and the components, respectively. X is the N×D data matrix that samples the structural

status both spatially and temporally, where N is the number of signals measured over

the monitoring period, and D is the number of sample points in each signal. The two

dimensions correspond to two different sampling frequencies – the frequency at which

measurements are acquired from the monitoring system (temporal sampling interval ∆t),

and the sampling frequency of the A/D converter. The time axis of each measurement

is converted to a distance scale by dividing the group velocity of the guided wave used

by the sampling frequency to give a spatial sampling interval ∆d. Then, each column

of X represents one record collected at time t from [0,∆t, . . . , (N − 1)∆t], and each

row represents the wave reflected from a certain location d from [0,∆d, . . . , (D − 1)∆d].

The decomposition of X yields two matrices WN×R and AD×R, each decomposing the

variations along one dimension into R components, with R � N,D representing the

reduced dimensionality. Weight matrix W separates the variations over time, where each

column wN×1 represents the trend over time corresponding to one source. Component

matrix A separates the variations in space, where each column aR×1 represents the signal

components along the distance axis.

The decomposition can be achieved in different ways. Two different decomposition

methods, singular value decomposition (SVD), and independent component analysis

(ICA)[90] were implemented. The two methods are widely used in fields such as face

recognition [106] and speech separation [107], and their application in structural health

monitoring has been illustrated in [66] and [89]. The major difference between the two
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Figure 7.4.: Decomposition of 100 synthetic records collected in a 10oC temperature
range, over which damage grows linearly from 0 to 1% CSAL at 7.5 m. Six
components from SVD (a) and ICA (d) are ordered by their absolute ampli-
tudes shown in (b) and (e). The corresponding normalized weights over time
(c) and (f) show the progressive trend over time. The MK test scores ZMK

(detailed in section 7.4.3) are labeled to the right of each set of weights.

methods is the criteria by which the components are separated: SVD enforces the or-

thonormality of both the component and the weight matrices, while ICA maximizes the

statistical independence only between the components.

Fig 7.4 shows example results of applying SVD and ICA on the same synthetic dataset

processed with the baseline subtraction residual method in section 7.3.3. The dataset

contains 100 measurements with undamaged experimental signals over a temperature

range of 10oC, superposed with artificial damage progressing to 1% CSAL at its maximum

extent, and was pre-processed with the same temperature compensation procedure as in

section 7.3.3 and section 7.4.1. Both SVD and ICA decomposed the records into multiple

components. Fig 7.4 shows the first six components and corresponding weights, as well

as their absolute amplitudes at the end of the monitoring period.

Fig 7.4(a-c) shows the decomposition results using SVD, where (a) shows the first

six normalized components plotted against distance from the sensor, ordered by their

absolute amplitudes, which is shown in (b) on a logarithmic scale, and (c) shows their
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zero-centered and normalized weights over the 100 measurements. Fig 7.4(d-f) shows the

corresponding results obtained using ICA.

The first components shown in Fig 7.4 (a) and (d) both resemble the undamaged A-

scan of the pipe, with absolute amplitudes close to 100%. The corresponding weights in

Fig 7.4 (c) and (f) vary randomly around the average amplitude. It should be stressed

that the amplitudes of the weights shown in Fig 7.4(c) and (f) are normalized to their

individual maxima so that their trends can be seen; their relative magnitudes can be seen

in Fig 7.4(b) and (e). The fourth SVD component in (a) and sixth ICA component in

(d) are clearly related to damage, each showing a dominant peak at around 7.5 m where

damage is added. The corresponding final amplitude of the two components, as shown in

Fig 7.4(b) and (e), are 0.85% and 0.84%, which are consistent with the predicted reflection

coefficient from the 1% CSAL defect at the end of the damage growth. Moreover, their

corresponding weights over the 100 measurements in Fig 7.4(c) and (f) clearly follow a

monotonically increasing trend, with an increasing growth rate as CSAL progresses. This

is consistent with our analytical model of a growing flat-bottom hole which predicts a

non-linear relation between the reflection coefficient and the CSAL [14, 94].

Note that even with an increasing damage amplitude, the decomposed weights can

decrease with time, in which case the phase of the corresponding component will shift

by 180o. This is because wia
T
i is equivalent to (−wi)(−aTi ), and both are valid results

of the decomposition. Therefore, the damage related component can be identified by

its monotonicity, not by its directionality. In section 7.4.3, the Mann-Kendall test is

demonstrated, which is used to determine whether a monotonic trend (either increasing

or decreasing) exists in the data.

The other components in Fig 7.4(a) and (d) capture features at different locations,

and have various amplitudes. They represent other sources of variation that exist in the

data that are either orthogonal to (in the case of SVD) or statistically independent of (in

the cases of ICA) the undamaged experimental signal and the damage signature. Note

that the amplitudes of some other components are larger than that of the damage related

components. Nevertheless, the monotonic damage signatures are clearly distinguishable

from the other components whose variation is either due to noise or related to the random

temperature variation.
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7.4.3. Identifying monotonic trend using Mann-Kendall trend

test

The Mann-Kendall (MK) trend test [108, 109] is a hypothesis test to determine whether

a monotonic trend exists in the data. A monotonic trend means that the variable consis-

tently increases or decreases through time, but the trend may or may not be linear. The

MK test is a simple, non-parametric test that only requires the data to be distributed

similarly over time, and does not depend on the magnitude of data or its exact distri-

bution. The test and its variant forms are extensively used in the fields of geological

and environmental studies [110]. Some variants of the test also take seasonal effects

into consideration [111], which could potentially benefit SHM applications since the EOC

affecting applications are often seasonal or cyclic.

The MK test assesses whether to reject the null hypothesis (H0: no monotonic trend)

and accept the alternative hypothesis (Ha: monotonic trend is present), whereH0 : Prob[xj > xk] = 0.5

Ha : Prob[xj > xk] 6= 0.5
,∀j > k (7.4)

To evaluate the test, sign(xj − xk) is determined for all n(n − 1)/2 pairs of j, k where

j > k, and compute S by,

S =
n−1∑
k=1

n∑
j=k+1

sign(xj − xk) (7.5)

S essentially calculates the difference between the number of increases and the number

of decreases. A positive S means the observations obtained later in time tend to be

larger than observations made earlier. To determine whether the difference is statistically

significant, the MK test statistic ZMK is computed,

ZMK =
S − sign(S)√
V AR(S)

(7.6)

where the variation of S [112] is computed as,

V ar(S) =
n(n− 1)(2n+ 5)

18
(7.7)
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The p-value of the test statistic is then compared to the significance level α, which is

the probability of wrongly rejecting the null hypothesis given that it is true (type I error).

With α = 0.05, the test is significant if |ZMK | ≥ Z1−α/2 = 1.96, in which case the null

hypothesis H0 is rejected and it is concluded that there is a monotonic trend over time.

Otherwise, the null hypothesis is accepted and it is concluded that no monotonic trend

exists in the data. As an example, this methodology is used to test the weights obtained

using SVD and ICA in section 7.4.2, each representing the trend of one component over

the 100 measurements. The MK test statistics ZMK are computed and labelled to the

right of the weights in Fig 7.4(c) and (f). The ZMK of the sixth component of ICA and the

fourth component of SVD are, respectively, 11.81 and 12.55, corresponding to p-values

close to zero. This suggests that the alternative hypothesis should be accepted and it

is concluded that a monotonic trend exists in the data. Note that after decomposition,

the monotonic trend is represented by a single component, while the other components,

including but not limited to those shown in Fig 7.4(c) and (f), all have ZMK that are

smaller than Z1−α/2 = 1.96 with a significance level of 0.05, marking the absence of a

monotonic trend. This example shows that SVD and ICA clearly separate the damage

related component from those corresponding to other variations, and that the damage

related component can be identified using the MK test.

7.5. Comparison

7.5.1. Evaluation of different methods in a single scenario

Damage detection results are compared for residual processing, SVD, and ICA side-by-

side on the same test scenario previously discussed in sections 7.3.3 and 7.4.2. Here,

instead of processing a single dataset generated from that test scenario, the 500 synthetic

datasets are processed with the same test parameters, where each dataset contains 100

undamaged measurements randomly selected over a temperature range of 10oC, super-

posed with damage growing linearly from 0 to 1% CSAL. Fig 7.5 shows the extracted

damage signatures, their amplitudes over time, and the ROC curves.

Fig 7.5(a) shows the baseline subtracted residuals, obtained using the procedure de-

scribed in section 7.4.1 on the 500 datasets. The same datasets are also processed with

SVD and ICA with the decomposition in section 7.4.2 and then the MK trend test in
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Figure 7.5.: Damage detection results using residual (a-c), SVD (d-f), and ICA (g-i) on
500 synthetic datasets containing 100 measurements collected over a 10oC
temperature range, while damage grew linearly from 0 to 1% CSAL at 7.5 m.
(a) Baseline subtracted residuals. (d, g) Damage related component from
SVD and ICA. (b) Amplitudes of baseline-subtracted residual at damage
location over time (blue) and true damage amplitude (black). (e, h) Weights
from SVD and ICA (blue), along with true damage amplitude (black). (c,
f, and i) ROC curves (solid) and the 95% lower one-sided prediction bound
(dashed).

section 7.4.3, and the resulting damage related components are shown in Fig 7.5(d) and

(g).

Fig 7.5(a, d, and g) all show a clear peak at 7.5 m, where the damage is introduced.

However, the damage signature in the residual signal in (a) is sometimes masked by the

large residual noise, especially at structural features at 4 m and 10 m. The components

obtained from SVD Fig 7.5(d) and ICA Fig 7.5(g) both clearly show damage features

that are much larger than the ambient noise; the signal-to-noise ratio in the ICA damage

component (Fig 7.5(g)) is on average 30dB higher than that of the residual (Fig 7.5(a)),
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and is roughly 10dB higher than that of SVD (Fig 7.5(d)), indicating that the performance

is best with the ICA method.

Fig 7.5(b) shows the residual amplitude over time at the damage location. For the

baseline subtraction method, the damage amplitude is usually represented by the max-

imum or the root mean square (RMS) of the residual signal; provided the baseline is

perfectly removed, those measures will accurately track the damage growth. However,

in the presence of EOC variations, these approaches are prone to errors resulting from

imperfect baseline removal. Therefore, the residual amplitudes at each location are pro-

cessed separately using the MK trend test, then the residual amplitudes at the location

associated with the highest ZMKare plotted as the representation of damage growth. The

error bars show the standard deviations of the amplitudes. The true damage amplitude

is also shown in (b), e) and h) as black crosses for comparison. The residual amplitude is

initially masked by the noise floor but approximates the true damage amplitude (black

crosses) as damage grows and produces a reflection larger than the noise. Note the error

bars in Fig 7.5(b, e, and h) are the results of processing the whole 100 measurements, not

of processing the observations up to that particular time step. Therefore, it shows how

the history of damage growth would be seen after the 100 measurements over the growth

to 1% CSAL. The detectability of different levels of damage and the effect of changing the

number of readings are considered in section 7.5.3. Fig 7.5(e) and (h) show the weights

obtained from SVD and ICA, respectively, both of which show clear monotonic increasing

trends with time. The weights of SVD in Fig 7.5(e) follow a similar growth pattern as

the true damage progression, but the growth rate is underestimated by about 15%. The

weights of ICA in Fig 7.5(h) closely follow the true damage amplitudes, and show the

smallest variation of the three, providing better tracking of the damage growth.

We then obtain the ROC curves by processing the extracted damage signatures with

the procedure described in section 7.3.3. Fig 7.5(c), (f), and (i) show the ROC curves for,

respectively, residual processing, SVD, and ICA. The ROC curves of the 500 synthetic

datasets are ‘vertically‘ averaged (giving the averaged POD at a given PFA)[100] and

plotted as a solid line, while the dashed line shows the lower one-sided 95% prediction

bound of POD, indicating that with a 95% probability future observations will fall above

this value. The ROC curves demonstrate the performance in the case of linear damage

growth (giving non linear growth in reflection amplitude) to a maximum 1% CSAL with

100 readings over a 10oC temperature range. The baseline-subtracted residual success-

fully indicates the presence of damage most of the time, with some false alarms caused by

the residual noise that often masks the damage signature. The wide gap between the av-
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erage performance and the lower 95% prediction bound suggests that it is also less robust

to the temperature variations. As an example, along the dashed curve in Fig 7.5(c) that

represents the 95% one-sided lower prediction bound, if a POD of 90% is required, then

the corresponding PFA is 13%. In contrast, with SVD and ICA a lower 95% prediction

bound POD of 99% is obtained at PFA of 1.8% and 0.12%, respectively.

7.5.2. Comparison of ROC curves across different scenarios

Section 7.5.1 demonstrates the operation of our proposed evaluation framework when

comparing the three different damage detection methods in a single damage growth -

EOC variation case (1% linear CSAL growth and 10oC temperature range). However,

ROC curves are a two-dimensional depiction of classifier performance, and are difficult to

compare across multiple scenarios. Therefore, the area under the ROC curve (AUC)[113]

is used as a scalar metric to facilitate a comparison of the performance of the different

methods across multiple scenarios. AUC is a single scalar metric whose value lies between

0 and 1, representing the proportion of the area of the unit square. An AUC of unity

corresponds to a perfect detector and 0.5 corresponds to a random guess.

Here, the AUC is demonstrated on the results of residual processing on four synthetic

datasets generated with different damage severities, including the one processed in sec-

tion 7.5.1. For each of the four scenarios, 500 synthetic datasets were generated, each

containing 100 randomly selected experimental signals collected over a 10oC temperature

range. Fig 7.6 shows the four cases with different colours where damage grows linearly

from zero to, 0.3%, 0.5%, 0.7%, and 1.0%.

Fig 7.6(a) shows the mean ROC curves on a linear PFA scale as solid lines and their

95% lower one-sided prediction bounds as dashed lines. Unsurprisingly, the larger the

damage growth rate is, the more the ROC curve approaches the top left hand corner

of the plot, and the smaller is the variance. Fig 7.6(b) shows four box plots of AUCs

corresponding to the ROC curves in Fig 7.6(a), where the box, the horizontal line, and the

vertical whisker indicate, respectively, the interquartile, the median, and the 90% two-

sided prediction interval of the 500 AUCs. Two-sided prediction interval is used here such

that the lower bound, which is of most interest in the evaluation of the performance, is

consistent with the one-sided 95% bound shown in Fig 7.6(a). The AUC box plots clearly

show the performance improves as damage severity increases, with the boxes moving up

the AUC axis, corresponding to higher POD and lower PFA, and their smaller extent
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Figure 7.6.: Comparison of damage detection using baseline subtracted residual across
different scenarios; different colours represent synthetic datasets generated
with different damage growth rates over 100 records over a 10oC temperature
range. The purple curves are results of the same case shown in Fig 7.5(c).
(a) ROC curves (solid) and lower one-sided 95% prediction bound (dashed),
(b) Box plots of area under curve with boxes indicating interquartile and
whiskers indicating 90% two-sided prediction interval, and (c) Box plots of
ZMK of the weights.

along the AUC axis corresponding to smaller variance. Note that in the case of 0.3%

damage growth (blue), some of the AUCs drop below 0.5, corresponding to ROC curves

below the diagonal line, indicting that the performance is worse than a random guess.

This happens when the extracted damage feature is similar in amplitude to the ambient

noise and is much smaller than the residual noise at structural features.

Fig 7.6(c) shows the MK test statistic ZMK indicating the presence of a monotonic

trend. The indications from ZMK are consistent with those from the ROC curves and

AUCs. As the damage growth over the 100 readings increases, the ZMK test statistic

increases, and at damage of 0.5% or higher CSAL after 100 readings, in over 95% of the

500 cases ZMK exceeds the 1.96 threshold associated with a significance level of 0.05, as

marked as a dashed line in Fig 7.6(c). Since the trend of ZMK is consistent with that

of AUC, in the next section, the AUC is used to summarize the results and compare

performance across different scenarios.

7.5.3. Evaluation of different methods across different scenarios

The analysis is now extended to compare the three methods across scenarios with different

combinations of test parameters from Table 7.1. Fig 7.7 shows AUC box plots for each

test scenario, where the three colors correspond to the results of residual processing
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Figure 7.7.: Box plots of AUCs on synthetic datasets generated with different test param-
eters. Rows: different numbers of readings. Columns: different temperature
ranges. Horizontal axis: nominal CSAL at the end of the linear damage
growth. The blue, red, and yellow boxes in each stripe represent results of,
respectively, residual processing, SVD, and ICA.

(blue), SVD (red), and ICA (yellow). The four rows correspond to different numbers of

readings taken during the damage growth, and the four columns correspond to different

temperature ranges. Within each plot, the horizontal axis indicates the nominal CSAL

at the end of the linear damage growth, where the stripes mark the results of the three

methods on the same test scenario.

Unsurprisingly, with all other parameters equal, the methods achieve better perfor-

mance (higher AUCs) when damage is larger, or when temperature variation is smaller.
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The performance also improves with increasing number of measurements taken during

the damage growth. Comparing the three methods, SVD and ICA produce much better

results than the conventional residual processing in all test scenarios, especially when the

temperature variation is large. ICA generally outperforms SVD except in cases where

damage is small (0.3% CSAL).

Fig 7.7 can then be used to assess the damage detection performance as a function of

any of the three varying parameters, while keeping the other two unchanged. For example,

Fig 7.7(cc) shows the performance of detecting different levels of damage growth across

70 measurements under 30oC temperature variations. Assuming a detector is satisfactory

if its AUC exceeds 0.95, which roughly corresponds to 90% POD with 2% PFA (this level

of PFA may not be practically acceptable, but is used here only to compare the methods),

then at a 95% prediction level SVD and ICA can be used to detect the damage before it

grows to 0.5% CSAL. On the other hand, although the residual performance improves as

damage severity increases, it does not perform sufficiently well until damage grows to 3%.

Similarly, comparing Fig 7.7 (ad, bd, cd, and dd), it is seen that detecting 0.5% CSAL

growth with a 95% prediction bound AUC of 0.9 requires at least 70 measurements for

SVD, or at least 50 for ICA.

To successfully implement these methods, it is critically important and of most interest

to estimate the lower prediction limit of the damage detection performance in the practical

settings of the SHM system, which bounds the worst-case performance of a future test.

The results of Fig 7.7 show that the SHM system performance improves with damage

size and degrades with degree of temperature variation. It is therefore interesting to

plot performance versus the signal-to-noise ratio (SNR), which is defined as the reflection

coefficient of the damage at the end of the measurement period divided by the maximum

amplitude of the coherent noise resulting from the temperature range. The SNR indicates

how difficult it is to detect damage in this scenario – a small SNR corresponds to the

growth of small damage over a large temperature range, and a large ratio corresponds

to the growth of large damage over a small temperature range. Fig 7.8 plots the 95%

one-sided lower prediction bound of AUC against the SNR. The three colors correspond

to the three damage detection methods, and solid and dashed lines represent the results

from synthetic datasets of, respectively, 50 and 100 measurements. Note that different

combinations of damage amplitude and temperature range may result in similar SNR. For

example, three test cases with SNR of around -20dB correspond to, respectively, 0.3%

CSAL over 10oC (SNR = −18.8dB), 0.7% CSAL over 30oC (SNR = −19.5dB), and

1.0% CSAL over 60oC (SNR = −20.1dB).
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Figure 7.8.: The lower 95% prediction bound of AUC of three methods against the ratio
of damage amplitude over temperature noise. Dashed lines and solid lines
are generated with synthetic datasets containing, respectively, 50 readings
and 100 readings.

The damage detection applications can be separated into three regimes by the SNR:

with SNR larger than 0dB, generally good detection results are obtained with any of the

methods; with SNR in between 0 and -18 dB, sophisticated processing such as SVD and

ICA gives detection gains; with SNR smaller than -18dB, satisfactory results cannot be

obtained with any of the methods.

The anomalies in Fig 7.8 at -4.1dB and -18.8dB correspond to a damage level of 0.3%

over different temperature ranges, which suggests that there is a small source of coherent

noise that is not suppressed by temperature compensation and this affects the detectabil-

ity of small defects. This requires further investigation, but it should be stressed that

0.3% cross section loss is more than an order of magnitude smaller than the wall loss

typically detected in guided wave inspection [17]. Comparing SVD (red circles) and ICA

(yellow crosses), SVD seems to be more robust to this effect.

The dash lines and the solid lines represent results with, respectively, 50 and 100 read-

ings over the damage growth. For a year of monitoring, 50 readings roughly corresponds

to observations made weekly, while 100 readings corresponds to 2 measurements per week.

Comparing the two sets of results it can be concluded that more robust damage detection

can be achieved with more measurements.
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7.5.4. Evaluation of different methods with the damage near to

structural features

In previous sections, damage detection performance of the three methods was evaluated

and compared on different scenarios where damage was added at 7.5m, in a plain section

of the pipe. Here further synthetic datasets are processed with damage added at other

locations including ones close to structural features.

Fig 7.9 shows four pairs of AUC (a-d) and ZMK (e-h) of the three methods detecting 1%

damage growth over 100 measurements. The four stripes in each plot mark temperature

ranges of 2, 10, 30, and 60oC, respectively. Fig 7.9(a, e) and (b, f) show results when

damage is added at, respectively, 2.3 m and 11.3 m, both in plain sections of the pipe. As

with the results shown in Fig 7.7(da-dd) where damage was added at 7.5 m, here the SVD

and the ICA both yield AUCs close to unity, indicating successful detection of damage

with few false alarms. The residual processing also achieves AUCs close to unity when

the temperature range is small (2 or 10oC), but its performance quickly degrades with

increasing temperature range. The corresponding ZMK displays the same trend as the

AUC, as in Fig 7.6.

Fig 7.9(c, g) and (d, h) show the cases where damage is added at locations close to

structural features. In these cases, the AUC in itself cannot represent the detection per-

formance, and needs to be interpreted together with the ZMK . The two cases display

similar behaviour, so only Fig 7.9(d, h) is discussed for conciseness. Fig 7.9(d, h) cor-

responds to the cases where damage is added at 10.1 m, slightly after the second end

reflection. Recall that reverberating signals are used to represent a longer pipe in which

the end reflections would be large features. In all four cases over different temperature

ranges in Fig 7.9(d), the AUCs of SVD and ICA are close to unity, and the AUCs of

residual processing are also over 0.9. The AUC with the residual method appears high

because features tend to generate relatively large residuals; at a feature the residual is the

difference between two large reflections in the baseline and current, temperature compen-

sated signal, whereas away from features the signals are smaller so it is easier to obtain

a small residual. In contrast, the ZMK in Fig 7.9(h) suggests that when the temperature

range exceeds 10oC, the residual processing fails the MK trend test. In this case, no

damage is detected along the pipe at any location, and the ROC should not be calcu-

lated. This interpretation should also be extended to SVD and ICA, where the MK test

is used to automatically determine the damage-related component: when the ZMK of all

130



Figure 7.9.: Box plots of AUC and ZMK of detecting 1% damage growth over 100 mea-
surements over different temperature ranges, where damage is added at four
different locations in Table 7.1. Plots (a, e) and (b, f) show results when
damage is added at, respectively, 2.3 m and 11.3 m, away from structural
features. Plots (c, g) and (d, h) show results when damage is added at, re-
spectively, 6.2 m or 10.1 m, close to structural features. The dot-dash line in
(e - h) shows the threshold of 1.96.

the components are below the threshold, it should be concluded that no single component

represents the damage, and that damage is not present in the dataset being processed.

As an example, Fig 7.10 plots results of the three methods on synthetic datasets cor-

responding to the third stripes in Fig 7.9(d and h). Each synthetic dataset contains

100 measurements collected over a 30oC range, while damage grew linearly from 0 to

1% CSAL at 10.1 m (slightly after second end reflection). The residuals in Fig 7.10(a)

are dominated by the large residual errors at structural features that mask the damage

signature. The weights shown in Fig 7.10(b) display a 15% standard deviation, and no

monotonic trend can be identified by the MK test. Fig 7.10(c) shows the 95% lower

prediction bound of ROC curve with large PFAs even for small PODs.

Fig 7.10(d, e, f) show the results of SVD, which successfully extracts the damage signa-

ture and suppresses the benign features. Although the components shown in Fig 7.10(d)

are still noisy, the damage signature at 10.1 m can still be identified, which is at least 6dB

larger than the noise elsewhere. Correspondingly, the ROC curve in Fig 7.10(f) shows

that a 95% lower prediction bound POD of 90% corresponds to a PFA of 3.3%. The

weights in Fig 7.10(e) significantly underestimate the damage growth rate, but its trend
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Figure 7.10.: Damage detection results using residual (a-c), SVD (d-f), and ICA (g-i)
on synthetic datasets each containing 100 measurements collected over a
30oC temperature range, while damage grew linearly from 0 to 1% CSAL
at 10.1m (slightly after second end reflection). (a) Baseline subtracted resid-
uals. (d, g) Damage related component from SVD and ICA. (b) Amplitudes
of baseline-subtracted residual at damage location over time (blue) and true
damage amplitude (black). (e, h) Weights from SVD and ICA (blue), along
with true damage amplitude (black). (c, f, and i) ROC curves calculated
from the damage signatures in (a, d, and g) and the 95% lower one-sided
prediction bound.

is qualitatively consistent with the true damage growth.

The ICA components in Fig 7.10(g) show very clear damage signatures in most cases.

However, on four of the 500 datasets (eg. the purple line in Fig 7.10(g) with peaks at

3.5 m and 9.5 m), ICA fails to extract the damage component and yields components

corresponding to noise from other random variations. These outlier cases produce the

large variations in the weights as shown in Fig 7.10(h), and the large drop in the 95%

prediction bound of POD in Fig 7.10(i) from its mean. When the temperature range

increases from 30oC to 60oC, the proportion of the outlier cases increases from 1% to

20%, producing a significant degradation of ZMK as can be seen in Fig 7.9(h). As a
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consequence, better results were obtained using SVD than using ICA when damage was

added close to a structural feature under large temperature variations. A probable cause

of the outliers is that ICA is essentially an optimization process to find a set of components

that minimize the mutual information, and is therefore prone to local minima. As the

temperature range increases, the damage signature becomes a smaller portion of all the

variations in the data, so the optimization is more likely to get stuck in local minima.

7.6. Experimental validation

The evaluation framework is now validated on experimental data monitoring actual dam-

age growth. A flat-bottom hole was drilled on the same pipe specimen shown in Fig 7.1(a)

at 2.3 m to the right of the PIMS transducer ring. The hole was 4 mm deep and was ex-

tended from 1 mm to 7 mm diameter in 1 mm steps, simulating progressively growing

damage from 0 to roughly 0.5% CSAL. At each damage step, the pipe was heated to

90oC and naturally cooled to 30oC, and data was collected over the temperature cycle as

described in section 7.2. Data from the last temperature cycle prior to introducing the

hole, together with that from the cycles after each damage set was used, giving a total

of 338 measurements over the damage growth. This gave a reasonable approximation to

linear damage growth from 0 to 0.5% CSAL.

As with the synthetic datasets, the performance of damage detection is assessed over

different monitoring records under different levels of temperature variation. For temper-

ature ranges from 10 to 60oC in 10oC steps, n signals are randomly selected from each

of the 8 cycles, forming datasets of 8n monitoring records over the 0.5% damage growth,

where n =1, 4, 6, and 9 correspond to 8, 32, 48, and 72 records, respectively. Note that

here the chronological order of the selected measurements from different damage steps

is retained, but the measurements from the same damage step are randomly ordered,

such that the temperature associated with the measurements varies randomly. This ran-

dom selection process was repeated 50 times for each combination of test parameters

(temperature range and number of records) to generate statistics.

Fig 7.11 shows the results of residual processing (blue), SVD (red) and ICA (yellow) on

different numbers of experimental records over different temperature ranges. Fig 7.11(a)

to (d) correspond to the results using, respectively, 8, 32, 48, and 72 measurements,

while the horizontal axis in each plot indicates the temperature range over which those
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measurements are selected.

Figure 7.11.: Results of baseline-subtracted residual (blue), SVD (red), and ICA (yellow)
on experimental records. Plots (a) to (d) correspond to the results of using,
respectively, 8, 32, 48, and 72 measurements. The horizontal axis indicates
the temperature range over which measurements are selected.

The baseline-subtracted residual performs poorly when detecting the 0.5% damage,

with AUCs mostly lower than 0.9, and shows only small improvement when more experi-

mental records are processed. In comparison, both SVD and ICA perform reasonably well

using 32 records, and better with more records; the performance generally degrades as

the temperature range increases. Overall, ICA outperforms SVD, especially when many

monitoring records are available.

Comparing Fig 7.11 with the results using synthetic data in Fig 7.7, the performance

is qualitatively consistent. As with the synthetic data, the component methods perform

significantly better than the residual method, with ICA generally the better of the two,

indicating that the proposed framework of using experimental data on an undamaged

system coupled with predicted damage signals is effective. The performance on experi-

mental data is slightly better than previous results with synthetic datasets as shown in

section 7.5.3, especially at large temperature ranges. This is probably partly because the

data was only processed up to and including the first end reflection, as would be done in

practice; this reduces the number of large, benign reflectors in the signal, and hence the

likelihood of false calls.

7.7. Conclusion

In this chapter an evaluation framework has been proposed to assess the damage de-

tection performance of guided wave structural health monitoring systems under varying

environmental and operational conditions (EOC). By synthetically superposing damage

134



reflection signals from a growing defect onto experimental signals from an undamaged

structure measured under practical environmental variations, the performance of an SHM

system can be assessed under various scenarios of interest. This enables the effect of tem-

perature range over which measurements are taken, damage location, damage amplitude,

the number of observations over the monitoring period, etc. to be studied. Moreover,

by generating multiple datasets with randomly selected experimental records, the per-

formance can be statistically assessed in these practical settings. The framework has

been demonstrated using undamaged data taken on an 8 inch Schedule 40 pipe in the

laboratory under up to 60oC temperature variations.

The performance of three damage detection methods has then been assessed using

receiver operating characteristic (ROC) curves, which plot the probability of detection

(POD) against the probability of false alarm (PFA). The three damage detection detection

methods, conventional baseline-subtracted residual processing, singular value decompo-

sition (SVD), and independent component analysis (ICA), were first reviewed. For the

SVD and ICA techniques a new method was proposed for identifying the damage compo-

nent, based on trend analysis. The three techniques were then compared across multiple

defect detection scenarios. Under all investigated circumstances, the component meth-

ods performed significantly better than the residual method, with ICA generally better

than SVD except for a small number of outliers. For all three methods, the performance

improves with larger damage size and more observations, and degrades with larger range

of temperature variations. The results were then validated using experimental data mon-

itoring a flat-bottom hole with growing diameter, the results being consistent with the

synthetic data.

The results show that we can use undamaged data from any installed monitoring

system to predict its damage detection performance. This makes it possible, for example,

to assess whether a defect of a given size at a particular location would be detected

reliably at a given data collection frequency. This enables the system to be tuned to

meet particular requirements and the performance demonstration will be valuable in

building safety cases.
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Chapter 8:

Conclusions and future work

8.1. Thesis review

This thesis began in chapter 1 with a review of guided wave inspection and its development

into a commercially available inspection technology. Some of the challenges associated

with this development were also discussed. This chapter then went on to review the

trend in industry towards operating sensors in a monitoring configuration rather than an

inspection configuration. Some of the benefits of this shift were discussed, as well as some

of the current challenges with extracting the maximum use from this monitoring approach.

The chapter then ended with an outline of the thesis and the major contributions made.

The remainder of the thesis could conceptually be broken into two parts. The first half

of this thesis dealt with finite element modelling of guided waves and contributions made

by the author in this area. Chapter 2 began with a brief overview of existing finite element

modelling techniques for guided waves and recent advances in solution procedures based

on graphics processing units (GPUs). These new GPU based solvers enable larger, more

complex models to be solved in a shorter space of time, which causes new challenges

in terms of construction of models and post-processing of simulation data. Although

the tools described in this chapter were not themselves novel, this was the first known

instance of their combined use.

Chapter 3 made use of the new modelling capability outlined in chapter 2 to perform

a study of the interaction of guided waves with rough surfaces in pipes. This chapter
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investigated how the scattering of guided waves by these rough surfaces was a function

of several variables of the guided wave inspection, such as the inspection frequency, the

mean depth and correlation length of the rough surface, and the diameter of the pipe.

The results help to explain the apparent attenuation seen during commercial inspection

of generally corroded pipework, an attenuation which has been unexplained up to now.

The second half of the thesis began with chapter 4 which considered the problems as-

sociated with the processing of guided wave monitoring data. In particular the chapter

focused on the problem of ’data normalisation’, the process of compensating monitoring

data for changes in environmental and operating conditions. Some existing compensation

procedures were considered, as well as the benefits and limitations of these different tech-

niques. This analysis concluded that there is a need for improved processing techniques,

as well as a rigorous framework in which to assess different approaches.

Chapter 5 proposed a new technique for processing guided wave monitoring data which

was based on combined application of the novel technique of Independent Component

Analysis with the established technique of baseline stretch. This new processing tech-

nique was demonstrated on example guided wave monitoring data, including example

monitoring data from a rough surface.

Chapter 6 described a validation of the superposition approach, an approach which can

be used to generate large sets of guided wave monitoring data with reduced computation

and experimental effort. A comparison was made between superposition data and the

equivalent data from a full finite element simulation, with favourable results. The limits

of this validation were also discussed.

Chapter 7 then proposed a new framework for comparing competing guided wave signal

processing algorithms. This new framework relied on the superposition approach to

generate large sets of test data, which in turn allowed descriptive statistics. This new

framework was then used to compare the new technique described in chapter 5 to the

existing best practice described in chapter 4.
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8.2. Main contributions

8.2.1. The interaction of guided waves with rough surfaces

The first main contribution of this thesis is in improved modelling capability for guided

waves. This thesis makes use of graphics processing unit (GPU) based solvers to model

guided waves on large length scales. This makes it possible to model large area pipe

features such as rough surfaces, models which would not have been possible with previous

techniques. Large models do however cause challenges in terms of the discretization of

the model volume, as models often involve millions of elements which cannot be verified

through visual inspection. This thesis outlines tools for efficient meshing, mesh smoothing

and quantification of element quality which enable these large models.

This modelling capability made it possible to study the interaction of guided waves

with rough surfaces, an interaction which to date had received little consideration in the

literature. Such a study is only made possible through the use of best practice modelling

techniques and gives new insight into the scattering mechanisms for guided waves and

rough surfaces. It was shown that rough surfaces scatter guided waves, which explains

the attenuation seen during commercial inspection of corroded pipes. This scattering

was found to be dependent on several variables of the inspection set-up; inspection wave

frequency, pipe diameter and rough surface characteristics. In general it was found that

the scattering increases as the inspection frequency increases, since at higher frequencies

more modes can exist and hence there are more modes for the energy to scatter into.

However, this trend breaks down close to the cut-off frequencies of the higher order flexural

modes where the mode conversion is particularly strong; at their cut-off frequency, flexural

modes form standing waves around the pipe circumference and this resonance condition

encourages mode conversion. The mean depth and correlation length of the surface also

has an influence on mode conversion, with attenuation greatest for surfaces where the

correlation length over wavelength is in the region 0.2-0.25; the attenuation approaches

zero at low and high values of correlation length relative to the wavelength. The deeper

the corrosion the more severe the mode conversion, since deeper corrosion will lead to a

reduced remaining wall thickness and hence a greater impedance mismatch with the plain

pipe. It was also found that mode conversion is a strong function of pipe diameter; for

pipes with the same wall thickness and rough surface statistics the attenuation increases

significantly with frequency-diameter product. This is because larger diameter pipes can
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support more modes at a given frequency, so there are more possible modes for the energy

to scatter into. Away from cut-off frequencies the mode conversion is mostly to the F(*,2)

modes since these modes have the greatest circumferential displacement for unit power

flow; the T(0,1) mode therefore couples most easily into these modes.

8.2.2. Independent component analysis applied to monitoring

data

This thesis has introduced a novel technique for processing guided wave monitoring data

based on independent component analysis. In chapter 5 this new technique was applied to

sets of data which approximate the data collected from guided wave monitoring systems.

This data included experimental data from both a plain section of pipe and an industrial

pipe loop containing welds, bends and flanges. Data was collected from these pipes

whilst they were in their undamaged and damaged condition and undergoing temperature

variations. Initially model defect signals were added to the data from the undamaged

plain pipe to simulate step changes and gradual defect growth. The ICA algorithm was

able to separate these defect signals from coherent noise, even in the context of significant

changes in temperature and changing frequency content of the defect signal. The ICA

algorithm was then applied to data from the undamaged and damaged pipes and again

the algorithm was able to separate the defect signal from coherent noise. This was

for physically introduced defects in clean sections of pipe, at welds and at welds beyond

bends. This chapter also used finite element simulations to investigate generally corroded

sections of pipe with a patch of severe corrosion. It was found that the ICA algorithm

correctly separated the reflection due to the severe corrosion and recognised it as a single

evolving defect. This is in the context of the corrosion undergoing a complex growth

pattern where its shape and amplitude is changing.

8.2.3. Comparing guided wave monitoring algorithms

In chapter 6 a new approach for generating large sets of guided wave monitoring data was

presented. This chapter formalised the superposition approach and sought to compare

results obtained with superposition to results from full finite element simulations. This

comparison has been performed for three representative inspection scenarios including:

simple flat-bottom hole defects in plain pipe and at welds, with and without temperature
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variations and with representative subsequent signal processing. This is in the context

of background coherent noise that produces a low level noise throughout the signal. It

was found that superposition worked well and gave very similar results compared with

the full modelling approach. As expected, there was some difference between the two

approaches, which can be explained by the fact that the reflection from a hole is not

totally independent of the cross section into which it is being added. In general is was

found that superposition slightly underestimates the defect amplitude for small defects

and overestimates defect amplitude for large defects. It was also discussed that the results

of this validation are applicable only to small defects in relatively feature-free pipes.

The validated superposition approach from chapter 6 was then used in a new framework

for comparing monitoring algorithms, outlined in chapter 7. This framework is based on

the generation of large sets of data which can then be processed using competing signal

processing algorithms. The performance of these different algorithms is then assessed us-

ing receiver operator characteristics, a standard technique for assessing binary classifiers.

This framework was then used to compare three common signal processing techniques for

guided wave monitoring data: residual processing, singular value decomposition (SVD)

and independent component analysis (ICA). A new, automated technique for identify-

ing the damage component in component analysis methods was also described. This

technique, based on the Mann-Kendal test, is effectively a trend analysis.

In the comparison it was found that under all investigated circumstances the compo-

nent methods performed significantly better than the residual method, with ICA generally

better than SVD except for a small number of outliers. For all three methods, the per-

formance improved with larger damage size and more observations, and degraded with

larger range of temperature variations. The results were then validated using experimen-

tal data monitoring a flat-bottom hole with growing diameter, the results being consistent

with the synthetic data. These results showed that undamaged data from any installed

monitoring system can be used to predict its damage detection performance. This makes

it possible, for example, to assess whether a defect of a given size at a particular location

would be detected reliably at a given data collection frequency. This enables the system

to be tuned to meet particular requirements and the performance demonstration will be

valuable in building safety cases.
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8.3. Future work

It was not possible, within the limits of this project, to consider all the aspects which

would ideally have been covered. The purpose if this section therefore is to highlight some

areas where further work would be beneficial. This future work is presented in terms of

the two main contributions of this thesis, in the area of the modelling of large area defect

such as corrosion and signal processing techniques for guided wave monitoring data.

8.3.1. Rough surfaces

In the work presented in this thesis only rough surfaces with a Gaussian distribution

were considered. This is the most general type of distribution to consider, but there

is some evidence from the field that rough surfaces in pipe often have an exponential

distribution. It therefore makes sense to expand the analysis of rough surfaces to look at

rough surfaces with other types of distribution and other ranges of descriptive statistics.

In particular it would be useful to look at rough surfaces where the correlation length is

different around the circumference and along the pipe axis. Evidence in example surfaces

from industry suggests that unequal correlation lengths do occur. There was also only a

short consideration in this thesis of how detectability of other defects is affected by the

presence of rough surfaces. This will be a key issue for future work, particularly how

shallow generally rough surfaces can obscure more localised, deeper corrosion pits. There

has also been little analysis of have automatic algorithms for processing guided wave

monitoring data might deal with general corrosion. In particular it would be of interest

to investigate how algorithms such as independent component analysis decompose rough

surface signals and how this decomposition is a function of the variables of the surface.

8.3.2. Comparing guided wave monitoring algorithms

So far the framework outlined in this thesis has only been used to compare three different

approaches for the processing of guided wave monitoring data. However, this framework

could be used much more widely to compare many different processing methods. This is

particularly appropriate given the new data sets which it is possible to construct using

the recently validated superposition approach. There is also still work to be done in

validating the independent component analysis algorithm. In this thesis it was shown
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that ICA was capable of identifying defect signals for simple types of defect such as flat

bottom holes. It was also demonstrated with temperature as the model for environmental

noise. However, there are many other types of defect which can exist in pipe systems

and these defects will also need to be validated with ICA. Such defects might include pit

clusters, shallow scallop types defects, distributed rough surfaces or large cross sectional

loss pitting corrosion. So far these defects have only be modelled with step type defect

growth or linear ramps in their cross sectional loss. It would also be worthwhile modelling

other types of defect growth. Eventually the ICA algorithm will need to be validated with

field data from operators of monitoring equipment.
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Appendix A:

Other outputs of Independent Com-

ponent Analysis
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Figure A.1.: Other noise outputs from processing of the laboratory experiment with a
simple step defect
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Figure A.2.: Other noise outputs from processing of the laboratory experiment with a
simple step defect
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Figure A.3.: Other noise outputs from processing of the laboratory experiment with a
simple step defect
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