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ABSTRACT

INVERSE PROBLEMS IN NON-DESTRUCTIVE EVALUATION OF
GAS TRANSMISSION PIPELINES USING MAGNETIC FLUX
LEAKAGE

By

Ameet Vijay Joshi

The critical issue in non-destructive evaluation (NDE) is the characterization of mate-
rials on the basis of information derived from the response of energy-material interactions
without affecting the quality or utility of the test piece. This is commonly referred to as
an “inverse problem”. Inverse problems are in general ill-posed and full analytical solutions
to these problems are seldom tractable. Practical solutions however employ constrained
search techniques to find the optimal solution from the set of possible solutions. NDE sig-
nals recorded by the sensors are influenced not only by internal defects and degradations,
but they also tend to be marred by the noise originating from various sources. Hence inverse
problems in NDE need to deal with filtering techniques to obtain a noise-free signal. In this
dissertation, NDE of natural gas transmission pipelines is considered.

Natural gas is transported to consumer sites through a vast network of pipelines. In order
to ensure integrity of the system, the pipelines are periodically examined using Magnetic
flux leakage (MFL) technique. The MFL inspection assembly is commonly referred to as
“pig”. In the MFL inspection tool, permanent or electromagnets are used to magnetize
the pipe-wall in an axial direction and an array of Hall-effect sensors is usually installed
around the circumference of the pig to sense the leakage flux caused by anomalies in the

pipe-wall. The signal picked up by the sensor array is recorded and subsequently analyzed



by trained analysts. Traditional methods involving manual analysis of this signal are time
consuming. The performance of these methods cannot be standardized and is subject to
change depending on the levels of skill and training of the analyst. The gas pipeline industry
is therefore interested in automated methods for analyzing the MFL inspection signal in
order to improve accuracy and decrease the turn around time between the actual pigging
and receipt of inspection results.

MFL signals obtained from the pig are contaminated with noise from various sources.
The variation in magnetic properties of seamless pipes introduces a quasi-periodic noise
called as seamless pipe noise (SPN). Lift-off variations in sensors due to motion of pig
inside the pipe and noise from electronic system hardware contribute to additional noise in

the signal. Hence signal interpretation is carried out in two steps:

1. Noise removal and identification of regions of interest (ROIs) enclosing potential de-

fects.
2. Inversion of the signal in the ROI to predict full 3-dimensional depth profile.

This dissertation discusses the conventional methods of noise removal and their limi-
tations when applied to the MFL signal. A new method based on higher order statistics
(HOS) is introduced and described; its advantages over conventional methods are discussed.

Two approaches, namely direct and iterative inversion methods are presented in the
second step of inverting the MFL signal to predict the defect depth profile. Both methods
are based on the use of radial basis function neural network (RBFNN).

The challenge of high dimensionality (of the order of few thousands) is addressed by
modifying traditional approaches described in literature. These modifications in both direct

inversion as well as iterative inversion are new contributions to the field.
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CHAPTER 1

Introduction

1.1 About NDE

Non-destructive evaluation (NDE) deals with the inspection of the interiors of materials
without compromising their usefulness. Figure 1.1 shows the block diagram of a generic

NDE system.

Optional Reference Signal

Signal Processing

Unit Result

Figure 1.1. Basic block diagram of an NDE system.

An input transducer or excitation source is used to inject energy into the test sample.



The energy can be in the form of microwave, ultrasound, electric current or magnetic flux
as is used in this thesis. The signal applied by the excitation source is modulated by the
material being inspected. The response of the material-energy interaction is sensed by the
measurement probe and the captured signal is analyzed to detect any existent flaws and

estimate their size.

1.1.1 Inverse Problem in NDE

The signal flow in a typical NDE system is schematically shown in Figure 1.1.
Input signal Process Transformation Output
x(t) ‘ h(t) y(t)

Figure 1.2. Systems approach for the signal processing block in NDE.

The excitation signal denoted as x(t) is applied to the material sample to be inspected.
The characteristics of the material are represented mathematically in the form of a transfer
function h(t). Assuming that the material energy interaction is linear and time invariant in
nature, from linear systems theory, the output y(t) is mathematically represented using the
operation of convolution as, y(t) = z(t) *h(t). In NDE the objective is to accurately predict
the transfer function h(t) by measuring the system output y(¢) in response to a known input
z(t). This is an example of an inverse problem. The forward problem, in general aims at
estimating the response y(t) corresponding to given z(t) and h(t). The forward problem is
in general stable and well characterized. In contrast, the inverse problem is in general not

well-posed. An inverse problem is called well-posed if it satisfies following three criteria [4].
1. Emistence: For every finite input there exists a finite output.

2. Uniqueness: For every finite input there is a unique output. This criterion guaranties

one-to-one mapping.



3. Continuity: When input signal is continuous the output is also continuous. This

assures existence of finite gradient of the output.

If the inverse problem is not well-posed it is called as ill-posed. Most often, the solution of an
ill-posed inverse problem is difficult to obtain and different types of regularization techniques
are employed to improve the accuracy of the solution. Conceptually, regularization can be
defined as: construction of approximate solution of an ill-posed inverse problem that is stable
with respect to small perturbations of input data. The process of regularization imposes
constraints on the solution space to keep the solution within the empirically selected bounds.
The solution of inverse problem in NDE is therefore an area of significant research interest.

The following section describes the details of NDE of gas transmission pipelines.

1.2 NDE of Gas Pipeline Inspection

Thirty percent of the energy produced in the country is conveyed to the end user through
a vast network of pipelines [31]. There are 90,000 miles of natural gas gathering and
field pipelines, 280,000 miles of gas transmission pipelines and over 835,000 miles of gas
distribution mains and service lines [31]. The main component of the pipeline system is
the transmission and distribution pipelines which transport huge amounts of high pressure
gas (pressures measuring up to 1400 psi [31]) over long distances. The reliable operation
of these pipelines is extremely important from safety and economic perspectives. A typical
cost for the replacement of a 16 inch diameter pipe can range from $250,000 to $500,000 per
mile, while that of a 30 inch diameter pipe can range from $600,000 to $3,000,000 per mile.
Preventive maintenance can reduce these costs to a great extent and also reduce accidental
deaths.

Instrumented probes commonly referred to as ’pigs’ [31] are used for surveying and
monitoring pipeline conditions. The first inspection of any pipeline is called as baseline
inspection. Subsequent inspections can be compared with baseline inspection to determine

the growth of the defects in the pipeline. This method is used for preventive maintenance



of the pipes.
Gas issil ipelines are typically i d using the ic flux leakage (MFL)

technique because it is robust and can detect in ic mate-

rials. The capabilities of MFL technique with respect to some of the commonly encountered
anomalies are listed in Table 1.1.

Table 1.1. Anomalies detected with MFL.

Type of Anomaly MFL Capability
Metal Loss (corrosion, gouges) Generally well suited.
Metallurgical Occasionally found.
Cracks (axial) Not well suited.
Cracks (ci ial) Occasionally found when inside.
Dents and Buckles Detectable.
A sch ic of the in-line i ion (ILI) pig d with MFL d i bl

including “excitation source” and “measurement probe” is shown in Figure 1.3.

Permanent Magnet
’Dd«l
4 'S
r 4 - + ]
bis b :
Drive Brushes Sensors Data Pipe
Section Acquisition

Leakage Flux

Figure 1.3. NDE of gas pipeline. (This image is taken from web site www.battelle.org)

MFL pigs are designed to detect and characterize internal and external metal loss due

to various causes. To inspect a pipe, ferromagnetic material of the pipe-wall is magnetized



in the axial direction using permanent magnets as shown in Figure 1.3. The level of mag-
netization is maintained such that the pipe-wall in contact is completely saturated. When
the pig passes through a defective region (i.e. region with metal loss) some of the flux leaks
into the surrounding air as shown in Figure 1.3. The axial component of the leakage flux
is measured using a circumferential array of Hall-effect sensors. The measured Hall voltage
is a measure of the leakage flux density and constitutes the MFL signal. In a defect free
region, there is no leakage and the a low uniform amplitude signal is measured. In the
presence of metal loss corrosion, the flux ‘leaks’ into the air producing a local change in
the measured MFL signal. The information in this signal can be utilized to detect and
characterize anomalies in the pipe wall.

MFL signals measured as the pig moves through the pipe are often corrupted with
noise from various sources. Seamless pipe noise (SPN) due to variation in the magnetic
properties of the pipe material, sensor lift-off variations and system noise due to on-board
electronics are prominent sources of noise and artifacts. Signal interpretation proposed and
implemented here is a two step process: (1) Segmentation of the regions in MFL signal
having potential defects, (2) Solution of the inverse problem to predict the defect profile

from the information contained in the segmented MFL data.

1.3 Organization of the Dissertation

The dissertation is organized into 6 chapters. Chapter-1 begins with introduction and
statement of the problem.

Chapter-2 deals with the physical principles underlying the MFL inspection method.
The physics of magnetic flux leakage and its detection is explained briefly along with the
instruments that are used for this purpose by the industry. This chapter also describes the
challenges in MFL inspection in detail and states the precise scope of the dissertation.

Chapter-3 begins with a discussion regarding the post processing of raw MFL signals

obtained from MFL inspection. This is followed by segmentation of signal, using various



filtering techniques. The segmentation process identifies and segments the regions of interest
(ROIs) enclosing potential defects. The compensation of MFL signal to make it invariant
to changes in wall thickness, permeability and velocity are also discussed here.

Chapter-4 focusses on solution of the inverse problem using a direct inversion technique.
Radial basis function neural network (RBFNN) is used for predicting the 3-dimensional
depth profile of defect from the two dimensional MFL data. The traditional model of the
RBFNN is first described and its limitations with respect to handling of large dimensional
input and output vectors are discussed. Modifications of the traditional architecture and
algorithms are then proposed and described. The traditional and modified approaches are
implemented and tested on experimental data. The results are discussed.

Chapter-5 focusses on the solution of the inverse problem using an iterative inversion
technique. The RBFNN is used as an intermediate tool to model the forward problem
of predicting the MFL signal for a given defect geometry. The simple iterative inversion
approach is described first. This approach is found to converge very slowly due to high
dimensionality of the data. A new approach involving adaptive use of two-dimensional
wavelet transform is proposed. Both the approaches are tested on experimental data and
the results are discussed.

Chapter-6 presents the conclusions and also indicates the scope of the future work in

this field of research.



CHAPTER 2
Magnetic Flux Leakage Inspection

2.1 Brief History of Magnetic Flux Leakage Inspection

Magnetic flux leakage techniques were used as early as 1868 by the Institute of Naval Archi-
tects in England, where defects in magnetized cannon tubes were found with a compass [10].
In 1918, magnetic particle inspection was accidentally discovered [19]. Magnetic particles
(iron shavings) were held in place by a local change in magnetic flux at the surface near
a defect. The development and commercialization of magnetic particle inspection followed
soon after [8], [9]. MFL inspection systems are based on the same principles as magnetic
particle inspection. The main difference between MFL and magnetic particle inspection is:
MFL methods use sensors for quantitative measurements of the magnetic leakage field while
the magnetic particle inspection methods do not. MFL sensors, which were developed in
the 1920’s and 30’s, [8] measure the leakage magnetic field around a defect. Sensors allow
quantitative measurement, as opposed to the qualitative information provided by particles.
The first MFL in-line inspection (ILI) tool for pipelines was introduced in 1965 by Tubo-
scope [31]. Since 1965, MFL tools have gained wide acceptance by the gas transmission

industry and since then there has been a consistent growth in their performance.



2.2 Theoretical Aspects of Magnetic Flux Leakage (MFL)

Inspection

A block of steel with a crack
on surface

Axial Cross Section of the block showing
the applied magnetic field

Figure 2.1. A block of steel with a defect on surface.

The theoretical aspects of Magnetic Flux Leakage (MFL) were first investigated by Lord
et. al. in 1972 [25]. A fer ic sample to be i d is first ized either using

a yoke, current carrying conductor or by a permanent magnet. Consider a block of steel,
having a crack on its surface as shown in Figure 2.1. Transverse and axial cross sections of
the block are also shown for clarity. Magnetic flux density B is induced axially using the
permanent magnets placed at the ends as shown. In the defect region, the cross sectional

area available for the passage of flux reduces, thereby increasing the flux density from B to



B, as shown in B-H curve in the Figure 2.2.
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Figure 2.2. Magnetization characteristics. (This figure is obtained from the website
http: //www.battelle.org)

Consequently, permeability of the material reduces from P to P’. Increased induced flux
in the defect region, reduces permeability of the material in the vicinity. Since flux lines
follow the path of least reluctance, some of the flux leaks into the surrounding medium. This
leakage flux is measured with the use of Hall-effect sensors (The details of Hall-effect are
discussed in Section 2.2.1.) as described in the following subsection. The measured leakage
flux signal is called as MFL signal. As described in [25], the leakage flux distribution is a
complex function of the defect geometry. The inverse problem associated with prediction
of defect geometry from knowledge of the MFL signal is often ill-posed. Figure 2.3 shows
variation in the leakage flux distribution with increase in applied magnetic field. The
more the applied field strength the more is the leakage flux, and more is the accuracy of

the measurement. In most practical cases, in order to get maximum leakage flux, a strong



magnetic field is applied to keep the material in saturation. In saturation region the leakage

flux is insensitive to the magnetizations of the sample.

Low Magnetization

Figure 2.3. Flux leakage at various magnetization levels.

2.2.1 Hall-Effect

Hall effect is named after an American physicist Edwin H. Hall. In 1879 Hall observed
that when a current carrying conductor is placed in a magnetic field, an electric voltage
(now called as Hall Voltage) is developed at the ends of the conductor perpendicular to the
direction of current and the magnetic field. Details of the quantitative relationship between
Hall Voltage and other factors involved is described below.

Consider a rectangular conducting plate of thickness d as shown in Figure 2.4. Let
current I be passed along the length of the material. The direction of the magnetic field B
is perpendicular to the direction of current as shown. The magnetic field exerts a transverse
force Fy, on the moving charge carriers in the conductor. Separation of the charge carriers
towards the sides of the conductor produces an electric force F that balances the magnetic
force F,,,. Voltage developed at the ends of the conductor due to separation of the charge

carriers can be measured. This voltage is called as Hall Voltage Vy. Let n be density

10



Magnetic — —+

4
y » Direction of

conventional curmet

Figure 2.4. Theory of Hall-effect.

of the mobile charges on the conductor and e be the electric charge on an electron. The

quantitative expression for the Hall voltage is given as,

_IB

Vi = 14

(2.1)

When all the variables in Equation 2.1 except B are constant, the Hall voltage is directly
proportional to the applied magnetic field. Using this principle a probe can be developed
to measure the magnetic field in terms of Hall voltage. As current must be passed through
the conductor in order to observe the Hall voltage, the Hall-effect sensor is an active sensor.

Hall effect sensors are widely used in the MFL inspection assembly.

11



2.3 MFL Inspection of Gas Pipelines

The MFL tool used for inspection of gas transmission pipelines carries a permanent magnet
as an excitation source for the axial magnetization of pipe-wall. Leakage flux is measured
using a circumferential array of Hall-effect sensors. The inspection assembly is mounted on
a commercial tool called a pig. Figure 2.5 shows the schematic of MFL inspection assembly

on a pig and Figure 2.6 shows full schematic of the pig.

ks
\'I
Hall-effect Sensors
/A /<
\ N
/
>
/ ‘s\- \\ p; -
\“"
Permanent Magnets

Figure 2.5. MFL inspection schematic.

As a general practice, pipe walls are magnetized to saturation using permanent magnets.
When there is a crack or metal loss in the pipe wall, magnetic flux leaks into the air
surrounding it. This leakage flux is captured by Hall-effect sensors. Hall-effect sensors
convert the flux into electric voltage signal as explained before. This signal, called as MFL

signal is stored for further analysis. All three components (axial, radial and circumferential)

12
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Figure 2.6. A schematic of the pig.

of the magnetic flux density can be measured using appropriate orientation of the Hall
element. In order to reduce the data to be analyzed, most of the commercial tools measure
only the axial component. The analysis performed in this thesis also deals with only the
axial component of the MFL signal. The analysis and interpretation of MFL signal to assess

integrity of the pipe involves following steps:

1. Preprocessing of MFL signal: The MFL signal is corrupted with noise due to various
sources; seamless pipe noise (SPN) being the dominant source. This step involves
denoising and compensation of MFL signal. MFL signal obtained from pipes with
different wall thickness or different materials with different permeabilities can vary
significantly. In order to have a uniform analysis system the MFL signal is com-
pensated for variation in wall thickness and permeability of the pipe. Variation in
velocity of the pig introduces some artifacts in the measured signal. These artifacts

are removed using velocity compensation techniques.

2. Segmentation of the defect areas: This step identifies the regions having potential
defects in MFL signal. These regions are called regions of interest or ROIs. Restricting

all the further analysis to ROIs greatly reduces the amount of data to be analyzed.

3. Solving the inverse problem: Processing the MFL signal in the ROIs to solve the
inverse problem of predicting the 3-dimensional depth profile of the defect in the

pipe-wall.

4. Prediction of mazimum allowable operating pressure (MAOP): Using depth profile

information along with finite element modeling (FEM) technique to find the MAOP
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of gas that can be transmitted through the given pipe. The details of FE modeling

are excluded from the scope of this dissertation.

2.4 Summary

The fundamental physical concepts underlying the magnetic flux leakage technique have
been discussed in this chapter. The subsequent chapters continue with the discussion of the

signal processing aspects in the interpretation of signal measured using the MFL assembly.
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CHAPTER 3

Preprocessing and Defect

Identification

3.1 Introduction

The raw MFL signal obtained from the pig is often corrupted with noise from various
sources. As a first step in the processing of MFL signal, the regions of interest (ROIs) that
contain the potential defects are identified. A ROI is defined as a rectangular region in
two-dimensional MFL signal space that encloses one or more potential defects. Noise in the
MFL signal makes identification of the ROIs difficult. In addition to noise the MFL signal

is also affected by other factors such as:
1. pipe grade or wall-thickness
2. permeability of the pipe material
3. velocity of the pig during the inspection process.

It is essential to compensate the MFL signal in the ROIs to make it independent of these
variations. A uniform analysis procedure can then be applied to the signal in the ROI.
The first half of this chapter discusses different approaches used to identify the ROIs in

presence of noise, and the second half of the chapter discusses the compensation techniques
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used for making the signal in ROI invariant to the above mentioned factors.

3.2 Effect of Noise on MFL Signal

The raw MFL signal can be corrupted with noise from various sources. These include
seamless pipe noise (SPN), lift-off variations and system noise due to on-board electronics
and electromagnetic interference (EMI). The effect of SPN is generally stronger than the

other two types of noise.

3.2.1 Seamless Pipe Noise (SPN)

Seamless pipes do not have welds along the axial direction and are manufactured using a
special process involving a series of piercing, rolling and milling operations. The helical
nature of these operations induce mechanical stresses in the pipe material. These stresses
modify the magnetic properties of the material in such a way that a quasi-periodic signal,
called SPN is superimposed on the raw MFL signal during the inspection of these pipes.
Depending on the manufacturing of each pipe, the SPN level can vary. MFL signals with
different levels of SPN are shown in Figures 3.1 and 3.2.

800 1000 1200 1400 1600 1800 2000

Figure 3.1. Sample raw MFL measurements with relatively high level of SPN.

The MFL signal shown in these figures is 2-dimensional. The horizontal direction is

along the axis of the pipe and the vertical direction is along the ci of the pipe.

The signal in a row the signal coll d by a single Hall-effect sensor as the pig



Figure 3.2. Sample raw MFL measurements with relatively low level of SPN.

moves along the axial direction and the signal in a column represents the signal obtained
from all the sensors located along the circumference of the pipe when the pig is at same
axial location. Thus the number of rows is equal to the number of sensors present on the
instrument. As can be seen from Figures 3.1 and 3.2, the relative magnitude of SPN with
respect to the MFL signal can vary substantially. This variation poses a challenge to develop

3

a uniform p e to elimi all types of SPN from given MFL data.

3.2.2 Lift-off variations

The internal surface of the pipe along which the MFL inspection assembly moves is not
uniform. The wear plates, internal deposits and liners create non-uniformities; as a result,
the distance between the Hall-Effect sensors and actual pipe surface fluctuates randomly.

The presence of such lift-off has two effects:

1. Base Level Shift: Amount of air-coupled field increases due to lift-off. A higher base

level is measured for a sensor with larger lift-off than for a sensor with smaller lift-off.

2. Signal Level Shift: There is a change in signal level at defects. The additional sep-
aration due to increasing liftoff decreases the amplitude and increases the length or

duration of the signal.

Effect of lift-off can be reduced by making simple changes in the magnetizer assembly.

Introduction of the brush system to reduce magnetizer stand-off is one such change. Brush
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system magnetically couples the flux to the pipe. Brushes also serve to soften impact of
the magnetizer and sensors on pipeline intrusions such as welds, valves, branch connections,
etc. At low inspection speeds, the brush length could be reduced by at least the lift-off to

reduce the air-coupled field and increase the magnetization level in the pipe.

3.2.3 Proposed Schemes for Defect Detection

The two noise sources mentioned above produce non-stationary and time varying signals
that corrupt the MFL signal. The objective is to detect and analyze the ROIs in this noisy
signal. The first approach for detection of ROIs uses an adaptive filter to remove the noise.
Adaptive Noise Cancelation (ANC) filter as proposed in [40] is used for this purpose. The
tap weights of the filter are updated by means of least mean square (LMS) algorithm [1].
In the second approach, instead of filtering the MFL signal it is transformed into higher
order statistics domain using higher order statistics transformation (HOST) to detect the
ROISs in presence of noise. The statistics based approach is a new contribution presented in
this dissertation [21] and it provides distinct advantages over the approach based on adaptive
filtering. Following sections describe each algorithm in detail followed by a comparison of

results on experimental data.

3.3 Adaptive Filtering for removal of SPN

3.3.1 LMS and NLMS Algorithms

The adaptive noise cancelation (ANC) filter was first developed by Widrow [40], [33] as an
application of the fundamental adaptive filter. The ANC filter assumes the availability of
a reference noise source that is highly correlated with the noise corrupting the information
bearing signal. The architecture of an ANC filter is shown in Figure 3.3. b(k) is the
reference noise source, s(k) is the information bearing signal that is corrupted with noise

n(k). d(k) = s(k) + n(k) is the MFL signal to be filtered. Thus we have,
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Figure 3.3. Architecture of adaptive noise cancelation (ANC) filter.
and
d(k) = s(k) + n(k) 3.2)

All the signals are vectors of length ; [ being length of the filter. Parameter k represents
the iteration number. It is assumed that the noise in d(k) (denoted as n(k)) is correlated

with reference noise source ng(k).
p{n(k),no(k)} =~ 1 (33)

The symbol p denotes correlation coefficient between n(k) and ng(k). It is also assumed

that the noise signals and the information bearing signals are uncorrelated.

pls(k), no(k)} ~ 0 (3.4)

pls(k),m(k)} =0 (35)

The adaptive filter h(k) produces output y(k) using convolution operation in the time
domain.

y(k) = b(k) * h(k) (3.6)



The symbol * denotes the operation of convolution as defined in Equation 3.7.

i=l-1

y(k)= > b(i)h(k — i) (3.7)

1=0

The scalar error signal e(k) is obtained as,

e(k) = [|d(k) - y(k)ll (3.8)

The weights or coefficients of the filter h(k) are updated by means of the least mean
square (LMS) algorithm. The objective is to minimize the mean square error, E[|e(k)|?].
Using Equation 3.8, this translates to the minimization of E[||n(k) — y(k)||%]; see [1]. The
filter h(k) is adapted to model n(k) using the reference noise source ng(k). The adaptive
LMS filter is preferred over an optimal Wiener filter, where the statistics of the signal is
not known a priori. In the long run the LMS filter produces near optimal solutions and
resembles a Wiener filter [1,9] if the given signal is wide sense stationary. It is asserted that
in most practical situations the LMS filter can outperform the Wiener filter [17] due to its
flexibility in adapting to the local changes in the data. However, to ensure the stability of
the LMS filter the input data must be at least wide sense stationarity (WSS). The update

equation for LMS filter is given in Equation 3.9.
h(k + 1) = h(k) + pb(k)e(k) (3.9)

The step size, also called as learning rate, u, plays a crucial role in the stability of the filter.
Theoretically, the learning rate should be chosen based on the highest eigenvalue (Amax) of

the covariance matrix of the input data [17], [18] as,

1
2Amax

p< (3.10)

The LMS filter is sensitive to rapid changes in the input signal b(k) and can become
unstable if the data loses wide sense stationarity. In order to improve the performance of
LMS filter, a normalized input signal is used for updating the weights. The resulting filter
is called a normalized LMS filter or NLMS filter. The update equation of NLMS filter is
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given in Equation 3.11.

_ p ,
h(k +1) = h(k) + 1570 (Re(k) (3.11)

The parameter o2 denotes the signal power of d(k) as defined in Equation 3.12.

i=l

o =) [d(i))? (3.12)

i=1
A NLMS filter has been experimentally verified to be more stable than the simple LMS filter.
As all adaptive filters are highly data dependent, their stability cannot be guaranteed in
general. It is always possible to encounter a signal where the given adaptive filter becomes
unstable. In the reference (18] various approaches are presented to model the long term
behavior and stability of these filters. In most practical situations, the statistics of the
input data is not known beforehand and learning rate is determined empirically. With
higher rate of learning, the filter converges faster but it becomes more unstable. Hence
there is a trade-off between convergence rate and stability. The length of the filter also
plays a role in determining the stability of the filter. Longer length filter are typically slow

to converge but are more stable and vice versa.

3.3.2 PNLMS Algorithm

Recently a new method of updating the weights using LMS architecture has been proposed;
proportionate NLMS or PNLMS [18]. In LMS or NLMS methods, the increment in the
weights is made proportional to the input (without or with normalization) and the scalar
error. However the previous values of the weights do not participate in quantifying their
updates. In such cases, conceptually, energy contained in the error e(k) is distributed to
different weights of the filter regardless of their previous values. Ideally, weights having
larger values must be incremented with a larger step size than weights having lower values

in order to have the optimal distribution of energy. The PNLMS paradigm addresses this
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issue. The update equations for PNLMS are given in Equations 3.13, 3.14 and 3.15.

gi = max {pmax {4, |hy(k)|, ..., |[hi(K)|}, |hi(K)|} (3.13)
_ pG(k)

k) = S GRbRE) T a (3.14)

h(k + 1) = h(k) + p(k)b(k)e(k) (3.15)

The matrix G(k) is a diagonal matrix and the diagonal elements are given in Equation
3.13. The parameters p and § are small positive real numbers employed to ensure that the
diagonal elements of G do not become zero. The parameter a is also a small real positive
number added to denominator to avoid division by zero. The parameters are chosen so that
0< a,p,d8 < 1and h;y(k), ..., (k) denote the coefficients of the filter in iteration number k.
The further details about PNLMS algorithm and its variations can be found in [18]. Basic
implementation of PNLMS algorithm is used in this thesis. Due to the matrix computation
required in each step of the update, the PNLMS algorithm is extremely slow in execution

compared to the other LMS algorithms.

3.3.3 Applying ANC for SPN removal

As can be seen from Figures 3.1 and 3.2, SPN shows some sort of periodicity along each
row. As this periodicity is not well defined, SPN is said to be quasi-periodic. In order to
apply LMS adaptive filters for removal of SPN (1], the input signals d(k) and b(k) need to
be identified. Each row in the two dimensional image represents the MFL signal reported
by a sensor as pig moves along axial direction. It is observed that SPN in the neighboring
rows of MFL signal show a large correlation. For canceling the SPN in a given row (dx)
one of the neighboring rows can be used as reference noise signal (bg). As the MFL signal
is obtained from a cylindrical pipe, the first and last rows in the MFL signal are actually
neighbors of each other. Thus each row of the signal can be associated with a neighboring
row for obtaining the reference noise source in a uniform cyclic manner. If the current row

of the MFL signal is n, then the reference noise signal is obtained from row n + 2. The

22



signal in each row is processed sequentially to obtain the filtered signal.

Raw MFL Data
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Figure 3.4. Results obtained by application of NLMS and PNLMS filters followed by wavelet

shrinkage denoising on raw MFL signal with high level of SPN.

It is interesting to note that filtered signal corresponding to the defect region is sub-

stantially different than the original signal; see Figure 3.5.

L8

Unfittered MFL signal cormesponding to defect

Figure 3.5. Difference between the PNLMS filtered and unfiltered signal in the defect region.

- ‘r "._ ;1

Filtered MFL signal coresponding to defect
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This distortion makes the filtered signal useless for the further processing. However,
the filtered signal has relatively higher signal to noise ratio (SNR) compared to the original
signal and hence thresholds applied to filtered signal generally give better segmentation
results.

The wavelet shrinkage denoising technique using a soft threshold is used to clean the
filtered signal [1]. The denoised signal is then subjected to a simple magnitude based
threshold to obtain the segmented MFL signal. The segmented MFL signal contains the
locations of the ROIs. The unfiltered MFL signal corresponding to the ROIs is used for
further processing. Thus it is important to note that although ANC filtering is used here,
the signal in the ROI is not filtered and is still corrupted with SPN. This noise is taken into
consideration while developing the regularization schemes used in the inversion algorithms
described in the following chapters.

The NLMS and PNLMS algorithms are applied to a raw MFL signal from Figure 3.1
and the results are shown in Figure 3.4. The performance of PNLMS filter appears be
marginally better than NLMS filter at the cost of higher computation time. Also a PNLMS
filter is more stable than a NLMS filter in most cases and is preferred over a NLMS filter.
An example demonstrating superior stability of a PNLMS filter compared to a NLMS filter

is shown in Figure 3.6.

3.4 Filter using Higher Order Statistics Transformation
(HOST)

A novel approach is proposed that uses higher order statistics of the MFL signal for seg-
mentation.‘ The assumption of wide sense stationarity is applicable to the signal due to
SPN. However, the MFL signal at the defect region is highly non-stationary and has higher
amplitude than the defect free neighborhood. This non-stationarity is reflected as sudden
change in the higher order statistics of the signals in an ROI. This change although visible

in the third and forth order statistics (skewness and kurtosis respectively), is not easy to
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Figure 3.6. An example where NLMS filter becomes unstable while a PNLMS filter remains
stable. 20" row of the signal in Figure 3.2 is shown.

differentiate using first and second order statistic (mean and variance respectively) that is
typically used for thresholding. It is observed that the skewness (depends of the left or
right peaked-ness of the signal) and kurtosis (depends on overall peaked-ness of the signal
as opposed to flatness of the signal) of the signal change rapidly in the local neighborhood
of the defect region. These statistics are not affected by the relatively stationary SPN. The
proposed algorithm makes use of this observation. The higher order statistics based filtering
procedure involves three steps: (1) Higher order statistics transformation, (2) Filtering in

the transformed domain and (3) Recovery of the filtered Signal.
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3.4.1 Higher Order Statistics Transformation

The matrix of original MFL signal D is expressed as D = F + N, where F is the non-
stationary MFL signal corresponding to the defects and N is the noise component due to
SPN. N is observed to be wide sense stationary. The skewness (zo(x)) and kurtosis (k(x))
operations are specified using a one dimensional moving window w;; of length I. Length
of w;; is chosen to be greater than the approximate period of the SPN. Elements of the

moving window w;; are defined as,
w;; =D(i,j +k),, wherea=1,..,landi=1,..,mand j=1,..,n—-1+1 (3.16)

The skewness and kurtosis of the data in window w;; are defined as,

1=l . _ =\3
w(x) = 2—'5‘—?% (3.17)
Y @-a)t
K(x) = =T 3 (3.18)

where o is the variance of x and Z is the mean of x.

The signal D of dimensions m x n in the spatial domain is transformed to the HOST
domain as matrix §2 of dimensions m x (n — ! + 1) using the moving window w;; as given
by,

Q(i, j) = w(wi;)k(wi;), wherei=1,..,mand j=1,..,n—-1+1 (3.19)

3.4.2 Filtering in the Transformed Domain

The transformed domain signal is denoted as 2. A threshold p is applied to §2 to obtain
€V according to Equation 3.21. The threshold p is obtained using global mean v and global
variance v of §2 as,

p=v+pPv (3.20)

Value of 3 is empirical and depends on noise. Typical values are 0.2 for low noise levels
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and 2 for high noise levels.
1, R(i,j)>p
Q(i,5) = y{i=1,..,mi3=1,..,(n-1+1)} (3.21)
0, Q(i,j) < p;

The regions of interest (ROIs) are identified from €' using a voting process as given

below:

1. Initialize a template matrix M, M(z,j) = 0;i = 1,..,mand j = 1,..,n 7 =1 and

c=1.

2. Update the template matrix as follows:
If Q =1, M(r,c) = M(r,¢) + 1 and M(r,c+1—1) = M(r,c+1 - 1)+ 1. In this
process, each signal point in the HOST domain that lies above the threshold votes for
two points in spatial domain. Each of the two points lie in the same row at a distance
equal to the length of the filter. As each point in spatial domain can contribute a
maximum of two points in the HOST domain, the maximum value of any point in the

template matrix is 2.
3. Increment ¢ = c+ 1.
4. fc>n—-1+1,c=1and r =7+ 1, else go to step 2.
5. If r > m go to step 6, else go to step 2.

6. Stop.

3.4.3 Recovering the Filtered Signal

The template matrix M contains pixels with values in {0, 1,2}. The cells in matrix M having
value 2 are the pivotal points in the MFL signal where the statistics of the signal changes
rapidly. These points represent the centers of the defects. The cells in D corresponding to

the cells in M having the value 2 are retained to get the final filtered signal F, which is an
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estimate of F. Figure 3.7 shows output at individual steps of the HOST based filtering on
a sample MFL signal. The threshold value is selected as described in the algorithm and is
kept constant for all the available data.

As seen from Figure 3.7, the final filtered signal directly provides the segmented defect
regions. The regions are narrow and concentrated at the center of the defect and do not
include the entire defect signature. These boxed regions are then expanded to capture entire
defect signal. The expanded regions are standardized to a box with constant dimensions

using zero padding from all the four sides.

3.4.4 Post-processing Filtered Signal

The filtered signal shown in Figure 3.7 shows some spurious indications that do not enclose
a defect. These indications are removed using variance based thresholding. Figure 3.8 shows

the result of this post processing.

3.4.5 Generalization of HOST Filter

HOST filtering algorithm described above is applied along the rows of the MFL signal. For
reference, denote this procedure as HOST-r. The same algorithm can also be applied along
the columns. The filtered signal is post processed as before. This procedure is labeled as
HOST-c. The results of using HOST-c are shown in Figures 3.9 and 3.10. Figure 3.9 shows
the result before post processing and Figure 3.10 shows the result after post processing. The
HOST-r process identifies more defects than HOST-c. However, the last defect in the second
row of defects is detected with HOST-c that is missed with HOST-r, see Figures 3.8 and
3.10. Thus the HOST-r process does not perform better than HOST-c in all the situations.
In order to achieve optimal detection performance, both the processes are independently

applied and the results are merged using simple OR operation.
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Figure 3.7. Intermediate steps in the processing of HOST based filtering.
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Figure 3.8. Post processing of the HOST filtered signal.

3.5 Comparison of ANC and HOST filters

The ANC filters with learning algorithm of LMS, NLMS or PNLMS are based on the
assumption that the input signal is wide sense stationary. Although this assumption is
satisfied by the noise signal, the signal corresponding to a defect region is non-stationary and
shows rapid changes in the amplitude. Thus strictly speaking, the stability of an ANC filter
cannot be guaranteed. Consequently they cannot be used in developing fully automated
analysis system. Adaptive filtering is essentially a sequential process and cannot exploit the
advantages of parallel processing architecture (typically used in high-speed computation).

HOST filtering approaches (HOST-r and HOST-c) are based on the non-stationarity
of MFL signal in the defect region. Stability of the algorithm can be assured due to its
non-adaptive and data independent procedure. The algorithm can be made arbitrarily fast

by executing it on a parallel processing machine; the process of higher order statistic trans-
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Figure 3.9. Intermediate steps in the processing of HOST based filtering along columns.
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Figure 3.10. Post processing of the HOST filtered signal applied along columns.

formation can be executed in parallel for different rows in HOST-r and different columns in
HOST-c.

The performance criterion used for comparing ANC filters and HOST filter is the signal
to noise ratio before applying threshold. With this criterion the HOST filters outperform
ANC filter by a considerable margin as seen in Table 3.1. The maz signal level represents
the maximum signal level of the least detectable defect and maz noise level represents the
maximum signal level outside all the defect regions.

Table 3.1. Quantitative comparison of the performance of ANC and HOST filters.

Max Signal Level | Max Noise Level | SNR
NLMS 39.76 30.34 1.3103
PNLMS 34.49 19.75 1.74
HOST 39.70 3.5134 11.3018

The results described in Table 3.1 for HOST filter refer to the use of HOST-r filter alone.

All the methods of defect identification discussed above suffer from a common draw-
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back. None of the methods is capable of removing the SPN content in the MFL signal
corresponding to the defect region. As the defect region has higher magnitude than the
average magnitude of SPN in the local neighborhood, the signal still possesses the discrim-
inating capabilities for further processing. This noise is accounted for during the inversion
algorithms by using regularization scheme.

Typically in an inspection the volume of the data collected over the hundreds of miles of
pipeline can be very large (hundreds of Gigabytes). The segmentation step vastly reduces
the amount of data that is analyzed subsequently. Typical reduction in the data is of the
order of 1000.

3.6 MFL Signal Compensation Techniques

Preceding section described the defect segmentation techniques using various methods. The
segmented MFL signal needs to be processed further before applying the inversion algo-
rithms for predicting the 3-dimensional depth profile of the defects. This processing is
commonly referred to as signal compensation. The compensation is required to make the
MFL signal invariant to changes in following parameters: (1) Velocity of the pig and (2)
Change in the permeability or wall thickness of the pipe material. Changes in permeability
of the material and wall thickness affect the signal in the same way and hence a uniform
compensation technique can be used for eliminating the effects of both parameters. The

following sections describe the compensation techniques in detail.
3.6.1 Velocity Compensation

Basic Theory of Velocity Effects on MFL signal

In the theory of electromagnetics, induced currents in a conductor are governed by two laws:
Lenz’ law and Lorentz’ law [20]. Lenz’ law explains the generation of opposing magnetic
fields with a macro-perspective view while Lorentz’ law provides a micro-perspective view

of the same by examining electron interactions in a magnetic field.
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Lenz’s law states that velocity of a moving magnet induces a magnetic field that opposes
the direction of the inducing magnetic field. In the context of MFL inspection, the moving
tool generates currents in the pipe that produce a magnetic field that reduces the strength
of the applied magnetic field.

Lorentz’ Law provides information about the coupling between mechanical motion and
the magnetic field. It states that a charge moving perpendicular to a static magnetic field
experiences a force, called as Lorentz force, perpendicular to both the velocity and the field.
The direction of the Lorentz force is given using the right hand thumb rule. Although this
law is more commonly used to describe the deflection of an electron beam in a cathode ray
tube, Lorentz’ law also applies to conducting material moving relative to a perpendicular
static magnetic field. The magnetizing tool moving down the pipeline is such a case. Here,
the Lorentz force induces a current density within the conducting material. The velocity
induced current density, J, the velocity of the conductor relative to the field v, and the

magnetic flux density B, are related as,

J = o(ve x B) (3.22)

where o is the conductivity of the material and “x” is the cross product operator. Due to
the cross product operation only the orthogonal components of v, and B are responsible
for inducing the current density, J.

When v, and B are in the same direction, there is no induced current due to velocity,
and when v, and B are perpendicular to each other the maximum current is induced. This
theory was formulated to explain generation of electricity in the moving conducting wire in
a stationary field. According to the convention, v, is the velocity of the conducting material

relative to the field.

Applying Electromagnetic Theory to Pipelines

The direction of motion of pig and the field direction must be orthogonal to each other in

order to generate current that will affect the inspection results. Using a cylindrical coordi-
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nate system to describe the magnetizer moving through a pipe, the direction of magnetizer
motion —v, is always in the axial direction. So, a magnetic field in radial direction B,
or circumferential direction By is needed to induce currents. The magnetic field in axial

direction is denoted as B,.

Figure 3.11. Velocity effects on MFL signal.

Magnetic field in radial direction, B,, produces an induced current in the circumferential
direction, J4 as shown in Figure 3.11. The pipe acts as a loop to complete the current
path for circumferentially flowing current. Magnetic field in circumferential direction, By,
produces a radial current, J,. Enclosed current path does not exist for current flowing in
radial direction.

Radial and ci fi ial ic flux densities occur at two places: near defects

and near the brushes, where the magnetic energy is coupled into the pipe. Near the point
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of contact, commonly referred to as the pole pieces of magnetizer, majority of the flux is
radial and the induced current flows circumferentially around the pipe. Near defects, the
flux leaks out both radially and circumferentially, and the induced current flows close to

the defect.

Compensation of Velocity Effects

The compensation of velocity effects can be done using non-linear systems such as neu-
ral networks, or using the theory of linear systems. An approach using a Wiener filter
deconvolution is presented here.

The compensation operation is performed along each row of 2D MFL signal as shown
in 3.1 and 3.2. In each row a moving window operator of length [ is applied for performing
the deconvolution. Let the true MFL signal vector be denoted as d(n) and modified MFL
signal due to velocity effects be denoted as x(n). The signal x(n) is the measured signal
and d(n) is the true MFL signal that needs to be recovered. Let the velocity effects be

represented in the form of a filter g(n). Hence we have,
x(n) =d(n) xg(n) (3.23)

where the operator * represents convolution. The deconvolution problem can be formally
stated as recovery of the signal d(n) by estimating an inverse filter g~!(n) that restores the
true MFL signal as,

d(n) = x(n) *g~!(n) (3.24)

The convolution operation becomes multiplication and the deconvolution operation becomes
division in the frequency domain. Thus, the frequency domain representation of the decon-

volution can be written as,
X ()

D) = Gem)

(3.25)

where D(e/*), X(e/*) and G(e’*) denote the frequency domain representations of d(n),

x(n) and g(n) respectively. In practice, x(n) is also corrupted with some additive noise
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w(n), which is not correlated with signal d(n), and the expression for x(n) can be written
as’

x(n) = d(n) * g(n) + w(n) (3.26)

The Wiener filter produces minimum mean-square error estimate (MSE) of d(n) from x(n).
Let h(n) be IIR linear shift-invariant filter and let d(n) be the estimate of d(n) that is
produced by filtering x(n) with h(n).
0
d(n) = x(n) xh(n) = Y h()x(n-1) (3.27)
l=—00

The filter coefficients h(n) minimize the mean-square error defined as,
e = E{ld(n) ~ d(n)|*} (3.28)

h(n) provide the solution to the Wiener-Hopf equation, R;w = rg;, where R, is a Hermitian
Toeplitz matrix of autocorrelations. w represents the filter coefficients and rq, represents
cross-correlations between the desired signal d(n) and the observed signal x(n).

This method is used throughout this dissertation for compensating the MFL signal for
changes in the velocity of the pig. Figure 3.12 is an illustration of where the MFL signal
measured with velocities 3, 5 and 7 miles per hour are compensated to match the MFL

signal measured at a reference velocity of 3 miles per hour.

3.6.2 Permeability and Wall-Thickness Compensation

Wall-thickness (WT) determines the amount of magnetic flux that can flow inside a pipe.
Greater WT leads to a weaker leakage signal. This effect is similar to the increase in perme-
ability of the pipe. In order to have a uniform analysis algorithm for different pipes (with
different WTs and permeabilities), the MFL signal needs to be compensated for variations
in WT and permeability. The idea <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>