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ABSTRACT

Independent Component Analysis for Enhanced Feature Extraction
in NDE Applications

By

Byung Hyuk Shin

In this thesis. independent component analysis (ICA) 1s proposed for enhancing flaw
information in eddy current nondestructive evaluation (NDE). ICA provides a method for
representing data as weighted combination of independent components and higher-order
statistics of the data is used to minimize the dependence between the components of the
system output. Multi-frequency eddy current testing is a widely used NDE method in
situations where the defect signal is corrupted by noise and contributions from external
supports that makes the analysis challenging. ICA, along with an affine transformation as a
preprocessing stage. is shown to extract the defect signal from a combination of defect.

support and noise signals. while improving the SNR.
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1. INTRODUCTION

Steam generators (SG) are heat exchange units in nuclear power plants (NPP) [1]. The
function of the steam generator is to transfer the heat generated in the primary loop to a
mixture of water and steam circulating outside the tube. The water around the tubes absorbs
the heat and vaporizes into steam which is used to run the turbines. Ferromagnetic support
plates in the steam generator located at periodic intervals are used to anchor the tubes. The
steam generator tubes and support plates when exposed to extreme environments such as
high temperature and pressure can result in corrosion products which are deposited in the
crevice between tubes and support plates. This, in turn, leads to denting, thinning and
cracking of the tube. When cracking occurs in the tubes, radioactive primary water can leak
and contaminate the water and steam used to drive the turbines. Hence, it is very critical to
find small flaws in the SG tubes before they develop into a propagating crack.

It is critical that there is no leakage of fluid from the primary loop into the secondary
loop. However, the harsh environmental conditions cause the tubes in the SG unit to be
subjected to various types of degradation mechanisms such as mechanical wear between
tube and support plate, outer diameter stress corrosion cracking (ODSCC), pitting,
volumetric changes, primary water stress corrosion cracking (PWSCC) and inter granular
attack (IGA), all of which result in tube thinning and cracking. Since the outage of a NPP
costs almost $500,000 a day, there is a strong motivation to develop a reliable method to
assess the safety of the unit. The steam generator tubes are inspected periodically for

cracks, and degradation.
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Figurel.1 Schematic of a Nuclear Power Plant

Eddy current technique [2,3] is a widely used practical tool for inspecting SG tubes.
Although the measured eddy current data contain information related to defects, it is
sometimes corrupted by noise and contribution from external support plates that make the
analysis challenging. This problem is usually solved by means of a mixing algorithm [4]
implemented using multi-frequency eddy current data where a signal at a low excitation
frequency is transformed to the corresponding signal at high frequency and the transformed
signal is subtracted from the measured high frequency signal to suppress the tube support

plate (TSP) contribution.



This thesis investigates the use of Independent Component Analysis (ICA) to separate
out the signals due to defects and tube supports from noise. The measured data is modeled
by a combination (linear or non-linear) of the sources that is represented using a mixing
matrix. The objective of ICA is to invert the unknown mixing system and to estimate the
individual source signals. In general, the mixing and the separation problem can be
formulated as

§=Wx where x=As (1.1

where s is source signal, x is measurement, § represents the estimated source signal.
A is mixing matrix and W is separation matrix that is the inverse of A.

Under the assumptions that (i) all sources are mutually independent, (ii) the signals are
linearly mixed and (iii) no individual source signal is Gaussian, the separation system can be
obtained by maximizing the mutual independence between components.

ICA was originally developed to solve the cocktail party problem of extracting speech
signals of individuals from data obtained by recording sounds from a roomful of people. It
was originally addressed as the problem of blind source separation by Christian Jutten and
Jeanny Herault in the early of 1980's {5, 6]. In the context of blind source separation, the
inverse problem has been well studied and many algorithms have been developed depending
on the nature of the mixing model. The problem of blind source separation is more difficult
since the mixing matrix is unknown. The only assumption made by Jutten and Herault was
the independence of the source signals. A fast and efficient algorithm was required and Bell
and Sejnowski obtained the result based on infomax approach to ICA [7]. S. Amari soon
realized that the infomax ICA algorithm could be improved by using the natural gradient,

which multiplies the gradient of the feed forward weight matrix by a positive definite matrix



and makes it converge faster by eliminating the matrix inversion [8]. This allowed infomax
ICA algorithm to be practical for various problems in the real world. In 1998, Te-Won Lee,
Mark Girolami and Sejnowski developed the extended version of infomax ICA algorithm
that is suitable for general non-Gaussian signals [9]. Finnish researchers, A. Hyvirinen and E.
Oja, developed the fast and robust metric known as fast ICA algorithm for fixed-point data
(10, 11].

This thesis is organized into 6 chapters. Chapter 2 describes the physical principles of
eddy current technique and multi-frequency eddy current (MFEC) data while Chapter 3
presents the primary approach proposed in this thesis, namely independent component
analysis (ICA). Chapter 4 introduces the application of ICA to ECT data and finite element
method (FEM) for NDE. The simulation results are presented and discussed in Chapter 5.

Conclusions and directions for future work are given in Chapters 6.



2. EDDY CURRENT TECHNIQUE

2.1. Principles of Eddy Current Technique (ECT)

Eddy Current Method is a widely used nondestructive testing technique in nuclear,
aerospace, power, transport, petroleum and other industries to inspect conducting
samples for detection and characterization of defects, corrosion and other variations. ECT
is based on electromagnetic induction and hence direct electrical contact with the
material is not required. ECT is widely used largely, because it is a non-contact method
and can detect surface and sub-surface defects (fatigue cracks, stress corrosion cracks)
with high-speed, accuracy and reliability.

ECT is principally based on the Maxwell-Ampere law and Faraday’s law of
electromagnetic induction. When a coil is excited by alternating currents, a time-varying

magnetic field is set up in accordance with the Maxwell-Ampere law [12].
f Hedl =[[ Jods 2.1)

When the coil is brought close to a conducting material, the primary field associated

with the coil induces EMF in the medium according to the Maxwell-Faraday law.
§ Eedl =- HS%—B ods (2.2)
t

which produces eddy currents that flows in closed paths and it is shown in Figure 2.1.
According to Lenz’s law, the EMF and induced currents are directed so as to oppose
the change that produces them. The magnetic field set up by the induced eddy current
opposes the primary magnetic field associated with the coil. When the test specimen is
nonferromagnetic the net flux linkages of the coil decreases which in turn decreases the

inductance of the coil. Accompanying the decrease in the inductance is an increase in



resistance of the coil since the eddy current losses incurred in the specimen has to be met
by the source of primary excitation. The presence of discontinuity in the material results
in the different magnetic flux linkages. Therefore, the changes in coil impedance due to
the presence of flaws can be analyzed to estimate the surface properties of the specimen

[13].

Alternating Current

/ / Eddy Current ™ &

Material

Figure 2.1 Eddy Current Principle

Eddy current signals are displayed as horizontal and vertical channel data of the
complex impedance in the impedance plane and trajectory. The eddy current probe data

can be measured using an AC bridge as shown in Figure 2.2.
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Figure 2.2 Simplified Model of ECT Probe

In a direct current (DC) circuit, current and voltage can be represented by the magnitude.
However, the analysis of alternating current (AC) circuit is more complicated. Since the
magnitude of current and voltage vary with time, not only the magnitude information but
the phase information must be taken into account. Assume that a resistor and inductor are
connected in series with an oscillator (Figure 2.2). This is a typical AC circuit and can be
considered to be a simplified model of probe. The inductor models the reactive part of the
coil while the resistor models both coil wire and cable resistance. For this circuit, the voltage
across the inductor (VL) leads the current (I) by 90° while voltage across the resistor (Vg)
has the same phase with the current. Therefore, the current can serve as a point of reference.
As a result, the voltage across the inductor leads the voltage across the resistor by 90°. The
voltage across the resistor and inductor (V) leads the current (or the voltage across the
resistor) by an angle less than 90°.

To evaluate the total voltage (Vr), we add the voltage across the resistor (Vi) and the

inductor (V).



V: =V +V,
=I(R + jwL) 2.3)
= IRsin(wt + 0) +jwLsin(wt + n/2)

Hence, the impedance is represented as
\A . Lo
Z= —I— = Rsin(wt) + jwLsin(wt + /2) 24)

The two terms in the last equation (2.3) contain the amplitude and phase shift. Hence,
they can be represented by phasors. The amplitude of the first term is R and the phase

shift is O while the amplitude of the second term is wL and the phase shift is n/2.

2.2. The Eddy Current Phenomenon

The governing equation for eddy current phenomenon can be derived from Maxwell's

equations [12, 14]. In differential form, the Maxwell's equations can be written as

_ 9B

VxE= > (2.5)
VxH=]J+ B_D (2.6)
or

VeB=0 2.7
VeD=p (2.8)

and the constitutive relations for isotropic, linear and homogeneous medium are
B=uH 2.9)
D=¢E (2.10)
J=0E (2.11)



where
€ is the electric permittivity (farads/m)
M is the magnetic permeability (Henry/m)

o is the electric conductivity (mhos/m)

Since VeB=0, B can be expressed as the curl of the vector magnetic potential A
given by
B=VxA (2.12)

Substituting for B in equation (2.5)

VXE=-Vx a—A
ot
or Vx(E+a—A—)=O (2.13)
ot
Using the vector identities we express
E+a—A=—V(p (2.14)
ot

where ¢ is the scalar electric potential.

Substituting equation (2.11) in equation (2.14) we have

oA 0A
J=—(O‘E+O’V¢)=—03+Js (215)

where Jg =-0V¢ is the source current density and a%’% is the induced eddy current

density.



At the excitation frequencies for eddy current testing the displacement current %—It) in

equation (2.6) is negligibly small incomparison with the conduction current density J
and equation (2.6) reduces to

VxH=] (2.16)

Substituting equations (2.9) and (2.15) into (2.16)

[VxEJ=JS-a§i 2.17)
Y7, ot
Using equation (2.12)
1 0A
(Vx—(VxA)j=Js—a— (2.18)
M ot

Assuming a homogeneous medium and using the vector identity
Vx(VxA)=V(VeA)-V3A (2.19)
we arrive

iv2A=a§£-Js (2.20)

H
where Ve A =0 choosing the Coulomb gauge.
Assuming that the fields vary harmonically in steady state we can express A as
A=Ay ™™ (2.21)
where w is the angular frequency.

Substituting (2.21) into (2.20), we obtain

L192A= jwor-J, 2.22)
u

The solution of equation (2.22) can be obtained analytically only for very simple

geometries such as infinite half plane media.

10



2.3. Skin Effect

Eddy currents are closed loops of induced currents circulating in planes perpendicular

to the magnetic flux. They are oriented parallel to the coil winding and are limited to the

area of the inducing magnetic field. Excitation frequency determines the depth of

penetration into the specimen; as frequency increased, the depth of penetration decreases

and the eddy current distribution becomes denser near the specimen’s surface. This is

known as the skin effect. This implies that test frequency also affects the sensitivity to

changes in material properties and defects.

The depth of penetration depends on the operating frequency and properties of material

such as electrical conductivity and magnetic permeability. The value of the skin depth can

be determined from Maxwell’s equation as follows [13].

Using equation (2.11), equation (2.16) can be written as

VxH=0E
Taking the curl on both sides
Vx(VxH)=Vx(0E)
Using the vector identities in equation (2.19), equation (2.24) can be written as
~V’H+Vx(VeH)=Vx(cE)
From equation (2.7), VeH =0 and hence equation (2.25) reduces to
VH =-Vx(oE)
From equation (2.5) and (2.9), we have

VxE:—a—B=—,ua—H-
ot ot

Substituting equation (2.27) into equation (2.26)

11

(2.23)

(2.24)

(2.25)

(2.26)

(2.27)



V’H =pa§§ (2.28)

Assuming the field varies harmonically in the steady state with time H can be
expressed as
H=H, "™ (2.29)
where w  is the angular frequency.
Substituting equation (2.29) into (2.28), we have

V2H :lijz'v:ta)ﬂ (2.30)
where k? = jwuo .
For an infinite sheet of current in the Y direction on the YZ plane the magnetic field
intensity is in the Z direction with no components in X or Y directions. Hence,

equation (2.30) reduces to

0’H,
ox*?

=k2H, (2.31)

And the solution to equation (2.31) is given by
H, =H ™ (2.32)

where k is defined by equation (2.30), called the propagation constant, is given by

k=(jwuo)"?
12 12 (2.33)
4 . (o}
()" )
Hence, equation (2.32) can be written as
H,=H,e e (2.34)

12



where 6 = that is called as the skin depth.

Huo
The standard depth of penetration is defined as the depth at which eddy current density
has decreased to 1/e or 36.8% of the surface value. The skin depth (J) is often used as a

guideline to select the excitation frequency for a given test specimen. It is computed as

o= ! (2.35)

Huo

where f is excitation frequency, & is magnetic permeability of material and o is electrical
conductivity of the target material. Although the induced fields and currents can reach
deeper than one standard depth of penetration, the eddy current density decreases very
rapidly. At the two standard depths of penetration (2J), the eddy current density decreases to
(1/€) *or 13.5% of the surface density. At the three standard depths of penetration (39), it

decreases to 5% of the surface density.

2.4. Multi-Frequency Eddy Current Testing

Multi-Frequency eddy current testing is usually used in non-destructive evaluation
where the defect signal is distorted, due to superposition of contribution from other
structures in the test geometry. Artifacts, such as specimen geometric boundaries or attached
conductive objects, generate their own impedance plane trajectories during eddy current
testing. A major problem in the analysis of SG tube inspection is the corruption of defect
signal by a large contribution from tube support plate (TSP).

As an example, consider the tube and support plate shown in Figure 2.3. This

configuration is typical of coolant tubes found in pressurized steam generators, such as

13



those used in nuclear power plants. The tube projects through support plates arranged within
the steam generator [15]. Eddy current testing of these tubes is conducted to determine their
structural condition. Specifically, the tubes are examined for corrosion pitting, dents and

build-up of sludge [16].

Support Plate
(Carbon Steel)

Steam generator tube
(Inconel) e

A

Figure 2.3 Steam generator tube with support plate
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Defect B Defect A

\
N

Eddy Current
Probe
/

Figure 2.4 Cutaway View of steam generator tube with support plate and defects

The problem of distortion of defect signals in single-frequency eddy current testing is
illustrated in Figure 2.4 that shows a cut-away view of Figure 2.3. There are two defects,
A and B, in the tube. As the Eddy current probe passes through the tube, the impedance
plane trajectory of defect B will be visible because there is no structure in the vicinity.
However, the trajectory generated by defect A will be distorted, since the support plate is
a conducting material and will also generate an eddy current signal trajectory as the probe
passes it. The superposition of the support plate’s signal with that of defect A makes the

resulting trajectory more complicated. This distortion makes defect detection difficult.

15



Figure 2.5 Simulated Eddy Current Impedance Plane Trajectories due to:
(a) defect (b) support plate

05 T T T T T T T
. . ' . ' ’ .
' . . i} ' ' .

Figure 2.6 Impedance Plane Trajectories of a defect close to a support plate
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Figure 2.5 shows simulated data representing eddy current trajectories generated by
defect in tube and support plate and Figure 2.6 shows the impedance plane trajectory when
the defect is in close proximity to the support plate. In addition to this distortion shown in
Figure 2.6, the presence of noise also deteriorates the impedance plane trajectory of a defect,
making data interpretation difficult. Filtering of the eddy current signal may eliminate much
of the problems due to noise, but does not make the task of extracting defect information
any easier due to the problem of superposition.

Multi-frequency Eddy current technique (MFECT) is commonly used for solving this
problem. In MFECT, two or more sinusoidal signals of different frequencies are fed into a
single eddy current probe and the gain and the phase signal from each frequency is collected
separately. As it is shown in the previous section, the depth of penetration and phase lag are
a function of test frequency; increasing test frequency reduces the depth of penetration and
increases phase lag. Hence, it is possible to change the eddy current response by changing

the test frequency and use this information to remove the unwanted signals.

2.5. Analysis of Multi-Frequency Eddy Current Testing (MFECT)

The aim of multi-frequency eddy current testing is to suppress artefacts affecting the
defect impedance trajectory. This method of defect discrimination begins with identification
of desired and undesired features. Desired features are typically defects and undesired
features are artefacts that make eddy current characterization of defect difficult. When a
high frequency is used as excitation frequency, inner diameter (ID) defect are more
predominant in the signal. At intermediate frequency, all features in the wall are detectable

and there is phase discrimination between internal and external defect signals. At low

17



frequency, there is a predominant signal from TSP with little phase separation between
internal and external defect signals. In MFECT, signals are collected separately at a low and
high frequencies. The high frequency ECT signal is rotated to match the low frequency ECT
signal. The amplitude of high frequency ECT data is also scaled to match the low frequency
ECT signal. On subtracting the transformed high frequency signal from the low frequency
signal, the signal from TSP is largely reduced and only defect signal will remain as output
signal. This process is also referred to as mixing.

Signal processing methods employed in analyzing MFECT data can be classified into
three classes. Specifically, these are the algebraic, coordinate transform and phase rotation
and subtraction method. All the methods assume that the signal contribution from the defect
and the artefacts superpose linearly to form the eddy current impedance trajectory. This is
often an erroneous assumption. Even though it is reasonable to assume linearity with respect
to the excitation function at low excitation level, the system response is not linear with
respect to the material property distribution in the domain of interest. Nevertheless, under

some restrictive conditions, linearity may be assumed [17].

2.5.1. Algebraic Method

The algebraic method assumes that the multi-frequency data are linear function of n
parameters. This assumption has been shown to be valid experimentally, under small signal
conditions [18]. Furthermore, these parameters represent n inhomogeneities or attributes
within the specimen [19]. To maintain the validity of this model, small signal conditions are
assumed such that there is a linear relationship between variations in the parameters and the

probe coil impedance. The complex impedance phasor of the test coil is represented by its
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real (x-axis) and imaginary (y-axis) values. In case of two frequencies testing of four
parameters, the coil impedance is expressed as

x, =a, P +a,P,+a,P, +a,P,

y =ayP +a,P +a,P +ayP,
x, =ay P +ay, P, +a, Py +ay P,
y: =ayF +a,P, +ta P +a,P,

where
: . (2.36)
x, : ohmic resistance at frequencyl
y, :inductive reactance at frequencyl
x, : ohmic resistance at frequency 2
¥, :inductive reactance at frequency 2
P, : Observed specimen parameters
a, :Coefficient of j" parameter
In matrix notation, it is expressed as
AP=C
where (2.37)
a, 4, a; aq, A [xx
a a,, a a, P, | y
A= T oTE T p=l Pland C=| 7'
ay a; a; a, P, sz
a, Qap a4y ay P, Y2

In this model the matrix A is unknown and only the elements of C are observed
directly. Elements of P are measured prior to eddy current testing, during a calibration
stage. Equation (2.37) shows the modulation of the parameter vector P by a modulation
matrix A, generating a signal vector C. The modulation equation is assumed to represent
the interaction between the system current flow within the test coil and the specimen
characteristics [18].

The matrix A is determined in the calibration stage using calibration standards with
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known elements of P, and observing the elements of C. Once the matrix A has been
determined, it is applied to the signal vector C during eddy current testing of a specimen.
The goal of the multiparameter method is to detect and isolate the actual parameters by
separating or decoupling the system of equations represented by equation (2.37). A complete

solution has the form
P=A"'C (2.38)
The signal vector elements represent the in-phase (x) and quadrature (y) of eddy
current data collected at different frequencies. Specifically, for the case of two frequencies
testing, x, and y, are equivalent to the in-phase and quadrature coil impedance
components at frequency 1, respectively. In the case of four parameters, a similar
relationship holds for elements x, and y, atfrequency 2.

Since decoupling the system of equations represented by equation (2.37) is of primary
interest, a complete solution to equation (2.37) is not necessary. The decoupling of the

elements of P is accomplished by the adjoint of matrix A, contained within the inverse
matrix A ~'[21]. It reduces equation (2.38) to
P=adjjA'|C (2.39)

Therefore,
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P =b,x, +b,y, +b3x, +b, Y,

P, =by x, +byy, +byyx, +byy,

Py =byx, +by, y, +byyx, +by,y,

Py =byx, +byy, +byx, +b,y,

where (2.40)
x,,y, :frequency 1 data elemenets of C

x,,y, :frequency 2 data elements of C

P, : Observed specimen parameters

b, :Coefficient of j" parameter of adj[A]
The coefficients b, are determined using equation (2.39), or by using iterative

numerical methods [19].

2.5.2. Phase Rotation and Subtraction Method

The objective of the phasor rotation and subtraction method is to discriminate the defect
by subtracting out the effect of the artifacts. For suppression of unwanted artefact, an
auxiliary frequency is utilized. This frequency is selected such that the eddy current probe is
particularly sensitive to the presence of the undesired artefact. Due to the skin effect, low
excitation frequencies are used to obtain signals that are sensitive to support plate and high
excitation frequencies are used to obtain signals that are sensitive to probe wobble.

The subtraction of these undesired effects occurs in the mixing stage, after detection of
the phase and magnitude of the probe coil signal. At this stage of signal processing, the eddy
current data is resolved to the in-phase and quadrature components of the impedance plane.
By transforming the auxiliary frequency trajectory to resemble its primary frequency
trajectory, the data required for subtraction from the defect signal is obtained. The

transformation of the auxiliary frequency artifact trajectory is accomplished through rotation,
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translation and scaling. This procedure is typically executed manually, where an NDE
analyst observes the stored complex impedance plane primary and auxiliary frequency
trajectories due to the tube support plate.

The input data, x, and y, are applied to the scaling stage, which applies the
transformation parameters S, and S,. The output of this step is applied to & rotation

combined with the translation parameters T, and T, . Then, the process is complete when

the transformed auxiliary artifact signal is subtracted in the mixing stage from the distorted
primary frequency defect trajectory. The output of typical two-parameter transformation is
X, =X, —[(Sxxa cos@+S,y,sin 0)—Tx]

Yr=Yp —[(—Sxxa sind+S,y, cos0)—Ty]

where

XpyYp :Input primary frequency data ordered pair 241
X4,Y, :Input auxiliary frequency data ordered pair '

x,, Yy, :Mixed output data ordered pair
S, ,:Scaling parameters

T, Ty :Translation parameters

O:Rotation parameter, degrees

Least Square Estimation
With properly chosen transformation parameters in equation (2.41), the effect of the
artifact is minimized and the defect signal is more clearly defined. The optimal affine

transform matrix parameters are estimated using a least squares estimation scheme [22]. By

defining C p as the primary frequency signal vector and Ea as the auxiliary frequency
signal vector, the transformed C, is expressed as
C,=C, AlS,.S,.T,.T,.6) (2.42)
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The cost function E,; is expressed as

— =2
o S (2.43)

— — 12
c,,A—C,,]]

where ||" is the Euclidean norm.

The optimal values of the affine transform parameters are estimated by minimizing the

cost function. This involves the solution of a simultaneous system of five equations

?j—i%o (2.44)

gg_lvs:o (2.45)

?TIS:O (2.46)
y

%‘ii=0 (2.47)
y

%%zo (2.48)

Solutions of these equations yield the optimal affine transformation parameters. One of
the iterative approaches to minimizing the cost function is the method of steepest descent.
By choosing initial values for all five affine matrix parameters, the values are stepped
iteratively so as to minimize the cost function. At each step, the gradient of the cost function

is evaluated at the current parameter values.

Radial Basis Function Method
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In mixing, a signal at a low excitation frequency is transformed to the corresponding
signal at high frequency and the transformed signal is subtracted from the measured high
frequency signal [4, 22]. In this approach, a radial basis function (RBF) neural network is
applied to obtain transformation parameters. The architecture of RBF neural network is

shown in Figure 2.7.

Hidden layer of radial

basis functions Output layer

Input layer

Figure 2.7 Architecture of RBF neural network

The RBF network output is a function F that has the following form.
N
F(x;j)=% Wi¢("x - X ") (2.49)
i=I

where x; is the input at the i input node, ¢(e) is a set of arbitrary functions known as
the radial basis functions, ||o| denotes Euclidean norm and w; constitutes a set of linear

weights. During calibration, the set of weights are computed using known signals at
frequencies f, and f,.
Using one of these methods described above, the signal at frequency f; is transformed

to the corresponding signal at frequency f,. The residual is obtained by subtracting

24



transformed signal from the signal at frequency f, that contains only the defect signal with
the contribution from artifacts suppressed to a large degree.

However, such approaches have significant errors when the data is not similar to data
used to generate the mixing parameters. Consequently the parameters of mixing algorithm
depend strongly on the data in the standard calibration file. When the parameters derived
using calibration data is not optimal for a test signal the complementation of ICA results in a
large residual which is difficult to interpret. In this thesis, an alternate approach to linear
mixing algorithms based on the use of independent component analysis (ICA) is investigated
to separate out signals due to defects and external support plates from noise. ICA is a method
that depends on only the observed signal. In this thesis it is has also been used for noise
filtering. The theoretical basis of independent component analysis is discussed in the next

chapter.
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frequency: (a) 50 kliz, (b) 75 kikz, (c) 100 kiiz, (d) 125 Kitz, (e) 150 kiz, and Support Plate at excitation

Figure 2.8 Normalized Simulated Impedance Plane Trajectories of Defect at excitation
frequency (f) 50 kitz, (g) 75 kitz, (h) 100 kitz, (i) 125 kltz, (j) 150 kitz



3. INDEPENDENT COMPONENT ANALYSIS (ICA)

3.1. Principles of ICA

Independent Component Analysis (ICA) is a statistical method for extracting the source
signals from a set of observed signals that can be expressed as mixtures of multiple sources.
This problem is analogous to the human ability to distinguish a certain sound in the presence
of different kinds of sounds. For instance, a human being can distinguish the sound of a
violin from the recording of music by an orchestra. Hence, it can be said that ICA attempts
to mimic this ability.

The data from a set of two source signals s; and s, can be represented by a set of

simple linear equations.

x1=a“s,+a,2s2 (3 l)

Xy =a3)S) A,
where a;;,a,;,a,; and a,, are mixing parameters that depend on the experimental
conditions, x; and x, are the measured signals from a mixture of 2 source signals, s,
and s,.
When the coefficients a;;,a;,,a,; and a,, are known, it is straightforward to find the

source signals from the above equations using classical inversion methods. In real world
problems, however, these coefficients are seldom known which makes the solution of these
equations very complex. The Independent Component Analysis method based on the central
limit theorem provides a technique for achieving this goal [23]. The central limit theorem
states that, as the number of independent, identically distributed random variables increases,

the cumulative density function (CDF) of the sum will approach the CDF of a Gaussian
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random variable. It is assumed that the source signals are independent and identically
distributed in the rest of this thesis. Hence, measuring the gaussianity of a signal and
minimizing the gaussianity provides a way of finding individual components. A major issue
with this approach is selection of a metric that measures the gaussianity of a signal. The
details of the method for measuring gaussianity will be discussed in this chapter.

The general statistical model is defined below. Suppose that there are n linear mixtures
and n independent sources. Each of the mixtures is assumed to be a linear weighted sum
of the original signals from n sources.

X1 = a8 a8, +--+a,s,

Xy = An18] +022S2 +--~+a2,,s,,

3.2)
Xj=a;s +aj2s2 +---+a

X, =8 +a,n8, +--+a,,s,

The time index, ¢ is omitted because x and s are regarded as random variables and
x(t) is obtained as samples of the random variable. The observed signal x and original
signal s are assumed to have zero mean without loss of generality. Otherwise, a pre-
processing step can be applied to subtract the sample mean to make them zero-mean
random variables.

The equations (3.2) can be represented in matrix form as

X = As (3-3)
where x=[x;, x, ... x,,]T and s=[s; s, ... s,,]T.

The above ICA model is a generative model, which means that the observed data are

generated by a process of mixing the components s using the mixing matrix A which is
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unknown. The aim of independent component analysis is to estimate the unmixing matrix
W using statistical principles and computations. Eventually, the original source signals can

be found as

w»
Il

=

»

34
where § is the estimated source signal.

The ICA method estimates the source signals up to a constant. This is because both the
mixing matrix and original signals are unknown and any scalar multiplier can be cancelled
by dividing the corresponding column by the scalar. The sign of the signal is ambiguous for
the same reason. Another characteristic of ICA is that the order or position of the original
signal cannot be determined. The order of source signals can be changed freely during the
process and any component can be the first source because both the mixing matrix and
original signals are unknown. Figure 3.1 shows the schematic overview of the ICA
algorithm. The input data collected consists of a number of recordings which is larger than
the number of expected source signals. The next two steps consist of preprocessing and ICA
algorithm which are investigated at chapter 3.2 and 3.3, respectively. At the output stage, we
obtain the estimated source signals using the unmixing matrix found using the ICA

algorithm.

30



INPUT

Observed Random vector

Preprocessing

Fast ICA algorithm

Output 1

Unmixing Matirx .

Figure 3.1 Schematic overview of ICA Process
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3.2. Preprocessing

A preprocessing stage is required before applying ICA for better conditioning of the
input data. Generally it consists of centering and whitening the data. Centering is the
simple process of subtracting mean value from original data to obtain a zero mean signal.
After estimating the original signals, it is necessary to add the subtracted mean value to the
estimated signals. The second step is whitening of the observed variables. The purpose of
whitening is to obtain a new vector in which the components are uncorrelated and variance

of each signal is unity. The most popular method for whitening is using eigenvalue

decomposition (EVD) of covariance matrix E{xxT} =EDE” where E is the
orthogonal matrix of eigenvectors of E{xx} and D is the diagonal matrix of

eigenvalues of E{xxT } [24]. The whitening transform is implemented as

_1
x'=ED AETx (3.5)

Using the whitening process, the orthogonal mixing matrix A' can be computed as

-1 -1
x'=ED /’ETx = ED /2ETAs = A's 36)
A’=ED V2ETA
By using the above transform, the orthogonal mixing matrix A' is obtained. When the

variance of independent component is assumed to be unity, it can be seen that
E{x'x7 }=A'E{ss" JA'T = A'A'T =1 (3.7)

Because A' is orthogonal matrix, A'T s equal to the inverse of A'. Hence, the
transformation reduces the number of parameters that need to be calculated to find the

unmixing matrix. When the dimension of matrix is large, the whitening step reduces the
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computational time and storage considerably. As a result of whitening, the measured data is
also transformed to be uncorrelated and have a unit variance. In this thesis, it is assumed

that centering and whitening is performed on the measured signals.

3.3. Independent Component Analysis Based on Gaussianity

The main concept of ICA is inspired by the central limit theorem which states that, as
the number of independent, identically distributed (i.i.d.) random variables increases, the
cumulative density function (CDF) of the sum approaches the CDF of Gaussian random
variable. Under the assumption that the different source signals are independent to each
other, the original signal can be reconstructed when minimum gaussianity of the random

variable is observed. Let x,,x,,...,x,, be a sequence of i.i.d. variables and let s, be the

sumof n random variables.
Sp =X tXy+..tx, (3.8)
No matter what the distributions of random variables x;,x,,...,x, are, the CDF of s,
approaches the Gaussian distribution as n increases. Therefore, if gaussianity is measured
using some method, it will be a monotonically increasing function of the number of
independent components. On the other hand, gaussianity will be minimized when s,
contains only one component. When minimum gaussianity is observed, the corresponding
signal can be regarded as an estimate of one component of the original signals. Hence, it is
very critical to find a metric to measure the gaussianity of random variables.

Measuring Gaussianity

The classical method for measuring gaussianity is based on using kurtosis, the fourth
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order moment [25]. Kurtosis is widely used to measure gaussianity because of its
computational simplicity. Another method, which uses negentropy, is based on information
theory and differential entropy. These two methods are described next.
For a random variable S, kurtosis is defined as
Kurtosis(8) = E{8*} - 3(E(s?})? 39)
where E is expectation operator.
Since § is assumed to be zero-mean, unit-variance random variable, kurtosis is
simplified as
Kurtosis(8) = E{§*} -3 (3.10)
This is the normalized version of fourth moment of a random variable. For a Gaussian

random variable, the fourth moment is equal to 3(E{§}2)2 . Therefore, kurtosis is zero for
Gaussian random variable and is positive or negative for non—Gaussian variables. Positive
kurtosis is referred to as supergaussian property for which the distribution is more similar to
that of a Gaussian distribution. A spike at the middle and approaching zero at the tails
characterize positive kurtosis. Negative kurtosis refers to subgaussian property and is
characterized by a relatively flat distribution.

To illustrate how the original signal is reconstructed using kurtosis, we need to know

the properties of kurtosis. When x; and x, are independent to each other, kurtosis has

following properties.

Kurtosis(x; + x, ) = Kurtosis(x; )+ Kurtosis(x, ) 3.11)
Kurtosis(ox; ) = 0.4Kurt0sis(x1 ) .

where o is ascalar.
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Let us assume that E{(wa)2}=l and let the two-dimensional mixing model be
given by x = As where random variable x is the measured data, s is the original source
signals and A isa 2 by 2 mixing matrix. Define another vector z = ATw . It can be

shown that

E{(wIx)?} = E{wT AAT w} =||z"2 =1 where E{ss'}=1 (3.12)

. 2 . . .
Under the constraint ||z|| =1, kurtosis function has a number of local minima and

maxima. To make the argument clearer, let us assume that one component has negative
kurtosis and the other component has positive kurtosis.

Let § be the weighted vector of x.

=wix=wlAs=2"s= 281+ 228, (3.13)

>

From properties of kurtosis, we have

Kurtosis(S) = Kurtosis(z;s; )+ Kurtosis(z,s; ) (3.14)
= zl4Kurtosis(s, )+ 224Kurtosis(s2) .

Since § and s are assumed to have unit-variance as a result of whitening in the

preprocessing stage, we have unit variance of § and s.
E{éz}=Z/25{512}+222E1522/=Z12+222 =1 (3.15)

It is clear that (z;,z,) is located on the unit circle that satisfies above equation. Now,

the problem is to find one of the maximum values of |z ,4Kurtosis(s 1)+ 224Kurtosis(s2 )I

with a constraint of z,” +z,” = 1. Due to the assumption that kurtosis of s; and s, have

different sign, it can be easily shown that the maximum value occurs when one element is

zero and the other is +1 or -1. Therefore, there are 4 maximum values of
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214Kurtosis(s, )+ z24Kurtosis(s2 )I with a constraint of z,2 + 222 =1.

In practice, the strongest direction of initial weighting vector is computed (increasing
direction for positive kurtosis, decreasing direction for negative kurtosis) based on the
available samples of x. Then, the gradient method is applied to find a new weighting
vector w. Because of this computational simplicity, kurtosis has been widely used for
estimating ICA model. However, the disadvantage in using kurtosis as a metric of
measuring gaussianity is that the accuracy of the estimate of kurtosis depends on the
availability of adequate data particularly in the tail of distribution. This implies that kurtosis
is not a robust method for measuring gaussianity. To compensate for this weakness, an
alternate technique based on negentropy is used and is described next.

Negentropy is an alternate method to measure gaussianity of random variables that is
based on information theory and provides a quantitative measurement of differential entropy.
Entropy is an essential concept of information theory and it measures the amount of
information contained in an observation. Entropy increases as the random variable becomes
more unpredictable and unstructured [26].

Entropy, H, of a discrete random variable is defined as
HGS giscree) = —iz P(8 giscrete = KiNOEP B giscrete = Ki) (3.16)
where §gicrere 1S @ discrete random variable and k; is a possible value of §giseree With
probability density function (PDF), P(8 jicrete ) -
For a continuous random variable, it is defined as

I_I(écontinuous ) = _I f(§cominuous )log f(éconlinuous )dgcominuous (3 . 17)

where §_qninuous 18 the continuous random variable with PDF £(8 .o piinuous ) -
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From the fundamental proposition of information theory, a Gaussian random variable
has larger entropy than any other random variable with the same variance. This implies that
entropy can be used as a quantitative measure of gaussianity. To obtain a measure of
gaussianity, the modified definition of differential entropy is used. It is called as negentropy

and is defined as
J(8) = H(S 5,5 ) — H(S) (3.18)
where §g,,. is @ Gaussian random variable which has the same covariance matrix with §.

By definition, negentropy is always positive and zero if and only if § is Gaussian
random variable. When the statistical property is considered, negentropy is a well-defined
metric to measure non-gaussianity [26]. However, in general, negentropy has the
disadvantage that it is very difficult to compute. Therefore, a modified approximation of
negentropy that combines the strengths of kurtosis and negentropy is often used to measure
the gaussianity.

A commonly used approximation of negentropy is given by

- 1 .32 1 )
J(s) = —E{s + — Kurtosis(s 3.19
(8) T {s”} 28 1s(S) (3.19)

where § is zero mean, unit variance random variable. The above approximation includes
the kurtosis function, which leads to issues of robustness of the metric. Also, it has been
argued that cumulant-based approximations of negentropy are inaccurate in many cases
[27,28]. Therefore, a new approximation method based on maximum-entropy principles is

often used and is expressed as

J@) = Tk [E{G;(§)} ~ E{G; Bgauss) (3.20)
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where k; is a positive constant and Sg,,, is a standardized Gaussian random variable
with zero-mean, the same variance as s and G;(s) is a function that does not grow faster
than quadratically as a function of |s| [28]. According to equation (3.20), negentropy is

always positive and zero when § is Gaussian. The choice of function G; is very

important. In the practical choice of the functions G;(s), the following criteria must be

emphasized: First, E{G, (s)} should be estimated without statistical difficulty. Second, the

maximum entropy method assumes that the density function f(s) is integrable, because
the expectation is obtained as

E{G;(s)} = =[f(5)G;(s)ds 3.21)

Therefore, G; must not grow faster than quadratic function, because a function

growing faster might lead to non-integrability [28]. Usually the following choices show
robust and reliable results and are called contrast functions [10, 11].

G,(u)= Llogcosh(alu)
a (where 1<a, <2) (3.22)

2
u

Gy(u)=-e€ 2
Approximations with the above G function have combined the advantages of two
metrics, kurtosis and negentropy, used to measure gaussianity. It contains all the statistical
information and is much easier to compute than negentropy. A practical algorithm, which is
based on this approximation, is developed and is known as the Fast-ICA algorithm.
Fast-ICA Algorithm
Fast-ICA algorithm is one of the most powerful algorithms for estimating individual

non-gaussian components in a mixture of source signals. The procedure of Fast-ICA
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algorithm starts with choosing an initial weight vector w , which is updated by the leamning
rule. With the chosen weight vector, gaussianity is measured by J(§) given in the equation

(3.20). The purpose of Fast-ICA algorithm is to find a vector w such that its projection on

T T

X, §=w X, minimizes gaussianity. There is a constraint that the variance of w X is
unity. When x is preprocessed, the norm of weight vector can be calculated from this

constraint. Recall that the norm of preprocessed data is unity.
" TP _ o TouT T
w x|| =W XX W=w w=1] (3.23)
The Fast-ICA algorithm is based on a fixed points iteration scheme for finding a weight

vector that minimizes the gaussianity of wTx. The algorithm is derived from derivatives of
the non-quadratic function G in (3.21). If the two functions in (3.21) are chosen, the

derivatives are given by

ac;‘ ) = g, (u) = tanh(au)
u
o (where 1<a;<2) (3.24)
090G, (u) — g, ()= ye 2
du

The details of Fast-ICA algorithm is summarized as follows:
1. Preprocessing: The data is first preprocessed with centering and whitening.

Centering subtracts the mean to obtain a zero-mean signal and whitening produces

components that are uncorrelated with unit variance, giving ||§|| = ||wa|| =1 when

|w|| =1. Whitening also transforms the mixing matrix A to be orthogonal.

2. Select an initial, random weight vector w with the constraint "w" =1.
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3. From (3.20), the negentropy is maximized when E{G(§)} is maximum or

minimum since E{G(Sg,,,)} is a constant. Thus, the optimization process seeks to
find optima of E{G(S)} under the constraint of ||§||=I|wa”=l. It can be

expressed as

F(w) = E{G{w™x)}- (|w] -1) (3.25)
4. Using the Kuhn-Tucker theorem [29], the solution is obtained as a solution of

following equation.
F'(w) = E{xg(wa)}— Bw; =0 (3.26)
where B is a constant called a Lagrange multiplier.

5. The updated weight vector w* is obtained using Newton iteration [30] and is given

by

wh= E{xg(wrx)}— E{g'(wrx)}w (3.27)
6. Normalize the updated vector

+

wllt’w - w+/ w

(3.28)

7. If w" =w’_ §=wTx is an estimate of the source. Go to Step 2 to compute
the next source signal. If not, go to Step 5.

When solving for multiple sources, w;,i=12,...,n are obtained from the above

process. The estimated sources w,Tx,szx,...,w,,Tx are then uncorrelated after each

component is obtained. Decorrelation is achieved by Gram-Schmidt decorrelation [31].

From this, the independent component is calculated one by one. When one obtains a new
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weighting vector w HT , the projection w pHTw j»J=12,...,p on each of the

P

previously estimated vectors is subtracted from w ,;, which is then normalized. Therefore,

the separated independent components are unique up to a multiplicative sign and scale

factor. The schematic overview of the process is illustrated in Figure 3.2.
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Choose an initial weight vector : w

4 Update w by leaming rule : wnew

nonmnalize w

wnew has the same direction
with wold

Decorrelate w2e¥ from obtained w

normalize whew

W% is a column of the inverse matrix (W)

Figure 3.2 Flowchart of Fast-ICA Algorithm
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Noisy ICA Model (Residue Theory)

The ICA model cab be used to extract source signals successfully when noise is
usually present in the measurement. In general, methods taking noise explicitly into
account assume that the noise has Gaussian distribution. As discussed before, the Fast ICA
algorithm measures gaussianity of the mixture and minimizes it to extract a source signal.
Therefore, Gaussian source signals cannot be extracted using independent component
analysis.

However, when only one Gaussian noise signal is present in the mixture, ICA can find

noise using residual theory. Residual theory states that a function f(z) has a simple pole at
Z,, We can write

% 4 g(2) (3.29)

f(@)=

0

where g(z) is analytic at z,, so that (z—2,)g(z) >0 as z—z,. It follows that the

residue is given by

ag = lim (z2-29)f(2) (3.30)

-z,
It is assumed that fj(z) is analytic in C except at zZ;. For j=1.2,---,k, let
f;(z) denote the principal part of f(z) at z,;. Using this residue theory, Gaussian

noise g(z) can be found as
k
g(2)= f(2)~- Zlfj(Z) (3.31)
j:

where g(z) is analytic in C, so that [g(z)=0.
C
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3.4. Independent Component Analysis Based on Mutual Information

Mutual information is another approach for ICA which measures the mutual dependence
of the components of a transformed vector, s and then optimizes the unmixing matrix, W
to minimize the measured dependence of each components. There are many methods to
measure the mutual dependence and Shannon’s mutual information is considered to be one
of the popular choices.

Shannon’s mutual information between n random variables, §i,i=1,2,---,n , IS

defined as
I6)= YHG)-HE) (3.32)
i=1

The mutual information, I(S), measures the amount of shared information in the

components of §. It can also be considered as a measure of the independence of random
variables. Naturally, it is also non-negative and is zero if and only if the components of §
are mutually independent with respect to each other. Hence, the primary purpose is to find a
transform that minimizes the mutual information between measurements of original
components [32]. One of the most important properties of mutual information is that it is
invariant under continuous and monotonic transformations. Therefore, mutual information

does not change unless the components are mixed. For invertible linear transformation
§ = Wx, mutual information is defined as:

1(5,,5,,...,5,) = L H(;) - H(x) - log|det W| (3.33)
i

If §; is uncorrelated and has unit variance, then the covariance matrix of § is an

identity matrix. Hence,
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E§sT )= WEpT W T =1 (3.34)
det E§ST | = det WEfxx" W = det W det Efxx™ Jaet WT =1 (3.35)

which implies that det W always has a constant value. In this case, the equation (3.33)

reduces to

13,85,...8,) =C =X J () (3.36)
i

From equation (3.36), we see that negentropy is in inverse proportion to mutual
information. Mutual information and negentropy differs by a constant and sign difference
for variables with unit variance. When the source signals are uncorrelated, minimizing
mutual information of the estimated signals is equal to maximizing the gaussianity.

Therefore, maximizing negentropy is equivalent to minimizing the mutual information of

the separated components of §.

The use of mutual information is also motivated by the Kullback_Leibler divergence

which is defined as:

n S

o5 £2)=1 7 Oog L e 637
f,8)
where f; and f, are probability density functions (PDF). The Kullback_Leibler

divergence can be considered as a distance between two probability functions. If §, in
(3.32) are independent to each other, the joint probability function could be factoﬁzed as
£(5,8,...5,)= f1(5))£2(5;)... £,(5,) . Thus, the independence of §; can be measured by
the Kullback-Leibler divergence between the real PDF and the factorized density function
f= HGDf2(53)... f,(5,), where f;(-) are the marginal density function of §; .
Theoretically, the measured independence of §; is equal to the mutual information of ;.
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Kullback-Leibler divergence also shows that minimizing mutual information is closely
related with maximizing likelihood. The likelihood is represented as a Kullback-Leibler
distance between the observed density and a factorized density. The problem with mutual
information is that the estimate of PDF is needed to obtain the entropy that restricts the use
of mutual information in ICA implementation. This problem can be solved by using an
approximation of mutual information based on polynomial density expansion [32], which is
related to the Taylor expansion that gives an approximation of PDFE. For example, if § is a
random variable having zero mean and unit variance, the first term of the Edgeworth

expansion gives [33]:
£(€)= (o(f)[l +h OO ki Ohate)/ . } (338)

where ¢ is the density function of a standardized Gaussian random variable, the k;(5) is
the cumulants of § (zero-mean, unit variance) and h;(-) is a polynomial function. Using

the above equations, the following approximation is obtained for mutual information.
n 1 m n n o n n
1§=C+-3 [4k3 (5, ) + kg (5: )% +Tha(5:)* — 6k5(5; ) ko (5; )] (3.39)
i=1

where C isconstantand §; are uncorrelated to each other.
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4. APPLICATION OF ICA TO NDT

4.1. Feature extraction algorithm

Multi-frequency eddy current testing (MFECT) is one of the most widely used methods
for inspecting steam generator (SG) tubes in nuclear power plant. However, signal
processing is often required to extract the relevant information from measurements because
there are many factors including noise that affect the eddy current measurement. This thesis
addresses the problem of separating the defect signal that is distorted by contributions from
benign sources such as tube support plate (TSP) in steam generator inspection. Novel signal
processing techniques have been proposed for mitigating difficulties encountered in solving
the underlying inverse problem. Feature extraction techniques for eddy current signals are
used to identify and eliminate irrelevant parts of the data generated by edge effects, probe
lift-off noise and white noise. It is possible to look at the noise as derived signal from an
additional source and develop a method, whose rationale is to separate the desired signal

from the other interfering signals. Figure 4.1 shows the basic scheme of using ICA to

MFECT data analysis.
MFECT at f;, ——» —» Defect
MFECT at f, ——»| ICA TSP
MFECT at f,——» ——— Noise

Figure 4.1 Application of ICA to NDT
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In order to apply ICA to steam generator tube inspection problem, there is one
essential requirement in that the number of ECT measurements should be equal to or
more than the number of expected source components. In this study, the measured signal
is assumed to be made up of 3 components namely, defect, TSP and noise. Since there are
3 sources to be estimated, it is necessary to have at least 3 different measurements. In this
application, Multi-frequency Eddy Current Technique (MFECT) is used to obtain the
measurements where the probe is excited at 3 different frequencies. Due to skin effect
phenomenon, signal at low frequency carries information about defects that are at a larger
depth than the high frequency signal that carries only surface information due to the shallow
skin depth. The details of this phenomenon were described in chapter 2. Hence, each set of
ECT data includes different combinations of the source signals depending on the excitation
frequency that enables ICA to separate out the source signals. Figure 4.2 illustrates the

schemes proposed method in this thesis.
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MFEC Test Data
v
Segmentation
v
RST
v v
Real Imaginary
L 2 v
ICA ICA

Combine Signal

Support Plate Defect Noise

Figure 4.2 Schematic diagram of ICA analysis in NDE

In Figure 4.2, the overall scheme consists of 4 stages. Prior to using MFECT data in the
ICA algorithm, they are tuned to a common frequency by means of the rotating, scaling
and translation (RST) transform described in section 2.5.2.

1. Segmentation:

In steam generator tube inspection, the probe is pulled through the entire tube
resulting in a large amount of data that typically includes multiple TSPs and defects. The
ECT signals are calibrated and preprocessed to extract segments of signals with single
indication typically at the TSP locations. Consequently, each of these segments can
contain contribution from TSP alone or TSP and defects or TSP, defect and noise. These

signals are then applied to the ICA algorithm. The MFECT data collected are segmented

49



to include contribution of a defect and tube support plate (TSP).
2. Signal Transformation:

Rotating, scaling and translation (RST) transformation is applied to the segmented
MFECT data. RST transforms a low frequency eddy current data to corresponding high
frequency signal. The RST parameters, such as rotating angles, scales and translation
parameters, are obtained from the calibrated standard ECT data. The result of RST

transformation is given below. Figure 4.3 shows the result of RST transform applied to

ECT data at 200klk. The transformed signal is compared to the signal predicted when the

excitation frequency is 400klL.
3. ICA algorithm:

After MFECT data sets are transformed using RST, ICA is applied separately to the
real and the imaginary parts of MFECT data. As a result of ICA, the real and
imaginary parts of component source signals are estimated. The real part and the
imaginary part of the same component — defect, TSP or noise — can then be combined
to estimate the impedance trajectory of the defect and TSP.

4. Combine the extracted signals that are a similar distribution to produce the impedance

plane trajectory of the estimated signal.



Impedence of RST data

600 T T T T I
%—k. ; i | -+ imp 200 after RST
ol e ma
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Figure 4.3 Impedance trajectory plots of ECT data after RST

4.2. Finite Element Method (FEM)

For evaluating the performance of ICA algorithm, simulated MFECT data were
obtained from a theoretical model that was used to generate ECT signal with TSP and
defect parameters. Finite element method (FEM) has been widely used for solving the
governing partial differential equations underlying physical process. Analytical,
numerical and hybrid methods have been in existence for solving the governing equations.
Finite element method is based on the principles of variational calculus. The solution to

the govemning differential equation involves the incorporation of the equation in an
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integral form using energy functional. The energy functional, which represents the energy
of the system whose stationary value is a minimum, is minimized resulting in the solution
to the governing equation.

The geometry consists of an infinitely long tube within which moves a probe as seen
in Figure 4.4. The axisymmetric nature of the current source and the vector potential
allows the reduction of the problem to the two-dimensional plane and a coarse finite
element mesh spanning the region is given in Figure 4.5. The finite element method
consists of following steps.

1. The region of interest is discretized with a suitable mesh consisting of a number of

elements connected at the common nodal points as shown in Figure 4.5.

2. The node and the elements of the different materials in the regions are identified and
numbered.

3. An interpolating function, which approximates the continuous field over each element
in terms of the nodal point value is defined in such a way that the field is continuous
across the element boundaries. The interpolating function can be linear or nonlinear
and depends on the variations of the field in the test geometry.

4. Minimization of the energy functional with respect to the unknown nodal point values
results in a matrix equation.

5. The solution of the matrix equation yields the field values in the region of interest.
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Figure 4.5 A finite element mesh for eddy current geometry
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The finite element formulation in terms of magnetic vector potential A for the two
dimensional axisymmetric eddy current phenomena was developed by Lord and Palanisamy
[35]. Once the magnetic vector potential values at all the nodes in the mesh region are
determined, the probe impedance that is our parameter of interest can be computed. Two
different approaches commonly used to estimate this value, are the direct and energy
methods and are described in more detail next.

Direct Method

The impedance of a single turn coil of radius r carrying an alternating current of I

amperes is given by

7 =

X 4.
1 4.1)

where V is the RMS phasor voltage induced in the coil, expressed in terms of the

electric field intensity E as

V=—f.Eedl 4.2)
From equation (2.13), we have
E= —a—A -Vo¢ 4.3)
ot

Assuming that the field varies harmonically with frequency w given by the

equation

A=Age™ ™ (4.4)
we have

E=-jwA-V¢ 4.5)
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Since the induced voltage is independent of the gradient of the scalar potential V¢,
substituting equation (4.5) into (4.2)

V =—jwl-Adl (4.6)

From equation (4.1), the impedance of the coil is

Z= ;—w JoAdl (4.7)

which for a single turn coil of radius r is

(4.8)

The real and imaginary part of which can be interpreted as the resistive and reactive
components of the impedance.

The coil impedance however is calculated in an approximate manner using the finite
element method. Consider the cross-section of the coil, discretized by triangular elements.
If the dimensions of the elements are small than the vector magnetic potential of all the

turns covered by the element i can be approximated by the centroidal value A, and
similarly the radius of all the turns in the element can be approximated by the centroidal
value r;. From equation (4.8), the impedance for each turn within the element i is
given by

7 = J% (4.9)
s

If Ng is the total number of turns in the coil cross-section, N, turns/m’ the turn

density of the element and a; the area of the element, the total impedance of all the

turns in the element i is given by
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27wr ;A a;N,

7=
J I

(4.10)

If the number of elements in the cross-section of the coil is N, the total impedance

2awr ;A

Z=j 2 dnd z @.11)

Is

The coil impedance in a two dimensional or axisymmetric problem can be computed
using the method explained here. This method assumes that the magnetic vector potential
values are constant along the source, i.e. along the circumferential direction of the coil.
However, this is not true in the case of 3-dimensional problems. An alternate method to
compute the impedance based on the calculation of the stored and dissipated energies is

explained next.

Energy Method
The impedance of a coil can be calculated from the energy of the system since the
inductance and the resistance are associated with the stored and dissipated energies, in

the system, respectively. The stored energy E is given by

E=—[ BeHady 4.12)

1
E v
From equation (4.12) assuming constant reluctivity in each direction the energy

stored in a finite element of volume V, can be written in terms of B as
1
E, =§(vax2+vyBy2+vZBzz)Vi (4.13)

where v,,vy, and v, are the reluctivities in the corresponding directions.

From the relation between the magnetic flux density and vector magnetic potential

56




—

B we have

g LA 3
dy o0z
0A, OA,
B, =2x_ 272 4.14
Y 0z ox “19)
- aA)’ _an
o dy

Substituting this in equation (4.13) and adding all the elements in the mesh region,

the total stored energy in the system is given by

. 0y . )2 A ; )2
E:g vx(%_a_;‘J +vy(aAXl_aAZlJ +Vz[ )'l_anl] :

i=1 dyi dzi  dxi oxi  dyi
(4.15)
The inductance of the coil can then be calculated using
LI’
E=—2 or L=2—I§ (4.16)
2 I

where I is the current in the source coil.

The resistance of the coil is associated with the dissipated energy in the system. The

dissipated energy in a finite element of volume V. is given by

2
P = —\i:fdi 4.17)

where J ., is the eddy current density and was derived in chapter 2 as
Jeddy = —jWO'Aci (418)
where A is the centroidal magnetic vector potential value for the element i.

Substituting equation (4.18) into (4.17) and summing all the elements in the mesh

57



region, the total dissipated energy is given by

N N ” 2
P=3P =3 Viow’|A| (4.19)
i=l i=I
Using P =1’R, the resistance of the coil is given by
P
R = I (4.20)
and the coil impedance is
Z=R+ jwL 4.21)

The above formulation is applicable to two dimensional and axisymmetric problems.

By definition the total flux linkages in a coil with Ng turns is equal to Ng¢ where ¢

is the flux linkages due to a coil with 1 turn. Multiplying the corresponding values of the
magnetic flux density and the vector potential value by N, we have the impedance of the

coil with Ng turns to be

Zn = Ng’Z (4.22)
where Z is the impedance of the coil with 1 turn.
Flux Denéity and Eddy Current Density
Once the vector magnetic potentials are computed, the formulations of the flux and

eddy current densities for the axisymmetric two-dimensional case are obtained as

B=VxA

) (4.23)
Jeddy = —JWOA

where B is the flux density and J .44, is the eddy current density.
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5. SIMULATION RESULTS AND DISCUSSIONS

The proposed ICA algorithm was first applied to synthetic data obtained from the finite
element model (FEM) and then on experimental data collected from the steam generator
tubes in a nuclear power plant. The function of the source signals separation from the
observed multi-frequency eddy current (MFEC) data is focused as the essential feature of
ICA. However, application of ICA for noise filtering is also tested. Fast-ICA algorithm and
preprocessing are employed to extract the original signals from MFEC data. For the FEM
simulations, only defects, support plates and noise are considered as source components.
For 3 distinct sources, we need at least three sets of MFEC data at different excitation
frequencies. Hence, FEM simulation of MFEC inspection process was conducted at three

excitation frequencies, namely, 35kiz, 200k and 400kiz. Due to the property of ICA, the

sign or scale is not guaranteed for the extracted source signal. Hence, the sign or scale has
little meaning at the result. Instead, the distribution of signal gives information about the
extracted source signals.

Two sets of results were obtained from implementation of ICA on FEM data. The first
set of results considered a defect in a support plate region at 35k and 400kt and the
second set of results evaluates the performance of ICA in filtering noise as well as
separating source signals. For evaluating noise filtering, random white noise (2 dB SNR
with 50 dB of signal power) is added to ECT data. The noise component is assumed to be
the same at each excitation frequency. ECT data at 35k, 200k and 400kl are used as

input to ICA and three source signals due to defect, support plate and noise, are extracted as

output. In addition, the signal to noise ratio of the extracted flaw signal is seen to be
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significantly higher, indicating that ICA can be used to denoise data. These results are
shown in section 5.1.

The ICA algorithm was also applied to MFEC field data collected at excitation

frequencies of 35k, 200k, 400k and 600kt. The MFEC field data and the corresponding

results are shown in section 5.2.

5.1. Simulation of FEM Data

The finite element model allows us to obtain signal under controlled conditions of defect
geometry, excitation frequency and material properties. The geometry including support
plate and defect is shown in Figure 4.5. Table 1 shows the value of the parameters used in
the model. The real and imaginary components of the probe impedance for the geometry in

Figure 4.5 at frequencies 35klz, 200klz and 400klz are shown in Figure 5.1, 5.2 and 5.3,

respectively.
Electirical Relative Current Densit
Category Conductivity Permeability (A/md) y
(ohm-meter)! (W
Tube 1x10° 1 -
Support Platel 10x10° 10x10° -
Coil 0 1 10°

Table 5.1 Parameters for Finite Element Model
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Figure 5.1 ECT data from FEM at frequency of 35 kit (a) Impedance trajectory (b) Real

component of eddy current signal (upper) and imaginary component of eddy current signal
(lower)

(a) (b)

Figure 5.2 ECT data from FEM with excitation frequency of 200 kiz (a) Impedance trajectory

(b) Real component of eddy current signal (upper) and imaginary component of eddy current
signal (lower)
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(a) ()

Figure 5.3 ECT data from FEM with excitation frequency of 400 kiz (a) Impedance trajectory
(b) Real component of eddy current signal (upper) and imaginary component of eddy current
signal (lower)

5.1.1. Source Signals Separation (Defect and TSP)

The main objective of ICA is to extract defect signal from multi-frequency eddy current
(MFEC) data in the presence of signals from external structures such as TSP, tube sheets
(TS) and conductive deposits in addition to the flaws in the tube. The purpose of this
simulation is to evaluate the ability of ICA to separate out the defect information from the
irrelevant signals from other components using ECT data generated by finite element
model (FEM), which is noise-free. MFEC data at 35klz and 400kl are shown in Figure
5.1 and 5.3, respectively. The real part (horizontal component) and the imaginary part
(vertical component) of ECT data are considered separately, processed by ICA and
reassembled to construct impedance trajectories of source components. The real part and

imaginary part of MFEC signals at 35kiz and 400kl are shown in Figure 5.5 where the two
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indications at the end correspond to support plates and the indication in the middle is
generated from the defect. Reconstructed defect signal and support plate signal are shown in
(c) and (d) along with the corresponding impedance plot. The impedance trajectories of the
defect and the support plate signal extracted from mixed MFEC data are shown in (c) and
(d) in Figure 5.4.

In the mixing algorithm described in chapter 2, the “mixed” signal still contains some
residual signal at the origin indicating that the effect of support plate is not completely
removed. However, the relevant source information due to the defect extracted from the
mixed signal using ICA allows distinguishing the defect information without any
contribution from the TSP. The real and imaginary components of data are shown in Figure

5.5.
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x102

Figure 5.4 Impedance trajectories using FEM at (a) 35 kiz (b) 400 kiz (c) separated defect
signal (d) separated support plate signal
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Figure 5.5 Real component (Upper) and imaginary component (Lower) of (a) FEM-ECT
signals at 35 kiz (b) FEM-ECT signal at 400 ki (c) extracted defect signal (d) extracted
support plate signal
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5.1.2. Source Signals Separation (Defect, TSP and Noise)

The purpose of this simulation is to evaluate the ability of ICA to function as a noise
filter as well as source separator. ECT data is often corrupted by the presence of noise or
interference signals depending on inspection conditions. Sometimes, defect signal is buried
in noise signal which makes it difficult to extract meaningful defect information from the
measured ECT data. This section describes the use of ICA to remove noise. Usually noise is
modeled by a Gaussian distribution which violates one of conditions for ICA. However,
when there is only one component that has Gaussian distribution, residue theory [36] can be
employed to filter out Gaussian noise from observed ECT signals.

The ECT signal generated by finite element model (FEM) at excitation frequencies of
35kHz, 200kHz and 400kHz are corrupted by adding random white noise signal (2 dB
SNR with 50 dB of signal power) to each data set. The noisy signal is input to ICA which
produces 3 separated source signals. These results are shown in Figure 5.6. Figure 5.7
shows noisy version of the horizontal (real) and vertical (imaginary) components of FEM-
ECT data in (a) and (b), respectively. The resulting source signals due to — defect, support
plate and noise — are extracted and shown as impedance trajectories in Figure 5.6. The result
shows that source components — defect, support plate and noise are successfully extracted

from noisy ECT measurements.
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Figure 5.6 Source signal separation with noise filtering (simulated trajectories): (a) Noisy ECT
data at 35 kifz, (b) Noisy ECT data at 200 kitz, (c) Noisy ECT data at 400 kitz, (d) Separated Defect
Signal, (e) Separated Support Plate Signal, (f) Separated Noise
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(a) (c)

Figure 5.7 Source signal separation with noise filtering (simulated data): (a) noisy horizontal ECT
data at 35 kiz (top), 200 kiz(middle) and 400 kiz(bottom), (b) noisy vertical ECT data at 35 kitz (top),

200 klz(middle) and 400 kiz(bottom), (c) separated signals (horizontal component), (d) separated
signal (vertical component)

68




5.2. Performance on Experimental Data

While the synthetic ECT data is obtained from finite element model (FEM), the
experimental data are collected during inspection of steam generating tubes. In fact, a variety
of operational parameters and material conditions such as lift-off, local variations in
permeability, conductivity and material composition, surface roughness, etc. give rise to a
noisy signal, which makes the detection of the true defect signals a formidable task.

The impedance signals from the EC probe are measured at 4 excitation frequencies —
35k, 200ktz, 400k and 600kiz. The maximum number of components that can be
estimated is equal to the number of available data sets. Hence, at most 4 source components
can be estimated. In this test, 3 source components are assumed, namely defect, support
plate and noise. In the preprocessing stage, rotation, scaling and translation (RST)

parameters are obtained from the calibration standard as described in 2.5.2 and 4.1.

5.2.1. Extraction of the Defect Signal from Mixture of Defect and Noise

ECT field data obtained from Nuclear Power Plant (NPP) SG tube inspector was used in
this test. Figure 5.8 (a) presents a set of 4 horizontal channel EC signals obtained at different
excitation frequencies — 35kiz, 200Kk, 400kiz and 600KEk. Preprocessing using RST
transformation is first applied to the signals to transform all signals to match the
corresponding signal at 600kiz. The parameters for RST are obtained from the standard

calibration. The RST processed signals are applied as input to the ICA algorithm. Figure 5.8
(b) shows 4 independent components extracted as a result of ICA. The first separated

horizontal signal has a big pulse at the corresponding defect location (77~85) in the top
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figure as indicated. The signal at bottom of Figure 5.8 (b) is regarded as horizontal
component of noise.

The result of independent component analysis of the corresponding vertical channel
signals is shown in Figure 5.8 (b) and (d). In the separated components in Figure 5.8 (d), the
defect signal is extracted as the second independent component and the defect location is
indicated. Extracted horizontal and vertical channel noise components are the last signals in
the bottom of Figure 5.8 (b) and (d), respectively. Figure 5.9 shows the impedance plane

trajectories of defect, TSP signal at 35k, 200k, 400kiz and 600kE. Figure 5.10 shows the

impedance plane trajectories of defect and TSP extracted by ICA algorithm. The result
indicates that it is possible to extract defect information from MFECT data by using ICA

algorithm.
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Figure 5.9 Test 1 — Impedance trajectories of ECT field data at frequency: (a) 35k, (b) 200k, (c)
400k, (d) 600k
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Figure 5.10 Test 1 — Impedance trajectories of the reconstructed signal: (a) Defect, (b) Noise

5.2.2. Extraction of the Source Signal from Defect and TSP
Figures 5.11 (a) and (b) show another example of field data from steam generator (SG)
inspection MFECT data at 35klz, 200kiz, 400k and 600kiz. The horizontal channel MFEC

data in Figure 5.11 includes a support plate characterized by two pulses at the beginning and
at the end of data. The presence of support plate makes it difficult to distinguish defect
component from the impedance plane trajectories of MFEC data shown in Figure 5.12.
After preprocessing using RST transformation, the signals are applied to the ICA
algorithm. The horizontal components of extracted source signals are shown in Figure 5.11
(b). The first extracted signal is interpreted as the horizontal component of TSP since it
exhibits large indication at the location of TSP. The third extracted signal is considered to be
the defect signal since it has a big indication at the location of defect. The horizontal or
vertical signal of a true defect signal is typically characterized by two spatially separated

peaks arising from the two edge points of the defect. The same procedure is implemented
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with the vertical components of MFEC data. The vertical channel signals of MFEC data are
shown in Figure 5.11 (c) and extracted signals are presented in Figure 5.11 (d). In the
signals presented in Figure 5.11 (d), we see that the second signal has a distribution that
corresponds to the defect signal. The fourth signal in Figure 5.11 (d) is seen to be that of the
vertical component of TSP signal.

The horizontal and vertical signals of defect component yield the impedance plane
trajectory shown in Figure 5.13 (a). The impedance trajectory of TSP is presented in Figure
5.13 (b). From the extracted impedance trajectory of defect, we can distinguish that this
defect is categorized into wear because the impedance trajectory of defect has only one side
loop. Support plate is extracted as another independent component and the impedance

trajectory is shown in Figure 5.13 (b).
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Figure 5.11 Test 2 — ICA implementation with ECT field data: (a) Horizontal ECT data, (b) Vertical
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Figure 5.13 Test 2 — Impedance trajectories of the extracted signals: (a) Defect, (b) TSP

5.2.3. Extraction of the Source Signals from Defect and Noise

A third experimental signal from an ‘Outside Diameter Inter Granular Attack (ODIGA)’
is analyzed next. Figure 5.14 (a) presents the horizontal channel data and resulting source
signals are shown in Figure 5.14 (b). The signal at the top of Figure 5.14 (b) is recognized as
the defect signal. The third signal is considered to be noise signal. The same procedure is
implemented on the vertical channel MFEC data. MFEC data and the extracted signals are
shown in Figure 5.14 (c) and (d), respectively. Figure 5.14 (d) shows the defect signal as the
second source signal. The third extracted signal in Figure 5.14 (d) is considered as noise
signal.

The impedance plane trajectory of MFEC data is shown in Figure 5.15. 4 impedance
plane trajectories obtained at different excitation frequencies are presented and it is seen that

the defect signal is barely visible. Notice that in contrast to the ideal noise free condition, the
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background signal (pertaining to the defect region) has significant amplitude. However, the
impedance plane trajectories synthesized from the extracted horizontal and vertical defect

signals clearly show the presence of defect in Figure 5.16.
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Figure 5.14 Test 3 — ICA implementation with ECT field data: (a) Horizontal ECT data, (b)
Horizontal Separated Signal, (c) Vertical ECT data, (d) Vertical Separated Signal
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Figure 5.16 Test 3 — Impedance trajectories of the reconstructed signal: (a) Defect, (b) Noise
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5.2.4. Use of ICA for defect detector

The ICA algorithm was applied to a database of steam generator (SG) tube inspection
signals for the purpose of defect detector. In this experiment, the separated signals are

tested for presence of a defect using a criterion function depicted as
u= Sk G.D

where s[] is standard deviation, x is the entire source signal (100 points) and d is the
segment of x at the defect location (15~20 points).

Using u# a decision is made to classify a signal as “defect” or “no defect”. The
database consists of a total of 110 signals with only TSP and 27 signals comprising TSP
and defect. The classification performance is summarized in Table 5.2. The performance

showed a detection probability of about 90% (24 out of 27) and probability of false call

of about 12% (14 out of 110).

Predicted Predicted
Category Detect No Defect Total
True
Defect 24 3 27
True
No Defect 96 14 110

Table 5.2 Statistics on the ICA performance
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In order to compare the performance of ICA with that of conventional mixing
algorithm the second database was used for which results obtained using mixing
algorithm was available. The performance of ICA and mixing algorithm are summarized
in Table 5.3 and Table 5.4, respectively. It can be seen from theses results that ICA

performs better than mixing algorithm both in terms of detection probability and number

of false calls.

Cacgory | Todoed | Pt
Dl;rf‘:z : 30 4 34
NoT];:;ect 8 30 38
Table 5.3 Statistics on the ICA performance
e
D]; ot 25 9 34
NoT];l:;ect 10 28 38

Table 5.4 Statistics on the mixing algorithm performance
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6. CONCLUSION AND FUTURE WORK

6.1. Conclusion

The application of ICA in enhancing differential eddy current probe signals from
flaws in the vicinity of tube support plate (TSP) in steam generator tubing is evaluated in
this thesis. ICA is a general-purpose statistical technique in which observed random data
from mixture of sources are decomposed into components that are maximally
independent from each other. The proposed Fast ICA algorithm gives a computationally
efficient method performing the feature extraction from multi-frequency eddy current
(MFEC) data. The algorithm has been applied to both, simulated data using finite
element method (FEM) and experimental MFEC field data. The results indicate that
independent component analysis (ICA) is a feasible approach for extracting signals from
flaws in steam generator tubes, even when the flaw is close to support plates. The

algorithm can also be used to enhance the flaw signal in the presence of noise.

6.2. Future Work

Future work will focus on a study of the following issues.

e Test the algorithm on more exhaustive data set.

e More robust and automated method to pick up the defect signal from the output of
ICA algorithm is required.

e The performance of ICA algorithm depends largely on the linearity of MFECT
data. It is assumed that the observed MFECT data is a linear mixture of the source

signals. The validity of this assumption at different frequencies and its defect on
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the result should be further studied. An alternate approach is to develop ICA
model to solve the nonlinear mixture problem.

ICA is a statistical method to extract source signal using a method that minimizes
gaussianity. Due to this property, ICA cannot be used to extract a signal that has
Gaussian distribution. In this paper, Gaussian noise signal is extracted using
residual theory. However, this is useful when only one Gaussian noise component
is present in the mixture. In this thesis, only one Gaussian measurement noise is
assumed to be present in the MFECT data. However, in order to model variation
in lift-off and surface roughness, which usually have Gaussian distributions
additional work need to be done. A simple approach is to eliminate noise signal

before applying ICA algorithm.
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