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Abstract 

 

This document presents a new learning-by-example (LBE) technique for the 

computationally-efficient inversion of eddy current testing (ECT) data in non-

destructive testing and evaluation (NDT-NDE) scenarios. More precisely, the 

developed approach exploits a uniform sampling strategy to build a training set 

of input/output (I/O) pairs and exploits such information to train a Support 

Vector Regressor (SVR). During the on-line testing phase, previously-unseen ECT 

data are given as input to the trained model in order to predict the position of a 

single narrow crack within a planar conductive structure. Some representative 

numerical results are shown, in order to preliminarily assess the capabilities of 

the developed approach when dealing with the presence of a non-negligible 

amount of noise on test data. 



1 De�nitions

1.1 Notation

• a: a s
alar value;

• a: an L-dimensional row ve
tor (a =

[
a1 ... aL−1 aL

]
);

• A: a Q× U matrix (A =




a11 ... a1U

.

.

.

.

.

.

.

.

.

aQ1 ... aQU



);

1.2 List of Symbols

• I: number of 
ra
k parameters to estimate;

• p: ve
tor of 
ra
k parameters (p = {p1, p2, ..., pi, ..., pI});

• p̃: ve
tor of estimated 
ra
k parameters (p̃ = {p̃1, p̃2, ..., p̃i, ..., p̃I})

• Φ {.}: forward operator;

• Φ−1 {.}: inverse operator;

• K: number of measurement points 
onsidered for the inversion;

• Φ {p} = {Ψk (p) ; k = 1, ...,K}: set of 
omplex-valued measurements asso
iated to a given 
ra
k 
on�gu-

ration p;

• Ψk (p) = ℜ{Ψk (p)}+ jℑ{Ψk (p)}: 
omplex-valued measurement at point k;

• N : Number of training samples;

• F = 2×K: Total number of features for the inversion if both real and imaginary parts of ea
h measurement

point is 
onsidered;
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1.3 Predi
tion Errors

In order to give a quantitative measure of the re
onstru
tion a

ura
y obtained by the proposed inversion

method, the following error metri
s have been de�ned and will used for the su

essive numeri
al validation:

1. mean absolute error (MAE) over a set of M test samples

MAE (pi) =
1

M

M∑

m=1

∣∣∣p(m)
i − p̃

(m)
i

∣∣∣ (1)

2. normalized mean error (NME) over a set of M test samples

NME (pi) =
1

M

M∑

m=1

∣∣∣p(m)
i − p̃

(m)
i

∣∣∣
∣∣∣p(m)

i

∣∣∣
(2)

3. relative error (RE) for the m-th predi
tion

RE
(
p
(m)
i

)
=

∣∣∣p(m)
i − p̃

(m)
i

∣∣∣
∣∣∣p(m)

i

∣∣∣
× 100 (3)

where

• pi is the i-th estimated parameter (i.e., p1 = x0, p2 = y0 and p3 = z0);

• p
(m)
i is the a
tual value of the i-th parameter asso
iated to the m-th test sample;

• p̃
(m)
i is the predi
ted value of the i-th parameter asso
iated to the m-th test sample.

1.4 Signal-to-Noise Ratio

In order to test the performan
es of the inversion pro
edure against noisy data, a 
omplex additive white

Gaussian noise (AWGN) has been superimposed on both training and test ECT measurements. More in

details, the signal-to-noise ratio (SNR) of a given set of K measurements is de�ned as

SNR = 10log10

{∑K

k=1 |Ψk|
2

∑K

k=1 |nk|
2

}
= 10log10

{∑K

k=1 [ℜ (Ψk)]
2 + [ℑ (Ψk)]

2

∑K

k=1 [ℜ (nk)]
2
+ [ℑ (nk)]

2

}
(4)

where nk = ℜ (nk) + jℑ (nk) is the 
omplex noise added to the k-th measure.
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2 LBE Inversion Approa
hes

2.1 Standard LBE Approa
h (GRID − SV R)

1. Build a training set of N samples.

(a) Build a set PN of N 
on�gurations of the 
ra
k (dim. [N × I]) (e.g., positions within the plate)

PN =




p(1)

.

.

.

p(N)



=




p
(1)
1 ... p

(1)
I

.

.

.

.

.

.

.

.

.

p
(N)
1 ... p

(N)
I



=




x
(1)
0 y

(1)
0 z

(1)
0

.

.

.

.

.

.

.

.

.

x
(N)
0 y

(N)
0 z

(N)
0




using a uniform grid sampling in the I-dimensional spa
e of 
ra
k parameters;

(b) Use the forward solver Φ {.} to 
ompute the ECT signal in K measurement points asso
iated to the

N 
on�gurations of the 
ra
k. Build the following matrix of measurements where real and imaginary

parts of ea
h measurement point are treated as separate real-valued features (dim. [N × 2K] =

[N × F ])

ΨN =




Ψ(1)

.

.

.

Ψ(N)



=




ℜ
{
Ψ1

(
p(1)

)}
ℑ
{
Ψ1

(
p(1)

)}
... ℜ

{
ΨK

(
p(1)

)}
ℑ
{
ΨK

(
p(1)

)}

.

.

.

.

.

.

.

.

.

ℜ
{
Ψ1

(
p(N)

)}
ℑ
{
Ψ1

(
p(N)

)}
... ℜ

{
ΨK

(
p(N)

)}
ℑ
{
ΨK

(
p(N)

)}



;

(
) The training set of N samples is then 
omposed by the input-output pair

{ΨN ;PN} .

2. Build a test set of M samples (di�erent from the N training samples).

(a) Build a new set PM of M 
on�gurations of the 
ra
k (dim. [M × I]) (e.g., positions within the plate)

PM =




p(1)

.

.

.

p(M)



=




p
(1)
1 ... p

(1)
I

.

.

.

.

.

.

.

.

.

p
(M)
1 ... p

(M)
I



=




x
(1)
0 y

(1)
0 z

(1)
0

.

.

.

.

.

.

.

.

.

x
(M)
0 y

(M)
0 z

(M)
0




by sampling the I-dimensional spa
e of 
ra
k parameters;

(b) Use the forward solver Φ {.} to 
ompute the ECT signal in K measurement points asso
iated to

the M test 
on�gurations of the 
ra
k. Build the following matrix of measurements where real

and imaginary parts of ea
h measurement point are treated as separate real-valued features (dim.

[M × 2K] = [M × F ])
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ΨM =




Ψ(1)

.

.

.

Ψ(M)



=




ℜ
{
Ψ1

(
p(1)

)}
ℑ
{
Ψ1

(
p(1)

)}
... ℜ

{
ΨK

(
p(1)

)}
ℑ
{
ΨK

(
p(1)

)}

.

.

.

.

.

.

.

.

.

ℜ
{
Ψ1

(
p(M)

)}
ℑ
{
Ψ1

(
p(M)

)}
... ℜ

{
ΨK

(
p(M)

)}
ℑ
{
ΨK

(
p(M)

)}



;

3. Support Ve
tor Regression (SV R).

Sin
e traditional SV Rs are able to manage only single-dimensional outputs, a separate SV R is 
onsidered

for ea
h parameter of the defe
t to estimate. For a given training dimension N and for ea
h i-th parameter

of the 
ra
k to estimate (i = 1, ..., I):

(a) Train a SV R using a training set 
omposed as

{ΨN ;PN,i} =








ℜ
{
Ψ1

(
p(1)

)}
ℑ
{
Ψ1

(
p(1)

)}
... ℜ

{
ΨK

(
p(1)

)}
ℑ
{
ΨK

(
p(1)

)}

.

.

.

.

.

.

.

.

.

ℜ
{
Ψ1

(
p(N)

)}
ℑ
{
Ψ1

(
p(N)

)}
... ℜ

{
ΨK

(
p(N)

)}
ℑ
{
ΨK

(
p(N)

)}



;




p
(1)
i

.

.

.

p
(N)
i








where PN,i is the i-th 
olumn of PN ;

(b) Test the SV R giving it as input the matrix of new test measurements ΨM . As output, the SV R will

produ
e a ve
tor of M estimated values for the i-th parameter

P̃M,i =




p̃
(1)
i

.

.

.

p̃
(M)
i



.
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3 Problem 1: Cra
k Lo
ation Estimation Inside a Plate Stru
ture

3.1 Des
ription

Let be given an homogeneous plate of thi
kness T and 
ondu
tivity σ a�e
ted by a narrow 
ra
k and inspe
ted

by a single 
oil working in absolute mode at frequen
y f with lift-o� δ (Fig. 1). The lo
ation of the 
ra
k is


ompletely des
ribed by the ve
tor p of I = 3 parameters

p = {x0, y0, z0} (5)

whi
h 
orrespond to the 
oordinates of its bary
entre (Fig. 1). Moreover, we assume that the dimensions of

the 
ra
k are �xed, known and 
ompletely des
ribed by the values of its depth (d0), width (w0) and length (l0),

respe
tively (Fig. 1).

x

y

z x0

y0
l0

d0

T

w0

z0

Crack

Coil

z

xy �

Figure 1: Geometry of the problem.

A metamodel is used as forward solver to 
ompute in a fast but a

urate way the measured ECT signal

asso
iated to a parti
ular position of the defe
t. More in details, for a given ve
tor p of 
ra
k 
oordinates, the

metamodel 
omputes the 
omplex ECT signal over a set of K measurement points uniformly distributed on

the (x, y) plane

Ψ = Φ {p} = {Ψk; k = 1, ...,K} (6)

where

• Ψk = ℜ{Ψk}+ jℑ{Ψk} is the 
omplex-valued ECT signal 
olle
ted by the k-th measurement point (i.e.,

the impedan
e variation on the 
oil);
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• Φ {.} is the forward operator, linking the defe
t bary
entre (p) to the 
olle
ted ECT signal (Ψ).

The goal of the inverse problem is to retrieve an estimation of the (unknown) position of the �aw p̃ = {x̃0, ỹ0, z̃0}

(i.e., the output spa
e) by exploiting the information embedded inside Ψ (i.e., the input spa
e). Su
h a problem


an be formulated as follows

p̃ = Φ−1 {Ψ} (7)

where Φ−1 {.} denotes the (unknown) inverse operator, that has to be estimated.

3.2 Parameters of the forward solver (�xed)

• Forward solver

� total number of measurement points along x (i.e., a
ross the 
ra
k): Hx = 41;

� measurement step along x: ∆x = 0.5 [mm℄;

� total extension of the measurement region along x: Lx = 20.0 [mm℄;

� total number of measurement points along y (i.e., along the 
ra
k): Hy = 57;

� measurement step along y: ∆y = 0.5 [mm℄;

� total extension of the measurement region along y: Ly = 28.0 [mm℄;

� total number of measurement point 
omputed by the forward solver: H = Hx ×Hy = 2337;

Plate

Thi
kness T 1.55 [mm℄

Condu
tivity σ 1.02 [MS/m℄

Coil

Inner radius r1 1.0 [mm℄

Outer radius r2 1.75 [mm℄

Length lc 2.0 [mm℄

Number of turns nt 328
Lift-o� δ 0.303 [mm℄

Frequen
y f 100.0 [KHz℄

Cra
k

Depth d0 0.62 [mm℄ (40% of T )

Length l0 10.0 [mm℄

Width w0 0.3 [mm℄

Table 1: Fixed parameters.

Parameter Min [mm℄ Max [mm℄

Cra
k x-
oordinate x0 5.0 25.0
Cra
k y-
oordinate y0 1.0 29.0
Cra
k z-
oordinate z0 0.93 1.24

Table 2: Validity ranges of the forward meta-model.
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3.3 Standard LBE Approa
h (GRID − SV R): Performan
es

3.3.1 Parameters

• Measurement set-up for the inversion

� 
onsidered measurement step: ∆x = ∆y = 1.0 [mm℄;

� number of 
onsidered measurement points K = Kx ×Ky = 21× 29 = 609;

� measured quantity for ea
h k-th point: {ℜ (Ψk) ,ℑ (Ψk)};

� total number of measured features: F = 2×K = 1218;
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Figure 2: Lo
ation of the measurement points sele
ted for the inversion (K = 609).

• Standard LBE Approa
h

� Training set generation

∗ sampling: uniform grid sampling in (x0, y0, z0);

∗ number of quantization levels: Qx0
= Qy0

= Qz0 = {5; 6; ...; 10};

∗ number of training samples: N = Qx0
×Qy0

×Qz0 = {125; 216; ...; 1000};

∗ SNR on training data: Noiseless;

� Test set generation

∗ Sampling: Latin Hyper
ube Sampling (LHS);

∗ Number of test samples: M = 1000;

∗ SNR on test data: Noiseless + SNR = {40; 30; 20; 10} [dB℄.
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3.3.2 True vs. Predi
ted (SNR = 20 [dB℄)
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Figure 3: Standard Approa
h - True vs. predi
ted 
ra
k 
oordinates for di�erent dimensions of the training

set (N). SNR = 20 [dB℄ on test ECT data.
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3.3.3 Errors
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Figure 4: Standard Approa
h - Normalized Mean Error (NME) vs. training size (N)
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h - Normalized Mean Error (NME) vs. SNR on the test ECT measurements.
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More information on the topics of this document can be found in the following list of references.
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