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Thesis Summary

Structural components are often subjected to life limiting service conditions, such as
vibrational fatigue, thermal fatigue, and corrosion. Monitoring the condition of such
equipment is critical for its continued safe operation. Monitoring permits operators
not only to assess the accumulated damage caused by system operation, but also to
identify and avoid or minimise those operating conditions which result in significant
damage or reductions in remaining life. The condition of any critical component can
be monitored. Thus, people with heart conditions often have electro-cardiograms to
monitor a variety of heart abnormalities. An industrially critical component is more
likely to be a gearbox, a motor, a transformer or a pipeline.

This report deals with condition monitoring of pipelines for a utility services com-
pany. Data from ultrasound scans is analysed in order to detect the presence of pipeline
defects. The approach uses data visualisation to aid feature extraction. The main tools
employed are PCA, FFTs, AR models and neural network classifiers. The intent of
the project is to solve the problem of detection. Indeed, most of the time when the
alarm system is raised the region is not actually defective. This report explains a part
of the work which has been done before, then the approaches we tried this year. Then,
it deals with the two neural network classifiers we used: RBF networks and MLPs.

Keywords: Principal Component Analysis, Pre-processing, Autoregressive Models,
Radial Basis Function Networks, Multi-Layer Perceptrons.
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Chapter 1

Introduction

After a presentation of what condition monitoring consists of, this chapter explains

why artificial neural networks are helpful in this area. Then, a thesis overview is given.

1.1 Condition monitoring and neural networks

1.1.1 Purpose of condition monitoring

The monitoring of the condition of structural components can significantly reduce the
costs of maintenance. Firstly, it can allow the early detection of potentially catas-
trophic faults which could be extremely expensive to repair. Secondly, it allows the
implementation of condition based maintenance rather than periodic or failure based
maintenance. In these cases significant savings can be made by delaying scheduled

maintenance until convenient or necessary.

To obtain an accurate measure of the condition of components, a wide range of ap-
proaches can be employed to extract indicative features. By comparing these features
with features for known normal and probable fault conditions, the condition of the
component can be estimated. The approaches used vary from measuring vibrations,
which yield signals often requiring a significant amount of processing, to oil debris

analysis where the metal worn off the machine can be analysed. Other approaches



CHAPTER 1. INTRODUCTION

include monitoring acoustic emission, electrical currents, temperature and system in-

put/output relations [Neale and Associates, 1979).

1.1.2 Are neural networks helpful?

Condition monitoring requires, in most cases, the intervention of skilled personnel who
have expert knowledge of the systems under their surveillance. To perform their tasks
effectively they bring to bear a wide range of signal processing techniques and associ-
ated analytical techniques in order to establish functional linkages between acquired
data measurements and operational condition. In this way a rational basis for fault

diagnosis can be established.

It is in just this area that neural networks may have much to offer since they are ide-
ally suited to the establishment of such linkages, yet do not require formal knowledge of
the precise mechanism that may be involved. This suggests that neural networks could
be used to make diagnoses regarding the condition as an alternative to the increasingly

scarce resource of skilled personnel.

Neural networks cannot solve every problem, in some cases traditional statistical
methods may be better. Nonetheless, neural networks usually are as good as traditional
methods and can be much better. Both classical statistical methods and neural net-
works also assume a model of the data. However, the model space for neural networks

is generally rather larger than for classical methods.

1.2 Thesis overview

The thesis consists of six parts. After this introduction to the project, the second chap-
ter presents the first approach we used to visualise and understand the data. Moments

of low order and Principal Component Analysis (PCA) are involved.

10



CHAPTER 1. INTRODUCTION

The third chapter presents the pre-processing step. It is explained in detail as this
was one of the most important parts of the work. The pre-processing is based on the
selection of the sensor which will 'best’ represent the area of suspected corrosion and
on dimensionality reduction using autoregressive models. Other steps involved are the
quantisation and the ‘zero phase’ which allows alignment of scans and boxes. The
last pre-processing step was the reduction of the number of classes as the data from
the ‘double results’ classes were sparse. Then, neural network classifiers (Radial Basis
Function networks (RBF) and Multi-Layer Perceptrons (MLPs)) were trained. The
autoregressive coefficients were the input variables. This is discussed in chapter 4 as

well as general results obtained.

Finally, a summary of the study and some comments about the methods used are
given in chapter 5. Then, conclusions are drawn and some possible ways of implement-

ing the procedure are discussed.

Note that, for obvious reasons, the results are not displayed for the whole data
set used. Throughout this report, the files mt2891_50.dat and mt2891_50.sel are used
unless otherwise stated in order to follow clearly the different steps. These files have

been chosen because they represent the complete data set quite well.

11



Chapter 2

Data understanding and

visualisation

Data understanding and visualisation are crucial steps in general. Plotting a graph in
a suitable format distinguishes features such as peaks that characterise the data. It
allows planning of the pre-processing required to enhance those features as well. Firstly,
this chapter says more precisely what the project deals with and the work which had
been done earlier. An explanation of the first steps is given in this section. Moments
of low order and Principal Component Analysis are involved. Then, some conclusions
from the results are drawn and some explanations about the problems encountered are

given.

2.1 Data selection and graphical interface

A circular array of detectors is passed through a pipeline. At regular intervals (scans),
the signals are recorded from each detector (channel). Then, regions of metal loss are
located by technicians as they visually inspect plots of the resulting 2-dimensional ar-
ray [R. Rohwer and White, 1996]. This is a time-consuming procedure which will be

done automatically soon.

An existing software tool uses an algorithm which locates the potential defects

12



CHAPTER 2. DATA UNDERSTANDING AND VISUALISATION

within the 2-dimensional array. It estimates their lengths in scans and widths in chan-
nels. This algorithm is highly effective at locating all defects (D) of interest, but also
registers spurious (S) features due to harmless variations in metal thickness such as
occur at pipe bends, welds and off-takes, and in the process of manufacturing seamless
pipes. Unfortunately, the algorithm detects many times more spurious features than

defects.

Four types of files are involved in this project. The first type of files (.era files) con-
tains the 2-dimensional ultrasonic signal array for each weld-to-weld pipeline section.
The second type of files (.els files) contains the coordinates for each area (or ‘box’) of
suspected corrosion, along with estimates of the size of the defect (peak depth, length
and width...) as well as the type of defect and the box identification. Obviously, there
is one file of the second type corresponding to each file of the first type. Throughout
this report, the words ‘spool’ and ‘pipeline section’ will be used as equivalent. In the

same way, any area of suspected corrosion will be a ‘box’.

The graphical interface has been done in late 1998 by Dr Ian T. Nabney and a
PhD student, Mehdi Azzouzi. Its purpose is to display the data. The zoom and vari-
ous statistics provided by this application have been very helpful in analysing the data.

In a figure, the 2-dimensional ultrasonic signal array is plotted in green. The box

delimiters are also plotted with their class using the following colour code:

e Red : if Class is 0 (S),
e Blue : if Class is 1 (D),

Figure 2.1 displays an example of the data visualiser. It is important to look at the

shape of the data in blue boxes as they represent the defects.

One problem with these files is that the use of boxes does not give a standard width

(number of scans) and a standard height (number of sensors), whereas neural network

13
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Figure 2.1: Data visualiser displays mt2891_50.era » and mt2891_50.els files. The number
in the middle of each box is a box identification number. It is chronological and starts

at 1 for each spool.

classifiers operate on fixed-dimension vectors. In order to solve this problem a third

file type (.sel files) has been created.

The boxes found by the segmentation algorithm are gathered by a hand procedure

into new boxes whose length is equal to 51 scans. These new boxes are horizontally

centered in the box around the defect and also roughly vertically. The values of the

2-dimensional ultrasonic signal in these new boxes are in the last file type (.dat files).

The data selection was done by the project supervisor Dr Ian T. Nabney.

14



CHAPTER 2. DATA UNDERSTANDING AND VISUALISATION

The corresponding .dat and .sel files are displayed in Figure 2.2 where it can be
seen that all boxes contain the same number of scans. Two ‘double categories’ have
also been added : DD for boxes containing two features and SS for boxes in welds.
Examples are displayed in Figure 2.2 : box 10 is a DD and box 11 is a SS. From now

on, to take the new classes into account the following colour code is used:
e Red : if Class is 0 (S),
e Blue : if Class is 1 (D),
e Magenta : if class is 2 (SS),

e Black : if class is 3 (DD).

During the project, most work was done using the last two types of file since they

provided the best information.

2.2 Moments

2.2.1 Properties of the data

As a preliminary step, before computing any sophisticated procedures, a basic idea is
to look at moments of the data. Interest is usually directed towards the lower mo-
ments, especially the first and second, since these serve to describe the most important
properties of any data set [Spencer et al., 1977]. Thus, the arithmetic mean (Z) (equa-
tion 2.1) of a sample, referred to simply as the mean, is in general the most useful. The
variance (s®) (equation 2.2) is generally the most useful measure of the spread of the
data. It is also interesting to see whether the data comes from a normal distribution
or not. That can be done by looking at its symmetry since that is one of the principal
properties of the normal distribution. To characterise this fact, rather than simply
estimating the percentage of data points higher and lower than the mean, as suggested

by [Miller and Ruppert, 1986], more useful measures are given by the skewness (7;)

15
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equation 2.3) and the kurtosis (f;) (equation 2.4) which are respectively the moments

alisation factor.

s a measure of the lack of symmetry of the data. Thus, a
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The higher the order of the moment, the more difficult it is to estimate it reliably,

since the variance of the estimate gets larger.

7= %i}zg (2.1)

o = nfl (-2 22)

\/_Z A 1 i Ly (2 — 2)° (2.3)
(Zia (-’B: - x)"')2 (s?)2

n2i=1 (SC;' w3 3.1)4 - n Z?:l (.TJ,' 8 j)4
(i (@ -2))2 (-1 (&7

B2 =
where:

z; is the value of the 2-dimensional ultrasonic signal at the scan i,

n is the number of scans per box.

2.2.2 Graphical visualisation and results

To illustrate the results of the investigation carried out, some graphical representations
are given. Figures B.1, B.2, B.3, B4, B.5, B.6, B.7, B.8, B.9, B.10, B.11 and B.12
display the results using a colour code (spurious results in red and defects in blue) in
order to differentiate between the types of defects. These results were obtained using

the representative files : mt2891_50.

The mean and the other moments were worked out separately over each box from
the different files. So, for the representative files, 12 graphics corresponding to the 12

boxes for each of the four moments were calculated.

All the sensors from each box are represented. These moments give a good idea of
the structure of the data. We can notice several properties on these examples which

are true on the whole data set:

e similar values of the defects and spurious results for the four moments,

17
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Figure 2.3: Schematic plot of the histograms of the mean, log(variance), skewness and
kurtosis for the whole data set. Spurious results are plotted in red and defects in blue.
Note that there is a significant overlap between the two histograms in each figure.

e numerous peaks.

Figure 2.3, which displays a schematic plot of the histograms of the moments, shows
that there is a poor separation of defects and spurious results. So, if a new pattern
is observed it is not known if it is more likeljr to belong to the class ‘spurious results’
or to class ‘defects’. Therefore, no conclusion can be drawn simply on the basis of the

values of these moments.

2.3 Principal component analysis

Lots of problems arise when attempting to perform pattern recognition in high-dimensional
spaces. Better generalisation can often be obtained by first mapping the data to a space

of lower dimensionality. However, a reduction of the dimensionality of the input space

18
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of eigenvalues just after the point at which the cumulative contribution flattens out
is therefore usually an appropriate number. In figure 2.4, the number found, using
this ‘knee’ technique is approximately 6. Therefore, it is interesting to concentrate our

attention on the 6 first principal components for this subsample of data.

2.3.3 Graphical visualisation and results

Data projected on the first principal component. Defects in blue, spurious in red
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Figure 2.5: Data projected in 1-dimensional feature space (spurious results in red,
defects in blue). Note the peaks for the defects. Each group of data points corresponds
to one of the 12 boxes that contain the representative files displayed in figure 2.2.

Figures 2.5, 2.7 and 2.8 display the results obtained with the representative files.
Figure 2.6 displays the results obtain with the mt2891_33 files. The first two graphics
show respectively projections onto the first principal component. The third graphic
shows projections onto the first two principal components and the last graphic shows a

3-dimensional representation of the projection onto the first, the second and the third

21
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Data projected on the first principal component. Defects in blue, spurious in red
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Figure 2.6: Data projected in 1- dlmensmnal feature space (spurious results in red,
defects in blue). Files mt2891_33.

principal components.

Each point corresponds to a 51 dimensional vector which is the set readings for a
sensor across the box. All the sensors within the box are used for the PCA. Boxes are
displayed from the left to the right. That is to say that the first points (on the left side
of the graphic) correspond to the first sensors from the first box of the file and the last
points (on the right side) correspond to the last sensors from the last box (box 12 for

the mt2891_50.dat).
The general structure of the data can be seen: There are numerous peaks each

of which corresponds to a defect. The spurious results are grouped around the same

values.

22
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Data projected in feature space

12+ :
S L e 35 +jf
+ E
gk ++ ...... il Al L e e
a :
4 : iy +
T B s A R P e P T s (T R A e Geeeeneen gasanss .
5} : ; :
5 # : :
g- i+ ! i3 ‘Hﬂ.
Q 4 I+ . i S SE NN | WP/ SR By :
Q
- : -
3 : . BT
'S : 4 + 4
£ - s
g_ 2+ e s +..ﬁ-"’ﬁf.
b= : +
; W s
0|_‘. + ’ ................................................
. " A ] : L
5 " 3 e 5
D e e ‘# m""f‘, R S L, Lo e, M- WL LT W b T
i HERRESY : ; :
:ﬁ * + : : :
Heht T+
+ .t +
+o s : : ;
- | 1 ot + 1 J
-5 0 5 10 15 20 25

First principal component

Figure 2.7: Data projected in 9-dimensional feature space (spurious results in red,
defects in blue). Note the similar structure of the data points in comparison with
Figure 2.5. Files mt2891_50.

From Figure 2.5, we could conclude that PCA is a good option to use to separate
the data because all defects have a projection onto the first component with a value
greater than about 3.5. There is a clear sep.;:mration between spurious results and de-
fects. Therefore, we could reliably use this information to help in the classification
process. However, from Figure 2.6, we can see that this information would be more
difficult to use as the results are more mixed, only a few points could be correctly classi-

fied. And it is even worse when we use several files since the results vary from file to file.
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Data projected in feature space

.

Third principal component

Second principal component

First principal component

Figure 2.8: Data projected in 3-dimensional feature space (spurious results in red,
defects in blue). Files mt2891_50.

2.3.4 Conclusions

This method has to be used carefully. In our example, we discovered that the set of 51-
dimensional data can be described with a relatively high accuracy in approximatively
6 dimensions by applying PCA. This is the result of correlations within the data.
However, PCA is limited by being a linear technique and may overestimate the true
dimensionality of the data. Another problem which may arise is a loss of relevant
information for the classification phase as PCA does not take account of the target

data.
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2.4 Conclusions

At the beginning of an investigation, it is often valuable to understand or, at least, to
have some indications of the nature of the data. It avoids making incorrect assump-
tions which can lead to problems later. We have shown that summary statistics are not
useful to separate classes: PCA works better, but there is still a large amount of class
overlap. There is quite a lot of variation in the feature values within each box, and
even more from section to section, which means that models trained on these features

will generalise poorly.
The goal of this approach involving unsupervised learning was to discover any

underlying structure in the data. Understanding the data allows the choice of a good

pre-processing method.
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Chapter 3

Pre-processing procedure

The pre-processing procedure is explained in this chapter and need to be looked at
carefully as it is one of the key steps in a classification problem. We started from a
method designed by Professor David Lowe and we implemented it. The pre-processing
stage is made up of several steps. The tools used in this pre-processing are numerous:
Fourier transform, autocorrelation coefficients, autoregressive models... Then, the re-
sults will be used as inputs to neural network classifiers. Everything is described in
this section except the neural network classifiers. Finally, some conclusions about the

pre-processing step are drawn.

3.1 Introduction

First of all, it seems important to introduce the purpose of the pre-processing. It is
rare that raw data are presented as inputs to neural networks except maybe in medical
prognosis problems. Most of the time, preliminary work has to be done on these data

as shown in figure 3.1.

The intent of the pre-processing step is to simplify the data to get the most relevant
information. Generally, the main part of a pre-processing procedure is the reduction
of the input dimensionality, which can be achieved either directly by principal com-

ponents analysis (see previous chapter) or by extracting features from the raw data.
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CHAPTER 3. PRE-PROCESSING PROCEDURE

RAW DATA

Pre-processing

INPUTS

Neural network

OUTPUTS

Figure 3.1: Most of the time, neural networks require the original data to be trans-
formed by some form of pre-processing to give a new set of variables which are then
utilised as inputs to neural networks. [Bishop, 1995

The interest is to reduce the number of free parameters in the network as it is strongly
linked with the number of inputs. It is important to note that lots of tools are used
and great computational demands may be made during this step. Figure 3.2 sums up

the different steps of the pre-processing we used in our classification problem.

Then, figure 3.3 displays the original data' from a pipeline section. Each curve
corresponds to a sensor. A box is composed of several sensors and each sensor contains
the measures of 51 ultrasound scans. Note that the colour code is not used yet. It is
important to note that we can distinguish two types of sensors in the figure. With the
first type of sensor, all the 51 ultrasound scans have approximately the same value.
With the second type of sensors, there is a dip, close to the median scan. These types
correspond respectively to spurious results and defects.

We had a set of 457 boxes composed of 209 spurious results and 248 defects. This

1Data used comes from the files mt2891_50.dat and mt2891_50.sel
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Figure 3.2: Pre-processing stage. Note the different steps of the stage. Each step is

explained in this section.

number is highly important as it is one of the key points of the application. Too little
data may lead to an inaccurate classifier. On the other hand, too much data leads to
very long training times. Thus a sufficient amount, not too low and not too high, of
data has to be used and the partitioning between sets has to be done carefully. Another
important thing is to have the same number of data coming from the different classes

allowing balanced training, validation (if necessary) and test sets. We will return to

these points later in this chapter.
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Figure 3.3: Original data from a pipeline section. All sensors from all boxes are
displayed. We can notice that there are 51 ultrasound scans for each sensor and that
some sensors have approximately the same values through the scans.

3.2 Quantisation

All sensor values are multiples of 16, so the first thing to do is to divide each scan by 16

in order to simplify the computations. It is obvious that it does not affect the general

results.

Then, only the first 48 scans from each box are used. This number was chosen
because the reshape simplifies and accelerates the data processing especially during
the use of the Fourier transformation (FFT) introduced later. In addition, the FFT is
most efficient when the window width is a power of 2. Note that these parameters are
really easy to modify by the user as they are declared and defined at the top of the

main file of the application I designed (see code in appendix).
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3.3 Selection of the most representative sensor from
each box

This is certainly the most important step in the pre-processing work. At this moment
the choice of a single representative sensor from each box is made. This is done to
reduce the computational demands of the pre-processing stage. Also the boxes chosen
algorithmically (.sel files) often extend vertically a long way from the defect, so a
defective box will contain many ‘normal sensors’ as well. In the next subsections, the
two possibilities which have been coded and the results on the representative files are

explained.

3.3.1 First method: the middle sensor

The first method we use is to select the middle sensor from each box. This method was
the one used by Professor David Lowe. This criterion was chosen because the middle
sensor is supposed to be the most representative sensor of each box when the boxes

were hand selected.

Now, assume that the representative data files have M sensors distributed in N
boxes before the pre-processing step. As we keep only the middle sensor of each box
there are only N sensors kept. Results on the file are shown in Figure 3.4. In this case,
N is equal to 12 (see Figure 2.2). We can notice more clearly the two different shapes

of sensors (with and without dip) discussed earlier in the chapter.

3.3.2 Second method: the sensor with the biggest dip

The second method we use is the selection of the sensor with the biggest dip. Once
again, if we assume that the files have M sensors distributed in N boxes before this

step, we will keep only NV sensors.
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Figure 3.4: Method 1 : Selection of the middle sensor from each box of a pipeline
section. As the file contains 12 boxes, only 12 sensors are kept, one per box. Note that
every sensor now contains only the first 48 ultrasound scans.

The dip? is defined to be the difference between the mean of this sensor and its

minimum. Thus, for a sensor:

1 n
Mean(sensor) = ; Y s (a1}
=1
Dip(sensor) = Mean(sensor) — min (sensor) (3.2)

where:
s; is the value of the sensor at the scan i,

n is the number of scans per box.

2Note that this quantity is always positive (or Z€ero).
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And obviously, the biggest dip from a box is defined by:

BiggestDip = ax (Dip(7)) (3.3)
where:

m is the number of sensors in the box.

An option is useful with this type of selection. As the boxes from the .sel files
are hand selected, scans at the edges of these boxes can be far from the defect itself.
Therefore, these scans may introduce uncertainty in the computation of the biggest
dip of a sensor. So this option allows the user to exclude the scans at the edges of a
box. In other words, it means that the computations of the mean and the minimum
of a sensor do not use a number, specified in the option, of scans at both sides of the

box. For example, with k ignored scans, the previous formula become:

1 n—k
(Equation 3.1) => Mean(sensor) = > 8 (3.4)
n—2k 57,
(Equation 3.2) = Dip(sensor) = Mean(sensor) — 1+krélilsnn_k(sensor) (3.5)

where:
n is the number of scans per box,

k is the number of ignored scans.

3.3.3 Conclusions

Due to computational demands, a choice has been made: to keep only one sensor per
box. There are other ways to select the most representative sensor from a box. These
ones are the most intuitive. A fruitful direction could be to select several sensors per box
in order to resolve some of the difficulties in misclassification. We could classify each
sensor and use a voting system to classify the box. Therefore, it would be interesting

in the near future to work further on this step.
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3.4 Zero Phase

Double in size Fourier
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Figure 3.5: Zero phase: steps involved

The intention of this procedure is to align scans inside boxes in a consistent way.
It also aims to make the representation translation invariant. As shown in figure 3.5
the first step is to double the sensors in size by reflecting the ultrasonic signal in order
to have data of the same length after the discrete Fourier transform (fft) and inverse
discrete Fourier transform (ift). We also tried to double the sensors in size by padding
each sensor with 48 zeros but the results were not as good. Then, we apply the discrete
Fourier transform to each sensor and we take the absolute value of these coefficients,
and apply the inverse discrete Fourier transform. We round the results to their real
value because we know that after the ift we want a real signal. However, because float-
ing point arithmetic is used rounding errors are possible after the fft and ift. Therefore,
we have to round off to zero the small imaginary values after the ift. Finally, we take
the first 48 samples from each sensor to obtain vectors of the same length as the original

ones.

Then the data was centered vertically by subtracting the mean of each sensor. Fig-

ure 3.6 shows the results on the data after this step.
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Figure 3.6: Results on the representative data files after the ‘zero phase’. Note that
there are still 12 sensors (one per box) and each one still has 48 ultrasound scans. The
method used for the selection of the ‘best sensor’ was the middle sensor method.

The next step in this pre-processing method was to reduce the dimensionality of
the input space. It was performed using autoregressive models and it is described in

the next section.

3.5 Autoregressive models

In this section, some explanation of the autoregressive (AR) models is given. Firstly,
it provides a reminder of what an AR model is. It then explains how the AR coeffi-
cients were calculated using the Yule-Walker equations and how many coefficients were
used later as inputs to the neural network classifiers. Finally, results and graphical

visualisations are shown.
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3.5.1 Overview

In an AR model there is a memory or feedback and therefore the system can generate

its own internal dynamics. The definition that will be used here is as follows:

N
Ty = X; @iTy—i + € (3.6)
&=
or 7, ~ AR(N).
where:
a; are the autoregressive coefficients,
; is the series under investigation,

N is the order of the AR model,

€ is the noise term.

Note that, the noise term or residue is almost always assumed to be Gaussian noise

and that N is generally very much less than the length of the time series.

Equation 3.6 means that the current term of the series is estimated by a linear
weighted sum of previous terms in the series. The weights are the autoregressive coeffi-
cients. The problem in AR analysis is to derive the best values for a; given a series z;.
A number of techniques exist for computing AR coefficients. The main two categories
are least squares and Burg method. Within each of these there are a few variants and

the most common least squares method is based upon the Yule-Walker equations.

The most common method for deriving the coefficients involves multiplying the
definition above by z; 4, taking the expected values and normalising giving a set of
linear equations called the Yule-Walker equations (see [Kendall and Ord, 1990]) that

can be written in matrix form as in (equation 3.7):
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£ I g p1) - v =1) [ a) )
p2) | _ | P(1) 1 © p(N —-2) a(2)
\P(N) ] \p(N-1) p(N-2) .- 1 ]\ ad) ]
Yule-Walker equations

where:
p(t) are the auto-correlation coefficients?,
a(i) are the autoregressive coefficients,

N is the order of the autoregressive model.

The auto-correlation between y; and y,_ is defined? as follows:

cov(Ys, Ye)
\/ var(ye)var (ye-r)

corr (ye, Ye-k) =

where:
var(y:) = €[ys — w)? is the variance®,

cov(Ye, Ye—k) = €[(ye — pe) (Ys—k — pe—x)] is the auto-covariance.

(3.8)

The auto-correlation coefficients vary between —1 and +1 and values near +1 in-

dicate a strong correlation.

It is intuitive that the higher the AR model order the better the results are. Never-

theless, we have to consider the noise in the data then the results may get worse with

a higher order model. Therefore, we have two constraints: the first one is that N is

generally much smaller than the length of the series (48 in our case) and the estimates

generally improve with the order.

3The diagonal is p(0) = 1.
corr(ye, ye—x) is more commonly denoted by p(k). Note that p(k) = p(—k)
S¢[X] represents the expectation of X.
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In our case, the autoregressive coefficients will be used as a pattern to describe the
box. Hence, we need a separately calculated set of coefficients for each box. Table 3.1

gives the coefficients for a number of model orders for a subsample of data’ we used.

Coefficients
Order 1 2 3 4 5 6 7 8
1 0.8180 - - - - - - -
2 0.9213 | -0.1262 - - - - - -
3 0.9214 | -0.1269 | 0.0008 - - - - -
4 0.9213 | -0.1231 | -0.0270 | 0.0301 - - - -
5 0.9212 | -0.1230 | -0.0266 | 0.0271 | 0.0033 - - -
8 0.9208 | -0.1224 | -0.0263 | 0.0254 | 0.0157 | -0.0063 | 0.0084 | 0.0239

Table 3.1: Table gives the coefficients for a number of model orders for the first box of
the file mt2891_50.sel.

To visualise the results, it is useful to plot the root mean square error (RMS error)
between the series estimated by the AR coefficients and the actual series. The RMS

error can be computed using a discrete error formula (equation 3.9):

=1

1.& &
BB J =3 o= 5P (3.9)
where:

p; is the correct solution,

P; is the proposed solution.

There is no general rule to determine a good autoregressive model order. Generally,
the RMS error decreases quickly for the first orders and then more slowly. An order
just after the point where the trend decreases is usually chosen even though more
formal techniques exist, the most common used of which is the Akaike Information
Criterion. We used the method called ‘knee’ explained earlier for determining the
optimal autoregressive model order as we did to interpret the results of the cumulative

contribution of the eigenvalues in PCA in the previous chapter. Results over the

%Data comes from the first box of the file mt2891_50.dat and mt2891_50.sel.
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Figure 3.7: RMS error vs AR model order. The ’knee’ of the curve is located at the
eighth AR coefficient.

representative files are shown in figure 3.7.

3.5.2 Autoregressive model used

We chose to work with an AR model order equal to 8. We used the Yule-Walker
equations to compute these coefficients. Therefore, 8 auto-correlation coefficients were
required in order to solve these equations. Note that each box is treated separately
so it means that different auto-correlation coefficients and AR coefficients had to be

computed for each box. Each of these boxes was represented by its ‘best sensor’.

So, there were A (where A denotes the number of boxes in the current file) sets of 8
AR coefficients for each file. As a sensor contains 48 values, there is a maximum of 95

auto-correlation coefficients which go from p(—47) to p(47), of which we just needed
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p(1) up to p(8).

Then, once we knew the auto-correlation coefficients, by multiplying both the right
hand side and left hand side by the inverse of the central matrix, we could work out

the autoregressive coefficients.

3.5.3 Graphical visualisation and results

By projecting the first three autoregressive coefficients (figure 3.8) from the whole data
set (see appendices for its composition) and using the colour code defined previously, we
noticed that even when we superimposed several pipeline sections, the different types
of defects were well-separated. We did not have these results with the first approach
where the different types of defects were well-separated for a pipeline section but were
all mixed when we superimposed several sections. Therefore, with this approach we
have enough good results to use neural network classifiers where the inputs will be the

8 autoregressive coefficients.

A colour code’ is used, so it is easy to see the separation between the defects and
the spurious results even though the ‘double results’ are mixed. This particular issue

only concerns a low percentage of data and is solved in the next section.

3.6 Reduction of the number of classes

The pre-processing step is now almost over. We saw before that it was best if the
number of examples coming from all the classes in the different sets was approximately
the same. This phenomenon is called balancing. The classes and their associated fre-

quencies are detailed in table 3.2.

We notice that the ‘double results’ (ie SS and DD) are under-represented with 37

patterns out of 457. This can lead to a problem in the classification using neural
"Red (8), Blue (D), Magenta (SS), Black (DD).
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Figure 3.8: Projection of the first 3 AR coeflicients. Note the separation between
defects and spurious results. The method used for the selection of the ‘best sensor’ was
the middle sensor method.

networks. With few examples from these two classes the network may not be able

to determine the generating function correctly. To avoid this problem we decided to

merge the four classes into two classes.

After closely looking at the shapes and properties of each kind of results, we mixed
the classes D and DD and on the other hand S and SS. The results are displayed in the
second line of table 3.2. In conclusion, only two classes will be presented to the inputs
of the networks. By simplification, from now on we will call these classes the spurious

results (S) and the defects (D).
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S [SS| D | DD | Total
190 | 19 | 230 | 18 | 457

| 209 248 | 457

Table 3.2: Classes and their associated frequencies.

3.7 Conclusions

Throughout this chapter, we used different pre-processing methods in order to extract
the most relevant information from the data. The data dimension was reduced from
51 to 8, which is the autoregressive model order. The autoregressive coefficients will
be the inputs to the neural network classifiers introduced in the next chapter. We
also merged the double classes as the data from them was sparse and it would not
have allowed the network to learn enough relations between input patterns and their

associated targets.
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Chapter 4

Neural network classifiers

4.1 Introduction

In a classification problem the goal is to assign previously unseen patterns to the
correct class based on previous examples from each class. Multi-Layer Perceptrons
(MLPs) and Radial Basis Function (RBF) networks are the two most commonly used
types of feed-forward networks. The fundamental difference between them is the way
in which hidden units combine values coming from preceding layers in the network.
While the MLP uses inner products, the RBF uses Euclidean distance. There are also
differences in the customary methods for training MLPs and RBF networks, although
most methods for training MLPs can also be applied to RBF networks. A more detailed

comparison of the two types of network is given in [Bishop, 1995).

4.2 Multi-Layer Perceptron

Firstly, this section gives an overview of one of the two neural network classifiers used:
MLPs. Then, it deals with its architecture and its training procedure, which involves

three sets of data.
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4.2.1 Presentation

The Multi-Layer Perceptron (MLP) network is one of the most popular and successful
neural network architectures in practical applications. Its principal applications are
pattern discrimination and classification, prediction and forecasting, regression and
control. The strength of MLPs lies in their ability to recognise complex patterns in

real-world data which is noisy or uncertain.

An MLP is a feed-forward network so that it contains no feedback loops. It has
one or more hidden layers for which the combination function is the inner product of
the inputs and weights, plus a bias. The activation function is usually a logistic or
‘tanh’ function. Each layer uses a linear combination function. The inputs are fully
connected to the first hidden layer, each hidden layer is fully connected to the next,
and the last hidden layer is fully connected to the outputs.

Thus in mathematical terms, it means that the output of the jth hidden unit is
obtained first by forming a weighted linear combination of the d input values:
d
a; =Y wi's, (4.1)
i=0
where!:
wg) denotes a weight in the first layer going from input ¢ to hidden unit j,
z; denotes the ith input value.

The activation of hidden unit j is then obtained by transforming the linear sum in

equation 4.1 using an activation function g to give:

z; = g(a;) (4.2)

In this project, we dealt with a two-class problem, so we just needed a single output

unit.

INote that the bias is included in the sum as z,.
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4.2.2 Architecture

Neurons

Output layer

Hidden layer
Input layer

Figure 4.1: An example of an MLP having 5 inputs, 4 hidden units, 2 output units
and 2 layers of adaptive weights. Note that the bias parameters are not shown.

The first step when using an MLP is to choose its architecture (see figure 4.1). It
should be an architecture which gives good generalisation performance for a given set
of input data. A two-layer MLP with sigmoid activation function can approximate any
continuous function to arbitrary accuracy if enough hidden units are used. It therefore
reduces the problem so that we only need to choose the number of hidden units. This
has to be chosen carefully to avoid over-training and to ensure that the model is flexible

enough to capture the underlying relationships in the data.

The number of inputs I is determined in our problem by the number of autoregres-
sive coefficients. The number of outputs K is equal to 1 as we have a 2-class problem.
The procedure to determine the number of hidden units J is explained in the next

subsection.
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4.2.3 Multi-layer Perceptron training

We want to find the network with the best generalization performance. The simplest
approach to reach that goal is to compare different networks by evaluating their error
functions using data which is separate from that used for training. Various networks
are trained by minimisation of an appropriate error function defined with respect to
a training set. The performance of the networks is then compared by evaluating the
error function using an independent validation set. This method is called the hold out
approach. However, such a method can lead to some over-fitting to the training set.
Therefore the performance of the selected network should be confirmed by measuring
its performance on a third independent set of data called the training data set. The
entropy error measure was monitored so as to determine when to stop the training.

This allows us to interpret the network output as P(C|z).

To find a local minimum, the optimisation algorithm used was scaled conjugate
gradients (SCG). Several tries were made with the conjugate gradient and the quasi-
Newton method but results were not as good as with SCG.

4.3 Radial Basis Function networks

Firstly, a brief presentation of the Radial Basis Function network (RBF) is given in

this section. Then, it deals with its architecture and its training procedure.

4.3.1 Presentation

RBF networks usually have only one hidden layer for which the combination function
is based on the Euclidean distance between the input vector and the weight vector.
RBF networks do not have anything that is exactly the same as the bias term in an
MLP, but somes types of RBF's have a ‘width’ associated with each hidden unit or with
the entire hidden layer. Instead of adding it in the combination function like a bias,

you divide the Euclidean distance by the width.
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4.3.2 Architecture

Input layer

Output layer

OUTPUT

INPUTS FUNCTIONS

Figure 4.2: An example of an RBF network having 5 inputs, 3 basis functions (¢)
which act like hidden units, 1 output unit and 2 layers of adaptive weights.

Figure 4.2 shows the architecture of a RBF. Any RBF network with one hidden
layer can approximate any continuous function to arbitrary accuracy provided there
are enough hidden units [Bishop, 1995]. The size of an RBF network is determined by

the number of centres in the hidden layer which is explained in the next subsection.

4.3.3 RBF network training

Several experiments were carried out to determine the optimal number of centres. The

data was partitioned into two data sets:

e training set,

e test set.

The sizes of the sets were determined using a similar procedure that the one we
used for MLPs. The misclassification error rate was monitored in order to determine

the optimal network.
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4.4 General results

In this part, we give the results we obtained with MLPs and RBFs. Each time a

comparison between the different options used during the pre-processing step has been

done.

4.4.1 Results using MLPs

The best results have been obtained with MLPs using the logistic sigmoid activation

function:
1

9(a) = P

As we wanted balanced data sets and we had a set of 457 data with 209 spurious

(4.3)

results and 248 defects (see table 3.2), the size of the three sets was defined by the
equation 4.4:

Size = 3 x E[(min(S, D))/3] (4.4)
where:
S is the number of spurious results in the original data set,
D is the number of defects in the original data set,
min(A, B) is the smallest element between A and B,
E[A] rounds the element A to the nearest integer towards minus infinity,

Size is the size of the three sets (training, validation and test).

The numerical computation gave:
Size = 3 * E[(min(209, 248))/3] = 207 (4.5)

Therefore, 207 spurious results and 207 defects were used for these experiments and
were separated between the three data sets. Thus, each data set contained 138 data

(69 defects and 69 spurious results) and only 414 selected data out of 457 were used.
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150 MLPs were trained in order to find the optimal network. All had 8 input
units, which was the number of autoregressive coefficients and one output for the two
classes. J, the number of hidden units was varied between 1 and 15. Ten training runs
for each architecture were made. For each MLP the optimisation algorithm required
between 87 and 275 passes through the training set to reach the lowest value of the
error function. Table 4.1 shows the misclassification error rate for the two classes using
either the middle sensor method or the biggest dip method for the selection of the most

representative sensor of a box.

Misclassification error rate (%)
Number of | Biggest Dip | Middle Sensor
hidden units
1 10.98 11.68
2 10.66 11.57
3 11.06 11.42
4 10.18 11.40
5 10.54 11.43
6 10.48 11.37
7 10.32 10.97
8 10.62 11.66
9 10.69 11.54
10 10.40 11.49
11 10.69 11.25
12 10.69 11.55
13 10.69 11.60
14 10.69 11.69
15 10.88 11.85

Table 4.1: Misclassification error rate given by MLPs classifying defects and using the
hold-out method averaged over 10 different random sets.

Table 4.1 shows that the number of hidden neurons has very little influence on the
results. Thus we do not obtain a classical minimum for the error function. It takes
values around 11% with a minimum of 10.18% reached for 4 hidden neurons using the

biggest dip method.
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4.4.2 Results using RBF networks
Here the best results have been obtained using the thin plate spline activation function
which is defined by:
tps(r) = r’log(r) (4.6)

where r is the squared distance to the centers of the RBF.

190 RBF networks were trained in order to find the optimal network. All had 8
input units and one input unit for the two classes. We chose an upper limit of 20 hidden
units. For each of these configurations 10 partitions with an equal number of randomly
selected patterns (208) from both classes were used. The misclassification error rate

was assessed for each partition and the average of these minimum was worked out.

Misclassification error rate (%)
Number of | Biggest Dip | Middle Sensor
hidden units
2 14.66 14.97
3 11.80 12.42
4 11.65 12.40
9 11.62 12.43
6 11.57 12.37
7 11.45 11.97
8 11.33 11.66
9 11.25 11.54
10 11.05 11.49
11 10.99 11.25
12 10.97 11.40
13 11.12 11.50
14 11.20 11.59
15 11.24 11.65
16 11.25 11.69
17 11.30 11.75
18 11.32 11.85
19 11.50 11.90
20 11.51 11.99

Table 4.2: Misclassification error rate given by RBF networks classifying defects using
the thin plate activation function in the hidden units layer.
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Table 4.2 shows the misclassification error rate for the two classes using either
the middle sensor method or the biggest dip method for the selection of the most
representative sensor of a box. It shows that once again the number of hidden neurons
has very little influence on the results. It takes values around 11% with a minimum of

10.97% for 12 centres using the biggest dip method.

4.4.3 Reject Option

We previously saw that the output of the RBF and MLP is the probability that the
input pattern is a defect. It is a value between 0 and 1. The intent of the reject option
is not to classify the results close to 0.5. Basically, we know that an output close
to 0.5 means that the corresponding input pattern is close to the decision boundary.
This leads to uncertainty for its classification and therefore it is much better to treat
separately this kind of pattern. For example, if the reject threshold value is 0.1, then
the outputs:

e are classified as 0 : spurious results (S) if lower than 0.4,
e are classified as 1 : defects (D) if greater than 0.6,

e are rejected if between 0.4 and 0.6.

This option makes it possible to have a better classification error rate with both
neural network classifiers. On the other hand, it means more work for the user as
it would be necessary for them to look at ‘rejected’ patterns. It is obvious that the
larger the reject threshold is, the higher the number of non-classified input patterns.
Therefore, it is important to choose a reject threshold as small as possible in order to
avoid a large number of non-classified input patterns. However, this option allows an

improvement in the classification error rate so it does have benefits.

Here is an example of the effectiveness of the reject option. It was assessed with an

MLP with 8 input units, 4 hidden units and 1 output unit. Different thresholds ranged
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from 0 (no reject option) to 0.15 were tested. The method used for the selection of the

‘best sensor’ was the biggest dip method and 4 scans were ignored at both sides of boxes.

The misclassification error rate without using the reject option was 10.87% (15 in-
put patterns). First of all, table 4.3 shows the set of non-classified results with a 0.15

reject threshold. Table 4.4 shows the results for different reject thresholds.

File | Box Net True | Misclassified
ID result | type
23 1 | 0.464232 1

33 | 22 | 0.522766
33 | 120 | 0.561292
41 1 |0.367248
41 2 | 0.593867
44 11 | 0.478263
44 7 10.386722

e == T e e e
e LR 2 G

Table 4.3: 7 results were non-classified. Among them, 3 input patterns would have
been misclassified and 4 classified correctly.

Nb of classified Nb of non- Misclassification
Thresholds results classified results error rate

0 138 0 10.87
0.01 138 0 10.87
0.02 138 0 10.87
0.03 136 2 11.03
0.04 135 3 10.37
0.05 135 3 10.37
0.06 135 3 10.37
0.07 134 4 10.45
0.08 134 4 10.45
0.09 134 4 10.45
0.10 133 5 10.53
0.15 131 7 9.17

Table 4.4: Misclassification error rate vs reject thresholds.

The best value of the reject threshold for this example was 0.04 (it has the best

trade-off), and the improvement on the misclassification error rate was approximately
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0.5%. Only a few examples (7 out of 138) were close to the decision boundary.

4.5 Conclusions

Table 4.5 shows that RBF networks and MLPs produce similar levels of generalisation,
although MLPs tend to be a little better. The main advantage of the RBF networks
is a shorter training time in comparison with the MLPs, so we managed to run more

experiments quickly. Finally, we dealt with the reject option which leads to another

improvement of the error rate.

Network | Pre-processing | Minimum | Number of
method error rate | hidden units
MLP Biggest dip 10.18 4
MLP Middle sensor 10.97 7
RBF Biggest dip 10.97 12
RBF Middle sensor 11.25 11

Table 4.5: Minimum error rates given by networks
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Conclusions

The first part of this project was concerned with data analysis and data visualisation.
We initially saw from histograms of the moments of low order and PCA, that there

was not a clear separation between the spurious results and the defects.

After we analysed and visualised the data, we were able to decide on the form of
the pre-processing procedure. Thus, we applied several tools to the raw data whose
composition before the pre-processing is shown in appendix A. One of them was the
selection of the most representative sensor from each box. The goal of this was to
reduce the computational demands. Two methods were investigated. The first was the
selection of the middle sensor and the second was the selection of the sensor with the
biggest dip. A comparison between these two methods showed that the best results
were obtained with the selection of the sensor with the biggest dip. However, during
this stage a lot of information is discarded about the shape of the defect since a single
sensor is taken. As this is one of the key points of the success of this application,

further work on this area could be very useful.
Next, two neural networks were used to classify the data. The optimal architecture

was assessed as an MLP with 4 hidden units using the biggest dip method. The level

of generalisation performance for such an MLP was assessed as about 10.18%.
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A comparison between both classifiers showed that the optimal MLP tends to out-
perform the optimal RBF network by a small amount. The difference between them
is approximately 1% in the misclassification error rate. This is representative of the
fact that in many applications MLPs give a slightly improved classification error in

comparison with RBF networks.

Up to now, there is no evidence that using any of the power of MLPs or RBF net-
works actually increases performance above that which could be obtained with classical
statistical analysis (for example, logistic regression). The feature extraction chosen was
much more successful than the simple moments and PCA would have been and in par-

ticular, generalised across sections of pipeline much better.

Two directions may be interesting for future work. The first one is the selection of
the boxes from the .era and .els files to the .dat and .sel files. They are hand selected
so far. Finding an algorithm could be very efficient since the pre-processing is based
on data from the .dat files and target data comes from the .sel files. The other one is

the selection of the most representative sensor from each box as mentioned earlier.
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Data used

The data set used for this project (.sel and .dat files) was composed of 7249 sensors.
Each of theses contains the measure of 51 ultrasound scans. The sensors were dis-
tributed into 457 boxes which were either spurious results (209 boxes) or real defects

(248 boxes).

The data were distributed into 50 files:
mt2891_15.dat and mt2891 _15.sel,
mt2891 _20.dat and mt2891 _20.sel

’

mt2891_22.dat and mt2891 22.sel,
mt2891_23.dat and mt2891 23.sel,
mt2891 26.dat and mt2891 _26.sel,
mt2891 27.dat and mt2891 27 sel,
mt2891 28.dat and mt2891 28.sel,
mt2891_29.dat and mt2891 _29.sel,
mt2891_30.dat and mt2891 _30.sel,
mt2891_31.dat and mt2891 _31.sel,
mt2891 _33.dat and mt2891 _33.sel,
mt2891_39.dat and mt2891 _39.sel,
mt2891 40.dat and mt2891 _40.sel,

mt2891_41.dat and mt2891 41.sel,
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mt2891_42.dat and mt2891 42.sel,
mt2891 44.dat and mt2891 44.sel,
mt2891 45.dat and mt2891 45.sel,
mt2891 46.dat and mt2891 46.sel,
mt2891 47.dat and mt2891 47.sel,
mt2891_48.dat and mt2891 48.sel,
mt2891_49.dat and mt2891 49.sel,
mt2891_50.dat and mt2891 50.sel,
mt2891_51.dat and mt2891 51.sel,
mt2891_52.dat and mt2891 _52.sel,
mt2891_53.dat and mt2891_53.sel.
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Moments
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Figure B.1: Mean using the four first boxes on the mt2891_50.sel and mt2891_50.sel
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Box 5 : Box 6
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Figure B.2: Mean using boxes 5 to 8 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Figure B.3: Mean using boxes 9 to 12 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Figure B.4: Log(Var) using the four first boxes on the mt2891_50.sel and mt2891_50.sel
files. Spurious results are plotted in red and defects in blue.
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Figure B.5: Log(Var) using boxes 5 to 8 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Figure B.6: Log(Var) using boxes 9 to 12 on the mt2891_50.sel and mt2891_50.sel files.
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Figure B.7: Skewness using the four first boxes on the mt2891_50.sel and mt2891_50.sel
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Figure B.8: Skewness using boxes 5 to 8 on the mt2891.50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Figure B.9: Skewness using boxes 9 to 12 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Figure B.10: Kurtosis using the four first boxes on the mt2891_50.sel and mt2891_50.sel
files. Spurious results are plotted in red and defects in blue.
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Figure B.11: Kurtosis using boxes 5 to 8 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defect_s in blue.
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Figure B.12: Kurtosis using boxes 9 to 12 on the mt2891_50.sel and mt2891_50.sel files.
Spurious results are plotted in red and defects in blue.
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Code

Note that the files Nb_of type2.m, Round.m, Indix.m, PrintNetResults2.m, Round-
off.m, SelectBiggestDip.m, SelectMidsensor.m, Local2.m, ReadDatFile.m, center.m Merge-
Double.m, ReadSelFile.m and compare2.m are not included in this appendix as they

are not algorithmically important.

C.1 ZeroPhase.m

function AlignedScanBox = ZeroPhase(BestSensors);

I TTIb T ToTo T To T o o Tl 1o o o T Tl oo fo o F T oo oo fo e o F o T T o T s T T e T s s s e

% ZEROPHASE aligns scan / box. A
h h
% Description : A
% - double size by reflecting the signal h
% - Fourier transform h
% - take the absolute value A
% - inverse Fourier transform )
% - round off A
% - take first 48 samples / scan A
h A
% If PLOTTRANSFO == 1 then plot the result %
Y %
% SEE ALSO Roundoff. h

TSI I o o T oo To o o To o To oo Tt 1o o oo o T o T o Jr oo Tt o T oo o T o T oo T o s T T Vo o o

% declare global variables
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global PLOTTRANSFO NBCOLUMNSP2

% double in size by padding with NBCOLUMNSP2 zeros/scan
%for i=1:size(BestSensors)

% BestSensors(i, NBCOLUMNSP2+1:2%NBCOLUMNSP2) = 0;
%end

% double in size by reflecting the signal
for i=1:size(BestSensors)
for j=1:NBCOLUMNSP2
BestSensors (i, 2*NBCOLUMNSP2+1-j) = BestSensors(i,j);
end % for
end % for

% Fourier transform
FourierTransform = fft(BestSensors?’);

% take the absolute value and
% do the Inverse Fourier transform
InvFourier = ifft(abs(FourierTransform));

% do a round off

% Indeed, after the ift we want a *real* signal. And

% depending on the computer rounding is possible after the fft and
% ift, which gives a small imaginary component to the ift.

% the Roundoff() function just rounds off small values to zero.
RealInvFourier = Roundoff (InvFourier);

% Take first 48 samples/scan
AlignedScanBox(1:NBCOLUMNSP2, :) = ReallnvFourier(1:NBCOLUMNSP2, :);

% transpose the matrix
AlignedScanBox = AlignedScanBox’;

C.2 FindCoeffARmodel.m

function CoeffARmodel = FindCoeffARmodel (AlignedCenteredScanBox, ARorder,
indrho0) ;
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T T Tl
% FINDCOEFFARMODEL finds the coefficients of an AR model whose order Y%

% is ARorder using the Yule-Walker equations
A and only one sensor per box.

% Description :

yA - alignedCenteredScanBox is the original data.

% - the output is a matrix whose size is nbboxes * ARorder.

% Each row corresponds to a box and contains the Arorder AR
% coefficients.

h
A
A
A
A
h
/A
A
h

IO T s T T T T o e o T T e T o o e T o o s s e o e e e o e s s

% calculate nb boxes * ARorder autocorrelation coeff

for i=1:size(AlignedCenteredScanBox, 1)
% calculate the auto-correlation coefficients for one sensor
ACcoeff = xcorr(AlignedCenteredScanBox(i, :), ’coeff’);
% keep only rho(1) up to rho(ARorder) for the current sensor
rho(i,:) = ACcoeff(1, indrhoQ + 1:indrho0 + ARorder):

end % for

% Now, calculate the AR coeff with the Yule-Walker equations
% using the auto-correlation coefficients (Example of oreder 8)

IO T TN T e T T T T o T T o o e s o e o e o o e o e o o e o s e

% Yule-Walker equations A
A A
% (rho(1)) e | rho(1) rho(2) ... rho(7)) (a1l ) %
% < ) (rho(1) 1 rho(1) ... rho(6)) (a2 ) y 4
% ( ) (rho(2) rho(1) 1 iy o i =) A
% ( ) ( Y ) %
% C . j s DR %
AR I ) ( | g e %
% ( ) € . . . o ¥ ikes) b
y Sl ) (rho(6) rho(5) rho(4) ... rho(l)) A
% (rho(8)) (rho(7) rho(6) rho(5) ... 1 ) (a8) /A
./' '/l
% where ai are the AR coefficients %
%» and rho(i) the autocorrelation coefficients %

TNTTTaTo T s To Tl o o T o T o oo oo o T T o o T e s o T e o o e o e

% for each ’best sensor’ from a box
for k=1:size(AlignedCenteredScanBox, 1)
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% init
% A is the squared matrix used in the Yule-Walker equations
A = diag(ones(ARorder,1));

% £ill the squared matrix diagonal by diagonal using symmetry
for i=1:ARorder-1

rhotemp = repmat(rho(k,i), ARorder-i, 1);

A = A + diag(rhotemp,i) + diag(rhotemp, -i);
end % for

% Calculate the 16 AR coefficients with Yule-Walker equations
% for each middle sensor
a(:, k) = inv(A) * rho(k, :)’;

end % for

% return the results
CoeffARmodel = a’;
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