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ABSTRACT

Scanning systems for the optical inspection of flat surfaces,
moving at high speed, have been developed and are in use in many
industries. These systems produce an electrical signal describing
the inspected surface, and incorporate signal processing capable

of detecting many of the signals which arise from surface defects.

The work reported in this thesis is concerned with the possi-
bility of identifying the defect type from an analysis of the profile

of the signal generated by the defect as it is scanned.

The variation inherent in this signal, due to both the charac-
teristics of the scanning systems and to variation between individual
examples of the same defect, lead to the conclusion that the statis-
tically based methods of feature space pattern recognition hold the
most promise for defect identification. These techniques are re-
viewed, and those best suited to the system requirements are selected
for further study. Most prominent among these requirements are those
of fast processing and acceptable cost of implementation. The selected
techniques are combined and extended, where necessary, into a set of

programs for system design and comparative evaluation.

A data base from sheet tinplate is acquired on magnetic fﬁpe,
using scanners developed by the SIRA Institute, and used to evaluate
the selected techniques. With a suitable combination of these, 807
correct identification is achieved over five defect classes. However,
this requires manual intervention in the processing chain so as
adequately to delineate (define the limits of) each defect signal,
so that measurements can then be made upon it. The systems available
for detecting the signals were found to be ineffective for their
delineation. A system is therefore developed, based on a bank of
matched filters, and shown to provide signal detection and delineation

as good as, or better than, that achieved with manual invervention.

A hardware design for the preferred system is developed in
detail.
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0. INTRODUCTION

For many products produced in the form of flat sheet or strip,
the quality of their surface finish is of the utmost significance.
A good example is cold-rolled steel strip for use in the manufacture
of car bodies. With modern techniques for the application of a paint
finish, even apparently minor blemishes on the steel surface can become
clearly visible in the finished product. Other defects visible on the
surface can cause the steel to break open during pressing operations.
Another example is tinplate to be used in the manufacture of tin cans
of various kinds. Defects in the tin coating are clearly not accept-
able for many such applications. Similar examples are readily avail-
able for products such as aluminium, stainless steel, plastics, paper,

ete,

Surface defects can arise at many stages of a production process.
It is not often feasible so to control the process that an acceptable
product invariably results. It is therefore necessary to inspect at
various stages of manufacture so as to provide feedback for adjustment
of the plant and to direct the product to those customers for whom its
surface quality is acceptable. Currently, the inspection of such pro-
ducts for surface quality relies almost exclusively on human inspectors,
These inspectors must undergo an extensive period of training before
they are able to detect and identify surface defects, in an on-line
situation and with an acceptable level of performance. Even so, the
performance is often far from perfect. The task demands a high level
of concentration and yet can be very boring. These factors tend to be
mutually exclusive. The resulting uncertainty associated with manual
inspection leads to a significant quantity of acceptable material
being rejected, so as to leave an adequate safety margin against cus-
tomer complaints and the associated loss of prestige, etc. Further-
more, the operating speed of production lines is continuously increasing,
making the inspection task ever more difficult. On cold-rolled steel
strip, for example, lines are planned for installation before 1980
which will be unable to operate at their maximum speed with manual

inspection.

There is, therefore, a pressing need to automate this inspection

process, Automation promises a solution to the problem of high production

- 13 =



speeds, greater consistency of inspection, and possibly a higher
quality of inspection. In turn, this would lead to a better quality
of product reaching the customer, and less wasted material due to

délayed detection of process malfunction, and to unnecessary rejection.

Automatic optical inspection can be considered as a three—stage

process:

(1) the surface is interrogated by illumination with visible

light energy;

(2) the surface interacts with the illuminating energy, so as

to change one or more of its characteristics;

(3) these changes are sensed and processed to extract the

desired information about the surface.

Several organisations, and in particular the SIRA Institute, have
developed high-speed optical scanners which implement the processes
of surface interrogation and response sensing in the on-line environ-
ment., In addition, signal processing systems have been developed to
provide detection of surface defects on suitable materials (ref. 1).
Such inspection systems have established themselves as "inspector-aids",
whereby they serve to alert a human inspector to potentially defective
material, but also to reject automatically material which is grossly
defective. These systems suffer from an inability to distinguish
the various different kinds of defect on the inspected surface, and simi-
larly to distinguish genuine defects from innocuous surface marks. This
latter aspect of defect recognition encroaches upon their capability
for defect detection. It is because of this that they cannot function
autonomously, but require instead a human inspector for back-up,
Furthermore, this shortcoming renders them virtually unusable on products
such as aluminium, in which liberal surface lubrication is part of the
production process. These systems respond to the lubrication as though
it were a defect, and thereby generate an intolerable number of "false

alarms" (ref. 1).

The broad aim of this project is to investigate the possibility
of endowing such systems with a capability for defect recognition.
This aim is linked to potential industrial application, in terms of
cost and the constraints of the on-line situation. The work reported
in this thesis is part of an ongoing research effort in the Instrument

Systems Centre of The City University. It has been carried out in close

N



collaboration with the SIRA Institute and the British Steel Corporation.
Specific objectives of this work were to identify suitable techniques
for recognition processing, to evaluate these techniques in computer
simulation on data gathered from a suitable material, and to develop

the most promising into an outline design for an on-line system.

- 15 -



1.

SURFACE INTERROGATION AND DEFECT DETECTION

1.1 Introduction

As previously mentioned, automatic optical inspection involves
the interrogation of a surface by illuminating it with visible
light energy. The surface interacts with the energy, changing
one or more of its characteristics. These changes must be sensed
and processed to yield the required information about the surface.
The primary difficulty in this task is that a suitable model of
the energy-surface interaction is not available. This leads,
inevitably, to an empirical approach to the selection of suit-
able signal processing techniques. The implications of this for
recognition processing will be discussed in Chapter 2. The pur-

pose of this chapter is to describe the means whereby:
(1) the surface is interrogated;
(2) the energy-surface interaction is sensed;

(3) the sensed output is processed to detect surface

defects.

The scope of this chapter is restricted primarily to systems
developed by the SIRA Institute, the collaboration of which has
been an essential part of this project. These systems will be
described and analysed with special emphasis on those aspects

most relevant to defect detection and recognition.

1.2 Interrogating the surface and sensing its response

For this project, interest centres on materials produced in
strip form, such as cold-rolled steel strip and tinplate strip.
Inspection of such materials involves at least one scanning process
due to the material moving past the inspection device. In addition,
the strip may be scanned across its width to produce a scanned
raster pattern on the surface from the interaction of across strip
scanning with strip movement. The scanning process due to strip
movement applies inevitably to both surface interrogation and to
response sensing. If across strip scanning is used it may involve

either or both of these. Inspection systems may therefore be

- 16 -



classified into two main groups - those which scan across the strip
surface and those which do not. The former will be referred to as
sequential scan systems, and the latter as parallel scan systems
(ref. 2). 1In all cases to be discussed, interaction between the
illuminating energy and the surface is sensed only in terms of
light absorption, scattering or deflection. Interaction through
other characteristics of the illuminating energy, such as colour

or polarisation, has, to the author's knowledge, not been used.

1.2.1 Parallel Scan Systems

In parallel scan systems, the entire width of the inspected
strip must be illuminated simultaneously, for example by a strip
light source positioned above the surface. As the strip passes
beneath the illuminating source, simultaneous scanning of many
individual points across the surface is achieved by an array
of photosensors (for example, semiconductor photodiodes).
Between 50 and 500 sensors per metre width might typically be
used, with each sensor responding to light reflected or scattered
from the surface, or both. Each sensor may be provided with an
independent processing channel, or sensor outputs may be com—
bined in a simple way to reduce costs. With the latter option,
problems can arise from varying sensitivities from sensor to
sensor.

Generally, these systems need to operate in close proximity
to the inspected surface where they are liable to mechanical
damage. They offer advantages over sequential scan systems in
that they can be more sensitive to linear surface defects
oriented across the strip, and in that they allow parallel
signal processing with its attendant high speed capability.

No experience has been gained with such systems in this

project, and they will not be considered further.

1.2.2 Sequential Scan Systems

Sequential scan systems can have a single channel of signal
processing, and can therefore be simpler and cheaper than parallel
scan systems., This advantage, however, is mitigated by a higher
bandwidth requirement.

As previously mentioned, sequential scan systems allow options

to scan either for illumination or for response sensing, or both,
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in the across strip direction. To the author's knowledge, a
system which does both has not been produced. The SIRA Insti-
tute has produced systems which scan for response sensing, with
simultaneous illumination of the entire strip width, and systems
which scan the illuminating energy, with simultaneous sensing
of the entire strip width. Data from both has been used in

this project, and it is necessary to understand their operating
principles.

With all sequential scan systems, the system itself provides
scanning motion across the strip width, with the strip itself
moving perpendicular to the scan direction, so that successive
scans cover successive strips of the surface. 100% surface
coverage is achieved when each scan just fails to overlap the
preceding one, as shown in Figure 1.1. If the instantaneously
viewed area in the direction of strip motion has dimension £
metres, and the scan rate is N scans.second-l, then 1007 surface
coverage will be achieved at a strip velocity of (N x &)
metres.second-l. Typical figures are N = 400 to 4800 scans.second_1
and 2 = 1 cm, leading to corresponding strip velocities between

4 and 48 metres.second-l.

1.2.2,1 The Flying-Field Scanner

This system (ref. 1) incorporates a strip light source to
illuminate evenly the entire strip width. Response scanning
is achieved by a rotating lens drum with eight identical
lenses equally spaced around its periphery (Figure 1.2). At
any instant, only one lens will be viewing the surface, and
will form an image of the entire illuminated area on the axis
of rotation of the drum. As the drum rotates, images are
therefore scanned sequentially across this axis.

The scanning mechanism is set up at the specular (mirror)
angle with respect to the illuminating source., Surface
blemishes cause a reduction (either by scattering or absorp-
tion) in the amount of light specularly reflected from the
surface, and give rise to correspondingly darkened areas in
the image. A fine slit on the axis of rotation of the lens
drum allows light from a small portion of the image to pass

to a photomultiplier, which yields an electrical signal
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FIGURE 1.1 - SEQUENTIAL SCANNING.
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FIGURE 1.2 - THE FLYING-FIELD SYSTEM.

T pedestal from a single
lens.

FIGURE 1.3 - A TYPICAL 'SCAN PEDESTAL' FROM THE
FLYING-FIELD SYSTEM.
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proportional to the total amount of light falling on its
cathode. As the lens drum rotates, the image is scanmned
across the slit and the photomultiplier therefore generates

a signal which is an analog of surface reflectivity. For
each scan of a single lens across the surface, this signal
takes the form of a "pedestal" (Figure 1.3), in which the
edges correspond to the edges of the strip. In addition, the
scanning geometry imposes a curvature on to the top of the
pedestal which complicates subsequent signal processing.

An important aspect of this system is the instantaneously
viewed area on the inspected surface. This is determined
primarily by the dimensions of the slit located on the axis
of rotation of the lens drum, through which light is allowed
to pass to the photomultiplier. On the surface, this area
takes the form of a rectangle, oriented as shown in Figure 1l.4.
As previously mentioned, the dimension in the direction of
strip motion determines the necessary scan rate for 100%
surface coverage at a given strip velocity. The dimension
in the across strip direction needs to be sufficiently small
that the smallest defects of interest give rise to an adequate
change in the total reflected light from the area. Two factors
combine to set a lower limit to this dimension:

(1) The signal from the photomultiplier is corrupted

by electrical shot noise, at a level proportional
to the square root of the total illumination
reaching the cathode (ref. 3 )., The desired signal
is directly proportional to this 'illumination, so
that the electrical signal-to-noise ratio falls
with the level of illumination reaching the photo-
multiplier. That level is proportional to the

area of the surface instantaneously viewed, and
therefore to its across strip dimension.

(2) The optical signal reaching the photomultiplier is
affected by random fluctuations of the surface
profile, even in regions of the surface which are
defect-free. The signal due to a surface defect
must be large enough, compared to this "structure

noise",for it to be detectable. The structure
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FIGURE 1.4 - THE INSTANTANEOQUSLY
VIEWED AREA.

defect

instantaneously viewed area

FIGURE 1.5 - SENSITIVITY TO DEFECT

ORIENTATION.
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noise amplitude increases as the instantaneously
viewed area decreases, so long as this area

remains "large" with respect to the structure.

Typical dimensions for the instantaneously viewed area
are 1 mm across the strip and 1 cm along it. With lens drum
rotating at 50 revolutions.second” !, these dimensions provide
1007 surface coverage at a strip velocity of 4 metres.second !,

An important consequence of this rectangular shape is a
preferential sensitivity of the system to linear defects
(such as scratches) oriented parallel to the strip edges. As
illustrated in Figure 1.5, this orientation provides maximal
darkening of the viewed area. This characteristic has been
found to be acceptable on many strip products, since defects
tend to be so oriented as a result of the rolling process.

With this scanner, three causes can be identified which
introduce variation into the electrical signal from a defect,
according to the location of the defect across the strip
width:

(1) The surface close to the edges of the strip is

illuminated and viewed at a different angle-
from that close to the centre.

(2) Since the surface is flat, whereas each lens
describes an arc of a circle, no more than two
points on the surface can be perfectly focussed
on to the axial slit.

(3) The angular velocity of the lens drum is constant,
so that the linear velocity of the instantaneously
viewed area across the surface is not, being
higher at the centre of the strip than at the
edges. Therefore, the time duration of the
signal from a defect of given width will be
shorter when that defect is near the strip
centre, than when it is close to the edge.

In addition, this scanner is sensitive to light scattered

from regions of the surface outside the instantaneously viewed
area. This effect is illustrated in Figure 1.6, and can

greatly reduce (or even eliminate) the contrast generated by
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lens
drum.

FIGURE 1.6 - ACROSS-STRIP SENSITIVITY OF THE

FLYING-FIELD SYSTEM. (from ref. 2)
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a defect.

1.2.2.2 The Flying Spot (Laser) Scanner)

This system (ref. 4) incorporates a large optical mirror
system to focus the entire strip width (up to 1.5m) on to a
photomultiplier cathode. A helium-neon laser provides a source
of illuminating energy which is scanned across the strip width
by a rotating, multi-faceted prism. Figure 1.7 shows the
essential aspects of the system. Both the illuminating source
(the rotating prism) and the receiver (the photomultiplier
cathode) are situated on the focal axis of the curved mirror,
when allowance is made for the various plane mirrors in the
path. The source is offset to one side of the focus and the
receiver to the other, so that in the case of a perfectly
reflecting surface, light is simply transmitted from ome to
the other. To this extent, the surface is treated as an
imperfect plane mirror, and viewed at the specular angle with
respect to the illuminating source. As before, defects which
cause a reduction (either by scattering or absorption) in the
amount of light specularly reflected from the surface, may be
detected. The signal is similar to, but better than, that
produced by the flying-image scanner.

A laser is used as a convenient source of a cancentrated
beam of high intensity light. The polarisation and coherent
properties of the light are not currently exploited. The
intensity is sufficiently high that normal ambient illumina-
tion of the surface makes only a negligible contribution to
the photomultiplier output signal. Essentially, the instan-
taneously viewed area is defined by the laser spot on the
surface. As in the flying-field system, and for similar
reasons, this area is rectangular in shape - typically 1 mm
by 1 ecm - and is achieved by simple optical shaping of the
beam.

This system has many significant advantages over the
flying-field system:

(1) 1t does not suffer from light scattered from

regions of the surface outside the instantaneously

viewed area.
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(2) The total light intensity reaching the photomulti-
plier is greater than in the flying-image scanner.
In fact, it is sufficiently high that electrical
noise from the photomultiplier itself is rendered
negligible, as evidenced by repeated scans over
the same surface area yielding substantially
identical results. Further, the system currently
uses a 5 mW laser, and more powerful sources are
readily available. The limit is likely to be set
by considerations of operator safety. A comparable
extension of the flying-field system demands a
high-intensity light source in strip form, and this
is not easily achieved.

(3) Higher scan rates are possible. In the flying-field
system, the rotating mass consists of a substantial
lens drum, in which each lens is provided with
independent adjustment for focus. In the laser
scanner, this is reduced to a small prism. The
flying-field system operates at 400 scans.second” !,
and any significant increase is thought to be im-
practical. In contrast, the laser scanner operates
at 600 scans.second ! and will shortly be upgraded
to 4,800 scans.second~ ). The likely upper limit is
thought to be higher than 24,000 scans.second '.

(4) Several extensions to the laser scanner are likely
in the future, which would be impractical or impos-
sible with the flying—-image system:

(a) The laser light is inherently plane-polarised
and coherent. The interaction of these properties
with surface defects is currently being studied,

with a view to improved detection and recognition.

(b) Additional photomultipliers can be positioned
in the scattered light field to provide additional
information about the surface/defect. With the
laser scanner this is a much simpler task than

with the flying-field scanner.
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(¢) The laser spot size on the surface can
be reduced by adjusting the optics which shape
the beam, down to a lower limit set by diffrac-
tion effects. This would cause no reduction
in the amount of light reaching the photo-
multiplier, since the same amount of light
would be concentrated on to a smaller area.

In the flying-field scanner, it would be
necessary to reduce the area of

the slit through which the photomultiplier
receives light from the image, with an
attendant reduction in the signal-to-noise

ratio.

On page 1.5 three causes of unwanted signal variation
were described for the flying-field scanner. Similar
causes can be identified for the laser scanner. The
scanner described is designated type 1500 by the SIRA
Institute. Alternative types are produced which use a
lens instead of the large mirror. These cover a smaller
strip width, but have the advantage of illuminating and
viewing all regions of the surface uniformly; No
experience has been gained with such systems in this

project.
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1.3 Defect detection

The sequential scan systems described in Section 1.2.2 are
sensitive to energy-surface interaction in terms of changes in the
amount of light specularly reflected from the surface, for a

particular angle of incidence.

Surface defects give rise to absorption, scattering or def-
lection of the incident light energy, and thereby reduce the
amount specularly reflected. Such defects therefore manifest
themselves in the response signal as negative-going pulses.

Figure 1.3 shows such a pulse, corresponding to a small pit in the
steel surface. Occasionally, a defect may give rise to a positive-
going pulse, corresponding to increased reflectivity or "surface
glint", but this is rare. The systems developed by the SIRA
Institute incorporate signal processing electronics to detect

such pulses, and it is the purpose of this section to describe and

analyse this processing.

The scanner response signal is first normalised to a comstant
mean level by means of a slow-acting automatic gain control on the
photomultiplier anode voltage. This normalisation is designed so
as not to respond during the period of a single pedestal, but
rather to average ovér several such periods. It does not, there-
fore, alter the pedestal shape but only its mean value. Thus, for

example, the curvature on the pedestal remains unchanged.

Following this normalisation, the signal is passed through
a low-pass filter, appropriately switched at the pedestal edges,
and then attenuated slightly. This produces a "reference pedestal"
as shown in Figure 1.8. If the normalised response signal falls
below the reference signal, a defect is indicated. This cross-
over is detected by a straightforward comparator. Additiomal
reference signals, at increasing levels of attenuation, may be
provided to give a measure of the severity of the defect, to the
extent that this is reflected in the pulse amplitude. In this
respect, it is perhaps worth emphasizing that these scanners do
not respond, directly ,to the surface profile. Instead, they
respond to its reflectivity, which is not necessarily related to

profile. Loss of reflectivity may be caused by an absorbing
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FIGURE 1.8 - OPERATION OF THE SIRA DEFECT
DETECTION SYSTEM.
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defect, such as a stain, or by an irregularity in the surface
profile, such as a gouge, and the system cannot necessarily dis-
tinguish between the two. Multiple threshold processing should
not, therefore, be seen as giving a measure of the "depth" of a
defect.

The basic principles of the single threshold system can be

described with reference to Figure 1.9, in which:

x(t) 1is the normalised response signal applied to the
filter

‘y(t) 1is the response of the filter
k is the attenuation factor

z(t) = x(t) - k.y(t)
: is the composite difference signal.

The criterion for defect detection is that x(t) becomes less

than k.y(t), or, equivalently, that z(t) becomes less than zero.

The fundamental principle underlying this scheme is to low-
pass filter a signal and to subtract that filtered signal from the
original. This can be equivalent to high-pass filtering the
original signal. This is readily seen for the SIRA system if the
attenuation factor, k, is taken to be unity (i.e. no attenuation),

as follows:
In Laplace transform analysis, we have for Figure 1.9:
Y(s) = K(s)HI(S)
and Z(s) = X(s) - k.X(s)Hl(s)
= X(s) [1 - k.H ()]

where X(s), Y(s) and Z(s) are the transforms of x(t), y(t) and

z(t) respectively,
and Hl(s) is the transfer function of the low-pass filter.

So that
Z(s) = ZX(s)H(s)

where H(s) = 1 -k Hl(s).

H(s) is the overall transfer function of the system, which we wish
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low-pass filter,
impulse response, h(t).
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z(t)
= x(t) - k.y(t)

FIGURE 1.9 - THE SIRA DEFECT DETECTION SYSTEM.
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FIGURE 1.10 - THE SIRA LOW-PASS. FILTER.
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to show is a high-pass function when k = 1.

Figure 1.10 shows the circuit of the SIRA low-pass filter.

From this circuit, we have:

Hl(s) . , where Tt = CR.

(1 + s1)?

Substituting into the expression for H(s), we have:

H(s) = 1-k Hl(s)
B0 |
= (1 - k)Hl(s) + HZ(S)

Hz(s) is the transfer function of a high-pass filter, and with k

equal to unity, H(s) reduces to
"H(s) = Hz(s)
which is purely high-pass, as required.

The situation when k is less than unity is slightly more

complex. We have:

Z(s) = X(s)H(s)

= x(s) [(1- k)Hl(s)] + X(s)H,(s)

which may be written as

Z(s) = Zl(s) + 22(9)
with  2,(s) = X(s) [(1 - WH, (s)]

and Z,(s) = X(s)H,(s).

In the time domain:

z(t) = zl(t) - zz(t).

Since Hl(s) is purely low-pass, and Hz(s) is purely high-pass,

we can say that zl(t) corresponds to the attenuated low-frequency
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content of x(t), and zz(t) to the high—frequency content.

The criterion for defect detection is that z(t) should become

less than zero. Thus:
z(t) <0
therefore zl(t) - zz(t) <0

therefore zz(t) < = zl(t).

zl(t) is always greater than (or equal to) zero, so that

zz(t) must be less than zero. This reflects the fact that the
system will detect negative-going pulses when k < 1, and positive-
going pulses when k > 1. Furthermore, zz(t) must be less than
zero by an amount determined by zl(t), for a defect to be detected.
This means that detection is achieved by thresholding the high-
frequency content of x(t), but with a threshold which is propor-
tional to the low—frequency content. This dependence on the low-

frequency content allows the system to operate on proportional

changes in the signal, and thereby provides inherent compensation

for surfaces of differing average reflectivity.

1.4 Summary

In this chapter automatic surface inspection has been intro-
duced as a process whereby a surface is interrogated by illumina-
ting it with visible light energy, the surface interacts with that
energy to change one or more of its characteristics, and these
changes are sensed and processed to yield the desired information
about the surface. Different procedures for illumination and

response sensing lead to different inspection systems.

Systems produced by the SIRA Institute have been the source
of data used in this project, and these have been described within
the general framework above. The particular characteristics of
these systems relevant to subsequent signal processing for defect
detection and recognition have been emphasized. A processing
scheme devised by the SIRA Institute to detect surface defects

has been described and analysed in some detail.
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It was believed, at the start of this project, that this
detection system would be used as a buffer between the scanner
and subsequent recognition processing. Thus, signals would be
gated through to the recognition sub-system only when a defect
was believed to be present, as indicated by the SIRA detection
system. As work proceeded, it became clear that the system devised
by the SIRA Institute did not meet the rather special requirements
of such a procedure. The process of defect detection has there-
fore been examined more closely, and an alternative processing
scheme has been developed. This work will be described in

Chapter 5 of this thesis.
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DEFECT RECOGNITION

2.1 Introduction

The processes of surface interrogation and response sensing
have been discussed in Chapter 1, with emphasis on the sequential
scan systems developed by the SIRA Institute. These systems
produce a representation of the inspected surface in the form of
a succession of "single-scan" signals, each of which corresponds
to a narrow strip of the surface in a direction transverse to
the rolling direction. Such a signal is shown in Fig. 2.1, con-

taining several negative-going defect pulses.

Recognition processing need operate only on those sections
of each signal which relate to surface defects. This pre-supposes
some means of detecting and delineating those sections on each
scan. This problem is the subject of Chapter 5 of this thesis,
where a solution is developed. For the purposes of this chapter,
the problem will be taken as solved. In other words, we shall
assume that we have available, for each scan signal, a binary
delineation signal which identifies those sections of the scan

which arise from surface defects. This is illustrated in Fig. 2.1.

 The delineation signal will serve as a "gating" waveform, to allow

the defect signals alone to pass to a recognition sub-system. The
details of this gating process will be developed in Chapter 6 of
this thesis.

Each scan signal relates to a strip of the surface which is
typically about 1 cm wide in the rolling direction. Some small
defects will be covered completely by such a strip, so that only
a single scan section will then be available for recognition pro-
cessing. In many cases, however, a number of successive scan
sections will be available, all from the same defect. For best
recognition performance, processing should be based on all the
available scan sections from each defect, taken together. This
processing should take account of the shape of each section, the
way in which that shape varies from section to section, as well as
the positional relationships between sections (referred to the
inspected surface). To do this, a sub-system must first be

developed to associate those scan sections which arise from the
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same defect. This sub-system would need to cope with such prob-
lems as vee-shaped defects and linear defects along the strip
which are discontinuous. Furthermore, a recognition system which
used all of the available data in this way would be relatively
complex and costly - in both development and implementation. At
least two sub-optimum approaches can be identified which offer
substantial simplifications, hopefully without undue loss of per-

formance. These are:

(i) Apply recognition processing to each scan section, as
it arises, taking no account of its relatiomship

with other sections from the same defect

(ii) Apply recognition processing to the full set of delinea-
tion signals arising from each defect, taking into
account their spatial relationships referred to the
inspected surface, but taking no account of the
detailed form of the scan sections underlying each

one.
Fig. 2.2 illustrates these two options.

With option (i) there is no need to associate scan sections
from the same defect, or to store and cross-reference information
from scan to scan. With option (ii) these processes are necessary,
but the recognition sub-system need operate only on binary data.
It can be said that option (i) would function on a microscopic
level, with recognition based on the fine structure of the defect,
as reflected in the detailed shape of the scan section, whereas
option (ii) would operate on a macroscopic level, making use only
of the overall defect shape. With the former, for example, high
contrast defects could be separated from low contrast defects,
and wide defects from narrow ones. With the latter, vee-shaped
defects could be separated from linear defects such as scratches.
Each option needs to be evaluated, with the ultimate possibility
of combining the results at a higher level of processing. This
thesis is concerned exclusively with the first option, isolated

scan sections, and a related thesis (ref. 5 ) is concerned with
the other.
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2.2 System Requirements and the Recognition Strategy

To derive the maximum benefit from this project, several
requirements need to be defined to guide the research. These

are:

(1) Recognition processing should be based on the signals
generated by scanning systems of the kind developed
by the SIRA Institute. Techniques cannot be realis-
tically evaluated in a vacuum. Representative data
from a specific problem area is necessary, because
the difficulties of the task can be revealed only
by processing such data. The SIRA systems are
available and well established in several industries
for defect detection and as operator aids. Further-
more, close contact between The City University and
the SIRA Institute was already established, via the

Instrument Systems Centre.

(2) Recognition processing should be "on-line", with a
data processing rate suited to the fastest production
lines currently in use, or envisaged for the near

future.

(3) The cost of endowing currently available scanners with
a capability for defect recognition should be commer-
cially acceptable. Although this requirement is
extremely difficult to quantify, a reasonable rule-
of-thumb seems to be that recognition processing
should add no more than about £40,000 to the cost of
the scanner. This implies a component cost of no
more than about £10,000.

(4) A system developed for, say, tinplate should be adapt-
able for other products, such as plastic, aluminium,
steel, etc. — even though the defects to be recog-
nised may be quite different — at a cost significantly

less than the original development.

The first requirement has been inherent in the discussion to
date. The second is of the utmost significance. The rate at which

data must be processed in an on-line system can be calculated from
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four factors:

(1) The dimension of the instantaneously viewed area

in the direction of strip motion (see section 1.2.2)
(2) Strip velocity
(3) Strip width

(4) The spatial data sampling rate, referred to the
inspected surface (for a digital processor - analogous

to signal bandwidth for an analogue progessor).

Although these factors are not independent, and will vary

considerably from line to line, reasonable target figures seem
to be:

(1) area dimension = 5 mm

(2) strip velocity = 25 m.s !

(3) stripwidth = 1m

(4) sampling rate = 1 sample per mm.

The following relations apply, for 1007 surface coverage:

area dimension
strip velocity

-3 ¥
= éi%g—- secs = 200.10 6 gsecs.

Scan period =

Number of samples per scan
= sampling rate x strip width
= 1000

number of samples per scan
scan period

1000
200.10~6

Sampling frequency =

= 5.10°% samples per second.

Thus, for example, if each sample is of 8 bits, this corresponds

to a data rate of 40.10® bits per second. This is, unquestionably,
a very high data rate. It implies parallel processing with special
purpose hardware, rather than a general purpose computer. There
is, however, a saving grace. The calculated data rate is the one
at which raw data would be generated from the inspected surface,

and this need be processed in its entirety only for defect detectionm
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and delineation.

Recognition processing need operate only on those portions of
the data relating to surface defects, and most of the surface
should be defect-free. The attendant data rate reduction is
difficult to quantify, but an average figure of 1 m s between

"recognitions" seems reasonable.

It is necessary to decide upon the general form which recog-
nition processing should take. One possibility is an ad-hoc
approach in which known characteristics of each defect are embodied
in a special purpose processing sub-system matched exclusively to
that defect. Thus, for example, scratches might be identified
from their long, thin outline, usually oriented along the rolling
direction. "Chevrons" on tinplate have a characteristic "vee"
shape which could be exploited for recognition. The result would
be a collection of recognition sub-systems, probably one for each
defoct. Each sub-system would be fairly complex, depending upon
the defect for which it was designed, and the overall complexity
could well prove unacceptable. More importantly, the kind of
a-priori knowledge required for this approach is generally not
available within the framework of isolated scan sections. The
characteristics mentioned are macroscopic, rather than microscopic.
Comparable data on the fine structure of defects, as reflected in
each scan section, is largely unavailable. Given this, perhaps a
study might be undertaken to establish such characteristics.

Such a study would need to encompass the following tasks:

(1) to establish for each defect class a characteristic

structure on the microscopic level

(2) to establish the relationship between such structure

and the scanner response signal.

For the first, the problem of considerable structure variation
within each class would need to be overcome, and for the second,
the lack of a suitable model of the interaction between the surface
and the interrogating light energy would hamper the investigation.
These considerations suggest a largely empirical approach. How-
ever, it is likely that no single characterising feature of iso-

lated scan sections will serve to identify many of the defects.
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Instead, it may be necessary to exploit the information contained
in many such features, each of which may seem worthless in isolationm.

How can such a study encompass this possibility?

To the author's knowledge, the only consistent methodology
for this problem is embodied in the techniques of automatic pattern
recognition. With these techniques, this kind of information can
be extracted by computer processing from a collection of data, and
used to establish recognition strategies for the classes repre-
sented therein. The techniques do not demand a-priori definition
of the class characteristics, aiming instead to extract these from
collected data. It should not be inferred, however, that these
techniques offer an easy solution to the recognition problem.
There is first the task of gathering a representative data set

to define the classes of interest. Each scan section must then be
represented by a set of characterising measurements chosen by the
designer. The quality of these measurements is of the utmost
importance. Finally, it is necessary to select from the vast
array of techniques available in pattern recognition, those most
suitable for this application. The constraints of a high rate

of data processing, coupled with an acceptable cost of implemen-

tation, bear heavily on this selection.

Accordingly, a study of the literature on pattern recognition
has been made and the results of this study will be summarised in
the next section. In general, only the author's conclusions will
be presented and justified, with the reader referred to the litera-
ture for further details of the techniques. However, those tech-
niques which were selected for simulation and evaluation will be
more fully discussed. The study was confined to so-called feature
space techniques and did not embrace the linguistic or structural
approach. With the latter, items for recognition must be repre-
sented as strings in a suitable formal grammar, and a separate
grammar discovered for each pattern class. For recognition, an
item must first be represented by its corresponding string and
the grammar most likely to have generated that string must be
determined. Unlike feature space techniques, this approach is
heavily dependent on a-priori knowledge of the pattern classes .

Techniques for inferring automatically the class grammars from a
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collection of data are not currently well developed. In consequence,
the linguistic approach seems unsuitable for single scan analysis.
The companion project previously mentioned, which is concerned

with processing the delineation signals alone, is based on lin-
guistic pattern recognition, and confronts the problem of grammar

inference.

2.3 Feature Space Pattern Recognition

2.3.1 Basic Concepts (refs. 6, 7, 8)

Pattern recognition is concerned with two sets - a set of
"objects" to be recognised, and a set of pattern classes to
which the objects collectively belong. The process whereby an
object is assigned to a particular class constitutes recog-
nition of that object. Although formally incomplete, this
definition is appropriate to the surface inspection problem.

In this work, the object set consists of isolated scan sectionms,

and the pattern classes are the defect classes.

Feature space techniques are concerned not with the objects
themselves, but with points in a multi-dimensional space.
Each point represents one or more objects, and the mapping
from objects to points is via a set of tests or measurements.
Each measurement must yield a real number, and must be appli-
cable to any object in the object set. By associating each
measurement with one co-ordinate of the space, the object-
point mapping is defined (Fig. 2.3). Established terminology
states that each measurement is of a single "feature" of ".the
object and that the resulting space is therefore a "feature
space"., Similarly, the ordered set of numbers which results
from applying the set of measurements to any object, is referred

to as the "feature vector" for that object.

By this means, the object set is represented by a set of
points in the feature space. Assuming that no two objects
belonging to different classes map into the same point, there
is associated with each point a single class name, i.e. the

correct classification of the corresponding object (however that
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classification may be determined). In principle, therefore,
there exists a partition of the space into mutually exclusive
regions, such that each region contains points from only one
class. This partition, together with a means for determining
the region into which any object is mapped, is a complete

solution to the recognition problem.

The practical design problem is to determine a partition
which adequately approximates the true partition, given only a
representative collection of objects from each class (a design
set). These objects map into a finite number of points, each
with an associated class name, and the design process must
extrapolate from these to a suitable partition of the entire

space (Fig. 2.4).

The literature on feature space techniques contains a
vast selection of procedures for this process of extrapolation.
They range from ad-hoc procedures based on a two—- or three-
dimensional picture of the space, to procedures firmly based
on multivariate statistics. With the former, it is usually
difficult or impossible to compare one technique with another,
because of the lack of a common underlying theory. The
designer must therefore base his selection on intuition, per-
haps supported by empirical evaluations. Such a selection is
difficult, time-consuming and suspect in its conclusions. In
selecting techniques for this work, therefore, preference has
been given to those having a sound theoretical basis. This
basis is derived from statistical decision theory, and this will
be discussed in the next section. Besides this, two further
considerations have influenced the selection. The first was
the potential for implementing the technique at reasonable
cost and at high speed, as previously discussed. The second
was the power of the technique to cope with complex distribu-
tions, in the feature space, for each class. Such distributions
demand a complex partition of the space, in order adequately to
separate the defect classes. Techniques which were strictly
limited in this respect were therefore viewed with some scepticism.
The assumption that complex distributions would arise, no matter

what features were used, was based on three observations:
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(1) There is very substantial variation in structure
between defects from the same class. For example,
there does not exist a "prototype scratch'", from
which all others can be derived with minor varia-

tions.

(2) The signal which results from a single scan across a
defect will vary considerably with the location of
the scan with respect to that defect. For example,
if the defect is roughly circular, a scan which
covers only a small arc of the circle will generate
a signal quite different from one which passes over

the centre.

(3) The characteristics of the scanning systems, dis-
cussed in Chapter 1, introduce further variation
into the scan signals; for example, according to
whether the defect is close to the centre of the

strip, or close to the edge.

2.3.2 Statistical Decision Theory (ref. 9)

Statistical decision theory leads to the establishment
of optimal decision strategies and rules. These tell us pre-
cisely what information must be made available for the decision
process, and how that information should be used to reach a
decision, given a set of feature values measured on the object
to be classified. A decision rule is equivalent to a partition
of the feature space, since both ultimately specify a decision

to be associated with each point in the space.

Consider that a set of measurements has been chosen to
define the mapping from cbjects to points in the feature space.
Let an object be chosen at random from the set of all objects
belonging to the jth class, and let that object be charac-
terised by the chosen measurements. This constitutes a single
trial of a random experiment, in the framework of probability
theory. The outcome (i.e. the set of feature values) is uncer-
tain, but the set of all possible outcomes may be characterised
by a probability distribution on the feature space. For con-

tinuous feature values, this is a probability demsity function (pdf),
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and since the experiment is confined to objects from the jth

class, the pdf will be conditioned upon this restriction.

Let X = [xl, Xy = xd]T be the (vector-valued) random

variable defined by the experiment; so that X is the result

of the first measurement, %, the second, and so on.

Let {ci; i=1, 2, -, nc} denote the set of class labels.

Then we may write the class-conditional pdf as p(gjcj).

If the restriction to the jtB class is removed, so that an
object is chosen at random from the complete object set, the
experiment will be governed by the unconditional pdf p(X).
The law of total probability (ref. 10) allows us to write

n

p(X) 2 p(X/c)P(c) obnisnals eablase, Co2vBel)
j=1

where P(c ) is the a-priori probability that the object will

be drawn from the Jth class.

Denote by P(c /X) the a posteriori probability that the

object was drawn from the Jth class, conditioned upon the

measurement results. Bayes Rule (ref. 6 ) states

p(X/cs)P(cs)
P(cjfg) = > ® ST ONOT o p SOMBR i BB 5 L

c.’
defines a decision rule which minimises the probability of error.

The set of a posteriori probabilities, P(cifg), i o= 1, & = n

It is readily shown (ref. 6 ) that this rule is:

"Decide class c;» such that

P(c /X) > P(c Xy =1, = =, n"
- in other words, choose the most probable class, given the
measurement results.

Two significant extensions can be made to this development.
The first of these is to allow different classification errors
to be weighted differently. To see the significance of this,

consider that on tinplate there is a class of defects (arcing
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spots) which can lead to the rupturing of tin cans under
pressure. Superficially these defects appear as small black
dots on the surface, and could be easily confused with
relatively innocuous defects such as grease spots. Mis—
classification of a grease spot as an arcing spot would lead
only to unnecessary re—inspection or rejection, whereas mis-
classification of an arcing spot as a grease spot would be
considerably more serious. Minimum error rate classification

would, of course, treat both errors equally.

Information on the relative significance of the various
possible errors must be introduced in the form of a loss

function, £(ci/cj), ds 3.9 3,2, = D, where

z(cifcj) is the loss (cost/penalty) incurred by
deciding class Cis when cj is the correct

decision.

This loss function must be specified as part of the problem
definition. With it, a decision rule can be defined to minimise
the overall loss, averaged over the entire set of objects to be
encompassed by the recognition process. It can be shown

(ref. 6) that this decision rule is

"Decide éi’ such that R(cilg) £ R(cjlz),

J-lszs_snc

where R(cilz), S U PR N n is the expected loss (risk)
associated with decision co conditioned upon the measured
feature vector, X. This is given by

n

c
R(c,/X) = j-);rl R(ci/cj)P(cjlg)-

The second extension is to allow decisions other than
deciding class membership. For example, a useful decision
might be to reject an object as un-classifiable, when the
evidence is inconclusive. Such a rejection might be appro-
priate when the object lies close to a decision boundary in
the feature space, so that a small change in the measured

feature values would lead to a different classification.
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This extension requires only an extended notation in the

development already made.

Let {di, i= 1, = -, nd} denote the set of possible decisions.
(Usually ny will be greater than n s with the decisions

di’ 1w Lo 2y -, n, corresponding to the classes).
Then, as before, the optimum (Bayes) decision rule is (ref. 6 ):

"Decide di’ such that R(dilg) < R(djﬁz),

j’lszs_snd

n
c
where R(d./X) = E Sld. e YRPUEOIR) wassasihaasese (233:3)
== s : il 3~
J=1
and E(di/cj) is the loss incurred in choosing decision di
when the object belongs to class cje
Under the assumption that minimum expected loss is a
suitable decision criterion, we therefore have the optimum

decision rule defined in terms of the following quantities:

The loss function - z(di/cj), { =1 2, = n4

g il 85 ™ n..

The a-posteriori probabilities - P(cjfgj,
j = 1’ 2, = nco

In turn, the latter may be calculated from the equation:
p(X/cj)P(cy)
p(X)

P(cjyﬁ) g §m Ty B W n,.

Since the term (p(g))_l appears multiplicatively in each condi-
tional risk (R(diIE), fm ). B o= nd), it does not affect the
decision processes and can be neglected. The loss function
(£(di/tj), 1wy Do ngs gimily By =y nc), as mentioned,
must be specified as part of the problem definition. The a-
priori class probabilities (?(ci), B 5 N nc) can be
estimated as relative frequencies in the design set, if this is
representative in this respect. If not, they can be estimated
by the designer or simply set equal if no class is to be pre-

ferentially treated in the decision process.

—50_



This leaves the class-conditional pdf's (p(X?cj), j-= %,
2, -, nc) to be estimated from the design set. In essence,
this is the extrapolation problem previously discussed. The
design set gives a finite number of points in the space for
each class, and the only certain inference is that p(§/cj)
is non-zero at these points. To go beyond this, it is neces-
sary to make certain assumptions about the pdf's, p(§jcj),
§ w2y =3 n,- For example, a very common assumption is
that each one is multivariate Gaussian, so that the design set
can be used to estimate the mean vector and the covariance
matrix for each class. The assumptions on which any technique
is based are the key factors in determining the power and
generality of that technique. As previously discussed, the
defect classes can be expected to generate fairly complex
pdf's, perhaps with multiple modes within each class, and con-
siderable overlap between classes. Accordingly, a technique
has been sought for pdf estimation which can cope with these
characteristics. Such a technique is that of Parzen estimation,

and this will be discussed in the next section.

One further point must be made which is fundamental to all
practical approaches to the estimation problem. This is the
assumption that there exists a suitable distance measure,
defined upon the feature space, such that, over most of the
space, points which are close together belong to the same
class. In most cases, this is assumed to be Euciidean dis=-
tance. Although the basic assumption seems eminently reason-
able, it is, in fact, an assumption that suitable features have
been found for the problem at hand. As we shall see, it is not
difficult to choose a feature set for which a suitable distance

measure is extremely elusive.

2.3.3 Parzen Estimators

The following is a brief overview of Parzen estimators for

pdf estimation, based primarily on refs. 11, 12, 13.

We shall assume that a design set is available which contains
samples (objects) from each class of interest. Only those samples

from class cj will be used to estimate the class-conditional pdf
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for that class,p(gjcj), so that the estimation problem can be

treated separately for each class.
Let there be Nj samples in the design set from class cj,
h sample.

The estimation problem, then, is to estimate p(zjcj) from the

and let zij denote the feature vector for the it

data {gij’ S5 R e M Nj}. As discussed, each feature vector
defines a point in the feature space for each sample. The
estimation process is based upon the location, at each such

"window function'", which defines the contribution

point, of a
of that sample to the estimate, throughout the space. This

is a scalar-valued function of a vector-valued argument, which
we shall denote by v(X, gij). Fig. 2.5 shows a typical window

function in a two—dimensional space.

The pdf estimate at any point, X, in the space, is formed
as the average value of the complete set of window functioms,

evaluated at that point.

N
B(X/e;) = - iy(g, Xi5) eeeeenneennns (2.3.0)
ji=1

where ﬁ(g/cj) denotes the estimate of P(Elcj)' Fig. 2.6 illus-
trates this estimate in a one-dimensional space. It can be

seen that, with a suitable window function, the pdf estimate
can assume high values in regions of the space where the design
samples cluster, and low values elsewhere. This is, intuitively,

a minimum requirement for pdf estimation.

In the work reported in this thesis, the multivariate,
spherical gaussian distribution is used for the window function,

so that:

(X - X;:)T(X - Xi4)
1 . el R J

(x, x-c) - e [- ]oo!- (2-3-5

Ty 2 1] (zﬂ)dfz od e 242 )

where d is the dimensionality of the space.

Given that the true pdf, p(gfcj), is continuous, it can be
shown (ref. 13) that the estimate defined by equations (2.3.4)
and (2.3.5) converges (in mean square) to the true pdf as the

number (Nj) of design samples tends to infinity, provided that
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FIGURE 2.6 - A 1-DIMENSIONAL PARZEN
ESTIMATOR.
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o varies with the number of samples so as to meet the following

conditions:

(1) Lim cd = 0

N, > =

(2) Lim Hjod = ®
N. » =
J
These conditions state that ad (and therefore o) must approach
zero as N, approaches infinity, but at a rate slower than
(Nj)“l.

The parameter o is the standard deviation of the gaussian
distribution, and therefore determines the "ﬁeakiness" of this
window function. Figs. 2.7, 2.8 and 2.9 illustrate the effect
of this parameter on the estimated pdf, in the practical situa-
tion of a finite number of design samples. In this situation,
it is clear that the estimator embodies a wide range of quite
different pdf estimates, according to the value assigned to
this "smoothing parameter'". Unfortunately, the theory can
offer no guidance for this assignment, since the best value

will be wholly dependent on the true pdf to be estimated.

The technique adopted in the work reported in this thesis
is based upon the observation that the true pdf, when incor-
porated into the Bayes decision rule (equation (2.3.3)) would
yield optimum performance. It is important to realise that
"performance" here refers to performance over the complete
object set. To estimate this performance, the so-called "leave-
one-out" technique was used. This involves designing a classi-
fier on the complete design set, less one member, and then
using that design to classify the omitted member. This pro-
cedure is repeated for each member of the design set, so as
to give a performance estimate based on the whole set. The
smoothing parameter was adjusted so as to optimise that esti-
mate. Any attempt to achieve this optimisation without omitting
the member to be classified would fail, since perfect classi-
fication can always be achieved with a sufficiently small

value of the smoothing parameter, when the member to be

e BEE



FIGURE 2.7 - A PARZEN ESTIMATE WITH
LITTLE SMOOTHING.

FIGURE 2.8 - WITH MORE SMOOTHING.

(Figs. 2.7, 2.8, 2.9 from ref. 7)
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classified contributes to the estimate (ref. 12).

2.3.4 The Polynomial Discriminant Method

The Parzen estimator, presented in the previous section,
requires that a summation be performed over all members of the
design set from a given class to arrive at the pdf estimate,
for that class, at any point in the space (equation (2.3.4)).
For Bayes decision rule (equation (2.3.3)) the estimate must
be calculated for each class. In its basic form, therefore,
the Parzen estimator requires storage of the complete design
set and substantial computation to reach a decision. Both of
these requirements clash with the system requirements of
reasonable cost and fast processing. However, for a particular
class of window functions, the estimator can be expressed in
such a way as to eliminate the need to store the design set,

and possibly greatly to reduce the on-line computational load.
We have (equation (2 3 4)):

p(ycj) = i Y(X X, )

J' i
Let v(X, gij) be expressible in the following form:
Y& X0 = k=z-1 a b DU X ) ceeenen (2.3.6)
Substituting this into equation (2.3.4) gives:
K
P(E/e)) = § Bh(D cecrceerceninnns (2.3.7)
J k=1

where:

z,s'

kczij) cesecsssvsseccvsse (2.3.8)

With this form of the estimator, the set of coefficients
(bk’ k =1, 2, =, K) can be calculated from the design set (for
each class) and stored, instead of storing the design set
itself. If K can be made much less than Nj’ this will be a
significant saving. Similarly, the on-line computational load

is limited to the evaluation of equation (2.3.7) for each class.

- 56 -



If the set of functions (¢k(§), k=1, 2, -, ﬁ) is significantly
easier to evaluate than N, window functions (y(X, Eij)' i

2, -, Nj)' this can lead to further savings.

Specht (ref. 14) has suggested expanding y(X, .’z_{ij) of
equation (2.3.5), via a Taylor's series expansion, to yield a
polynomial representation of this window function. Such a rep-
resentation is, of course, of the form defined by equation
(2.3.6). The final expression which results is therefore of
the form defined by equations (2.3.7) and (2.3.8), with K being
the number of polynomial terms retained in the expansion.

Specifically, the relevant equations are as follows:

T
-~ x x .
P(chj) e 1_ . ex.p ('— % . P(J)(E) "o ‘203:9)
cd(z-n')% 20
where: X = [-x Xoy = x]T
' — 1’ 2’ L ] d
(1) W AR 57 &)) (3)
P X = DU———D + Dlo_‘_o.xl + DOID__-O'XZ
E (i)
s * Dy _01°%g
() 2 (&))
LU e T R
z k k k
H it DiJi g x !, x 2eme—mx d
12— d : ? d
+
and: D](:Ji---k - 2 o ;—
1 | S
S TN k' k! kit o j
N.
% k1 ko b k --}SJ._JE]_J
. . FREEEE TN o . exp
j=1 11 1j2 ijd 202
where: h = kl + kz + ——— kd
a . e 41
X3 EXTR T > %)
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In later chapters, these equations will be referred to as
the "polynomial form" of Specht's classifier, with equations
(2.3.4) and (2.3.5) referred to as the "exponential form". It
should be noted that the expression

1 ( XX
. exp -
Son® 202

in equation (2.3.9) is, in fact, redundant, since it is class-
independent and will therefore appear multiplicatively in each
conditional risk (equations (2.3.3) and (2.3.2)). It will
therefore have no effect upon the decision strategy, and can be
ignored. This leaves ﬁ(gjc.) of equation (2.3.9) as a pure
polynomial, P(j)(g). : '

The following theorems (ref. 14) lend credibility to
this classifier:

(1) 1If the magnitudes of the feature vectors from the
design set {gij, = 1,2, = Nj} are finite, and
¢ > 0, then each polynomial coefficient,

(3)
D

k) ky
of the term approaches infinity.

approaches zero as the degree, h,

kg

(2) In the two-class problem (nc = 2) Bayes decision rule
(equations (2.3,2), (2.3.3))with the estimator of
equations (2.3.4) and (2.3.5), becomes the nearest-
neighbour decision rule as 0 + 0. (The nearest-
neighbour rule classifies an unknown point in the
space as being the same as that of the point from
the design set for which the Euclidean distance
to the unknown point is the smallest. It has been
shown that the error rate for the nearest neighbour
rule, as the number of design samples tends to
infinity, is never greater than twice the Bayes
error rate, using the true class-conditional
pdf's - ref. 15).

(3) In the two-class problem, Bayes decision rule (equations

(2.3.2), (2.3.3)) with the estimator of equations
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(2.3.4) and (2.3.5), yields a hyperplane (linear)
decision boundary as ¢ + =, which is perpendicular
to the vector @1— EJ s where L is the sample
mean vector of class cj, calculated from the design
set,

To quote from ref. 14 , " ..... the polynomial discrimi-

nant method ..... converges to suboptimal but acceptable methods,
even for the extreme cases of 0 + = and o - 0. Similarly, the
separating boundary ranges from strictly linear for ¢ + = to
highly non-linear for o - 0.". Furthermore, the method demands
only very mild assumptions on the underlying distributions, and
should cope well with such difficulties as multi-modality within

each class.

2.3.5 Linear Classifiers and & Machines

Any partition of a feature space into n, mutually exclusive

d
regions can be defined via a set of "discriminant functions":

gi(z) s i=m 1,3y~ nd

such that:
gj(g) - 'I:I:I.Elx. gi(ﬁ) LRI AT R U B B B B (2.3.10)
for all X in the jth region, Rj'

This form of definition arises naturally out of the Bayes

decision strategy (equation (2.3.3)), for which

In a linear classifier, the discriminant functions are con-
strained to be linear, with one for each class:
T
gi(g) = Ei . X+ wio s B R el n, (2:3:11)
T

w w' - L4 - - -
Hexh - I:W:I.l' bt £ 4 wld]

is a "weight vector" for class c;e

The decision boundary between two contiguous regions Ri

and Rj is defined by:
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gi(g) = 83 (X)

and, for a linear classifier, this becomes:

29 X+ (wi -w.) = 0.

(Ei 3 Eﬁ) 0 jo

This surface is also linear, and in a multidimensional space, is
known as a "hyperplamne". It is worth noting that it is the
differences between weight vectors which determine the separating

boundaries, rather than the weight vectors themselves.

It can also be shown (ref. 16 ) that the decision regions

{Ri' B R AR A nc} are each strictly convex. Thus, for

example, multimodal class distributions, which demand multiple,
disconnected regions for a single class, cannot be accommodated
by a linear classifier. Fig. 2.10 shows a two-dimensional

example of linear classification. The problem of extrapolating
from a design set to an exhaustive partition of the space, pre-
viously discussed, becomes that of estimating the set of weight
vectors and constant terms, {Ei’ Wig ST (el nc}. from
the design set, and we shall shortly discuss the techniques

available for this.

It is clear that linear classifiers are severely limited
in power, no matter how the weights may be determined. In view
of the discussion in previous sections, it is reasonable to
question their relevance to this project. In this light two

factors need to be considered.

First, the linear classifier can be implemented with very
simple hardware. For example, if the feature values are avail-
able as a set of analogue voltages, the equation (2.3.11) can
be implemented by the simple operational amplifier scheme shown

in Fig. 2.11. In this case, the complete classifier would con-
sist of just one set (nc) of these, followed by a simple maximum
value detector (equation (2.3.10)). Similarly, such an implemen-
tation could be made to operate at typical on-line processing

rates with ease.

Second, the basic structure of the linear classifier can
be extended to include classifiers of, in principle, unlimited

power. These are the so-called "¢ machines" (ref. 16 ) defined
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by the following discriminant functions:
il
g(® = w, .2® +w, 3 i=1,2 -1,
where
N L R wi.ls:]T
2® = [6,(®, 4,®, -, ¢, ®].

In other words, each discriminant function is a linear combina-
tion of a set of k functions of the basic features. A typical

example might be the following:

T
[x]_ ? xz]

A
P (X) x

X

¢, = xx

L] 1 2
= 2
$,(X) x,
so that g.(X) = w._ x 2, W, XX +W, X 2+w, -
s i s By « o Rt x50 2 10

i.e. a general second-order polynomial.

The assumption underlying the ¢ machine is that a set of
functions of the basic features can be found, such that the
classes can be adequately separated by a linear machine in the
function space. The problem,of course, is to determine a

suitable set of functionms.

Finally, attention was naturally directed towards lineéar
machines in the course of the simulation work with recorded

data, and this will be discussed in Chapters 3 and 4.

2.3.5.1 Determining a Set of Weights

Many procedures have been proposed to determine the set
of weights for a linear machine from a design set. Before

discussing these, the notation will be simplified as follows:

i



We have (equation (2.3.11))

T :
8@ =W, R rw 5 dwd, 3 80

T
where Hi Eﬂil, wiz, - wié] <

Define " Y = [1, E]T
= [1, xl, xz, - xd]T
and W o= [wy, Ei]T

T
["io’ YIps Yaor o "id]

Then equation (2.3.11) can be written as:

T .
g; (X) WX i=1,2, 50, eeeeenn (2.3.12)

The design problem, then, is to determine the set of
(augmented) weight vectors {Ei s iw1, 2, = nc} from a
design set. Procedures for this will be discussed under two
main headings: Error correction procedures and Least Mean

Square Error procedures.

Error correction procedures (refs. 6, 7, 16)

These begin with an arbitrary set of weight vectors and
examine each member of the design set in turn. If that member
is correctly classified by the current set of weight vectors,
so that:

W.T R LR e W.T. Y for Y from class c.,
- i =1 " - - 3

then no further action is taken, and attention passes to the
next member. ILf, on the other hand, the member is incorrectly

classified, so that:

WT.Y Sk W.T.onrYfromclassc. and 2 # j,
= = 1 =1 - = ]

then either Ej is increased, or }ip. is decreased, or both.
Typically, the changes would be:
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L

or bl h

aLi"‘

-

or both, where p is scalar (and may vary from member to

member) .

Attention then passes to the next member, and so on. When

the design set is exhausted, and if corrections have been
made for any member, the cycle is repeated. The procedure
terminates if all members of the design set are correctly
classified by the current set of weight vectors. Such pro-
cedures have been justified both intuitively, and as steepest-
descent routines for minimising a suitable error criteriom.

In the latter case, the criterion would be such as to assume
zero value for any set of weight vectors yielding zero error

rate.

If the design set is such that a set of weight vectors
exists which will yield zero error rate, the design set is
said to be "linearly separable”. In this case, it can be
shown (ref. 6 ) that the error-correction procedures will
converge to a zero error rate solution, in a finite number
of iterations. It is not possible, however, to place a use-
ful upper bound on this number. If the design set is not
linearly separable, the error-correction procedures will not
converge. Instead, the weight vectors will oscillate con-
tinuously as a solution is sought, not necessarily about the
minimum error rate solution. In this case, the procedure
must be terminated arbitrarily. For this project, it seems
likely that a representative design set will not be linearly
separable, and this is the primary reason why error-correction
procedures have not been used. There are other reasons, how-

ever.

First, these procedures will terminate with any zero
error rate solution, without necessarily finding the best.
For example, it can be shown (ref. 6 ) that for two identi-
cally distributed, spherical gaussian classes, the optimal

separating surface is that hyperplane which perpendicularly
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bisects the line joining the two means. This hyperplane will
yield optimum performance on unseen data. Error-correction
procedures may well terminate with a quite different solution,

as shown in Fig. 2.12.

Secondly, these procedures are iterative, rather than
direct, and may therefore prove somewhat expensive in compu-
tation. Whilst this would not normally pose any serious
difficulties, since a large computer can be used in the
design stage, we shall see that a technique is to be used
for feature selection which requires a succession of designs
to be carried out, so as to evaluate different possible
feature sets. As many as 2.10° separate designs will be
required for some selection cycles, and it is therefore

prudent to require a reasonably fast design procedure.

Least Mean Square Error procedures (refs. 6, 17, 18, 19)

In contrast with error-correction procedures, least
mean square error (LMSE) procedures do not guarantee a zero
error rate solution, even if one exists. Instead, they offer
a reasonable compromise solution in both separable and non-
separable cases. In addition, we shall see that their theo-
retical relationship to the Bayes discriminants can be closely

defined.

We have a design set, comprising a total of N (augmented)

feature vectors:

{ ;i‘l’zs"ij;jzl!z!-’nc}

YII
1]
so that zij is the ith vector from the jth class:

y o
L3 D500 Y1500 = 0 9y

with yijﬁ » 1 forall 1, J,

Be
and N= )] N
i=1

i

We shall represent the complete design set as a matrix

of dimension (N x d*), where d* = d + 1, as follows:
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where Yj is a matrix of dimension (Nj x d*) containing the

vectors from the jth class:

[ ST

=33 s 3 ml, 2, 'snc

We shall define a matrix B, of dimension (N x nc), as
follows:

e o e
w

— -

where Bj is a matrix of dimension (NJ. X nc) consisting of Nj
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identical rows:

o
=

o
—

b

;J'lszs'snc

e
e R S N R ¢

T
where Ej [bjl’ bjz’ 5 bjnc] .

Similarly, we shall represent the complete set of

weight vectors as a matrix, of dimension (d* x nc)

v [y gy ]
.th

where Ej is the weight vector for the j class (equation
(2.3.12)): TH

T ;
EJ' e (s ’wjd] A e

Finally, the weight matrix will be determined so as to
transform the A matrix into the B matrix, with least mean

square error:

Determine W to minimise
| aw -3 |

where [|.|| is the norm of a matrix, defined as

[l c || = [_-trace CT C:Ii .
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It can be shown (ref. 17) that the solution is given

&
ISR T R L i on %13

when (AT A)_1 exists.

This procedure requires some explanation. In essence,
the weight matrix, W, transforms the set of design samples
from the feature space into a "decision space" of dimension
n.. In this decision space there is a set of n, "decision

points'", defined by the vectors

Eﬁ' GRS il TR nc°

The transformation is such that each design sample from the
jth class is transformed into the decision point for that
class, with least mean square error over all samples. This
is illustrated in Fig. 2.13. Given such a transformation,
a logical decision procedure for an unseen sample is to
transform the feature vector into the decision space, and
to determine the closest decision point. The reader may

satisfy himself that, when b. ij (as in Fig. 2.13), this

o
jk
is equivalent to determining the largest component of the
transformed vector:

& = [@,4,——] = Yu

Since the columns of W are the required weight vectors, this

is the decision rule of equations (2.3.10) and (2.3.12).

A particular choice for the vectors Ej LR LT P SO n,

links this scheme to the Bayes strategy.
Let bjk M. - (Ck/Cj) B j’ k=1, 2, = nca

where Z(Qk/cj) is the loss incurred by deciding class €
when cj is the correct decision. Then it can be shown (ref. 17
that the discriminant functions Z? Hi from the LMSE procedure
provide a minimum mean square error approximation to the

optimal Bayes discriminants
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g, (X = - R(c,/X)

n

Cc
= —jzl 2e;/el) B (e /D)

- regardless of the underlying distributions, as the number

of design samples tends to infinity.

This procedure therefore has both intuitive appeal, as
well as a reassuring theoretical basis. Unlike the error-
correction procedures, it incorporates the various error
penalties assigned by the designer. Further, it yields the
closed-form solution of equation (2.3.13), with acceptable

computational demands.

This approach has one further advantage when a "reject"
decision is to be incorporated. With error-correction pro-
cedures, such a decision can be incorporated only arbitrarily -
for example, by rejecting a sample whenever the largest dis-
criminant is not sufficiently dominant. This approach has
also been taken with the IMSE procedure (e.g. ref. 20 ),
but it is difficult to apply when unequal error costs are
to be used. For this project, the basic technique has been

extended, in a more consistent way, as follows:

Ne
Let: p(Y) = ) p(¥/ec.)P(c.)

o1 T

E = [Plc)p(/c)), Plcp(¥/ec,)), —-—--

T

Ty P(cnc)p(ycnc)]

Ei - [i(ci/cl)’_l(ci/cz)’ E(ci/c3) -----
------ ’ z(cifcnc)]lr; i= Ly 25, nc

Then the set of Bayes discriminants (without indecision) can

be written as:
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Similarly, if a reject decision is to be allowed, we

must add one more column to the matrix L, to give

o= [ Ly - Ly s Ly
= [L, L)
vhere L, = [&(c /c), 2l /e, = 5 (e feg I]T
=0 gt BN\Sg Bate T MCaltng
and c, denotes the reject decision.

We can therefore write the Bayes discriminant for the reject

decision as

The IMSE procedure yields a set of discriminants with
minimum mean square error from the Bayes discriminants,

without a reject option.

Thus XT W = _QT with minimum mean square error
therefore
" 1 4
_Y_ W @ B G
therefore
1 T 4 -1
ETET F L @ W. L
therefore
Frat 1 ag = -1
d, e Y el L,
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Therefore, the required weight vector for a reject decision

is simply:

- W.Lt,

Wy Ly-

This makes use of the complete loss function, as required.

Various extensions to the basic LMSE procedure have
been proposed. In particular, the Ho-Kashyap extensions
(ref. 21) combine the basic procedure with iterative adjust-
ment of the B matrix, so as to produce a guaranteed zero
error rate solution, if one exists. However, the performance.
on non-separable data is then less well defined, and in parti-
cular, minimum mean square error from the Bayes discriminants

(in the limit) is sacrificed.

2.3.6 Feature Normalisation and Selection

The discussion so far has assumed that a set of features
has been chosen, suitable for the problem at hand, and that a
corresponding set of measurement procedures has been defined to
yield numerical values of those features on any sample from
the object set. In practice, the problem of finding a suitable
gset of features is both crucially important and, usually, very
difficult., It is possible for the designer to specify a set of
"candidate" features and to use a computer program to sift
through this candidate set, so as to select a good subset.
This allows the designer considerable freedom in specifying
the candidate set, since he need not be too concerned with the
possibility of including features which contribute more to
inter-class confusion, than to class separation. Such features
should be rejected by the selection procedure. We shall discuss
the problems involved in subset selection, and the methods which

have been proposed to overcome them.

Feature normalisation is a necessary pre-requisite for both

feature selection and classifier design. It is, essentially, a
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final stage in the measurement procedures and is intended to
yield numerical values for each feature which are mutually
compatible, and suited to the particular classifier to be

used.

2.3.6.1 Feature Normalisation

We have seen that feature space classifiers make use
of a distance measure defined on the space, usually Euclidean
distance. If one feature yields numerical values orders of
magnitude larger than other features, then this feature will
dominate the distance calculations. This is a primary

reason why features must be normalised for compatibility.

Almost invariably, features will be first normalised to
have zero mean value over the design set. This is a sensible
precaution for any classifier, but has special significance
for Specht's polynomial discriminant method. The Taylor
series expansions used to derive the polynomials are
expansions about the origin of the space, and their approxi-
mation accuracy is therefore highest close to the origin.

It is therefore desirable to locate the origin in the region
of highest sample density, as reflected in the design set.
Normalisation of each feature to zero mean value will often

achieve this.

Normalisation for range can be most simply achieved
by qcaling each feature to have a range from -1 to +1 on the
design set. This procedure is naturally sensitive to atypical,
outlying members, and so a more common approach is to scale
each feature to have unit variance on the design set. Other
measures, such as mean absolute deviation, can be used, but

these seem to have no outstanding advantages.

Normalisation to unit variance, over all classes, can
lead to unwanted distortions of the class distributionms.
Fig. 2.14 illustrates this. In this example, normalisation
of x, is determined largely by the empty space between the
classes, and the distributions after normalisation are
likely to be more difficult to separate than before. Again,

this kind of distortion is most significant for Specht's
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a) before normalisation. b) after normalisation.

FIGURE 2.14 - NORMALISATION OF VARIANCE

OVER ALL CLASSES.
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FIGURE 2.15 ~-INCREASED CONFUSION WITH ONE
MORE FEATURE.
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classifier. This uses the spherical Gaussian distribution
as a potential function, and is therefore best suited to

class distributions which are themselves roughly spherical.
The problem can be avoided by scaling each feature to have

unit average standard deviation per class. This normalisa-

tion would leave the space of Fig. 2.14(a) essentially un-

changed.

Feature normalisation is, in fact, of little signifi-
cance with the LMSE linear classifier. This is because of
the optimising property of the transform from the feature
space to the decision space. Normalisation can itself be
represented as a linear transformation from the feature
space to a normaliseé space. Without normalisation, the
LMSE procedure would yield the optimum transformation from
the feature space to the decision space. With prior normali-
sation, the optimum transformation from the normalised space
to the decision space would be provided. Since optimality
holds in both cases, the product of the normalising matrix
and the corresponding transformation matrix in the second
case must be equivalent to the transformation matrix alone
in the first. In essence, the optimum transformation will
automatically incorporate any normalisation required. 1In
practice, however, some such prior normalisation is usually
necessary to prevent overflow/underflow problems during

computation.

2.3.6.2 Feature Selection

The importance of subset selection rests on two consi-
derations. First, if a set of, say, 50 candidate features
can be reduced to a sufficient subset of, say, 10 features,
the on-line computational saving can be tremendous. Second,
performance can be better, rather than merely sufficient,
with the subset, as against the full candidate set. This
possibility arises because a feature can be "worse than
useless", by increasing confusion between classes, rather
than merely failing to reduce it. Fig. 2.15 illustrates

this.
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Subset selection requires the specification of:

(1) a search procedure, to generate alternate sub-

sets for evaluation;

(2) an evaluation criterion, applicable to any sub-

set generated by the search procedure.

Usually, the search procedure must be something other
than merely to generate all possible subsets in sequence,
since, for N candidate features, ZN subsets are possible.

If N = 50, for example, this number is truly astronomical.
Procedures such as Dynamic Programming are not applicable
because a structured evaluation criterion, related to the
worth of a subset, and such as to allow interpolation between
subsets, does not exist for arbitrary class distributions.
Consider, for example, Fig. 2.16, in which two features are
shown which provide excellent class separation together, but
poor separation in isolation. It follows that there can

be no guarantee of finding the best subset. In these cir-
cumstances, a suitable procedure is the "without-replacement"
search. In this procedure, the candidate features are all
evaluated singly, to find the best subset of dimension omne.
The best single feature is then combined with all other
features, to find the best subset of dimension two which
includes the best of dimension one, and so on. An alter-
native scheme is to evaluate all subsets of dimension (N-1)
from a candidate set of N features, so as to select the best,
The excluded feature is then rejected from further considera-
tion, and the cycle repeated with (N-1) features as candi-
dates, and so on. The former scheme is often referred to

as "forward sequential" and the latter as "backward sequen-—
tial". With the backward sequential search, a significant
disadvantage is that the initial, non-reversible rejections
are made from a high-dimensional space. We shall see when
we discuss the problems of performance estimation in such

spaces, that these rejections are likely to be ill-founded.

Various suggestions have been made to ease the restric-

tions imposed by the basic without-replacement search (e.g.
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ref. 22 ). 1In the forward sequential scheme, for exampie,

the primary restriction is that the subset of dimensionality k
must contain the subset of dimemsionality (k-1). It is not
difficult to comstruct examples where this restriction makes
it impossible to arrive at the best subset. To overcome

such restrictions, the price of an increased computational
load must be paid. For example, the forward sequential

scheme can be merged with the backward sequential scheme, so
that additional features are selected by "two steps forward
and one step backward", rather than simply "one step forward".

Other combinations are readily constructed.

An evaluation criterion should, ideally, reflect the
class separation induced by a feature subset. Forarbitrary
class distributions this is very difficult, and consequently
many criteria have been proposed which are applicable only
to particular types of distributions. The vast majority
of these assume a Gaussian distribution for each class, and
include measures based on Information Theory, Entropy,
Divergence, etc. (refs. 23, 24, 25 ). In many cases, these
criteria can be monotonically related to the Bayes error
rate, and can provide upper and lower bounds upon that error
rate, given the assumption of Gaussian distributions.
Unfortunately, this assumption seems quite inappropriate to
this project, and so these measures will not be considered

further.

In practice, it is misleading to discuss the worth of
a feature subset, without considering the classifier with
which it is to be used. For example, a subset may yield
perfect separation between two classes, but with an inherently
bimodal distribution in each. This would lead to good classi-
fication performance with a potential function classifier,
but probably abysmal performance with a linear classifier.
The subset would therefore be good for the former, and bad

for the latter.

The evaluation criterion should therefore measure the

expected classification performance of a particular classifier,
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with the specified subset. This is most simply done by
designing the classifier upon that subset, and observing
its performance. Since we are ultimately interested in
performance on unseen data, we should try to estimate this
from the design set. A suitable procedure would be to
form the "leave-one-out" estimate described in section

2.3.3, and later.

To conclude this discussion, it seems that for the
surface inspection problem, in which complex class distri-
butions can be anticipated, a suitable procedure for feature
selection is a without-replacement search (forward sequential)
coupled with subset evaluation using the classifier itself.
Although this option is likely to be computationally expen-
sive, it should prove acceptable, given a powerful computer

for the design process, and careful choice of classifiers.

2.3.7 Performance Estimation

A data set must serve two purposes. It must be used to
design a classifier, and it must then be used to evaluate the
performance of that design. We have discussed the first in some

detail, and we shall now discuss, briefly, the second.

Performance evaluation is, in fact, a problem of prediction
or estimation, since we wish to know how the classifier will
perform on new, unseen data. In the surface ipsPection con-
text, we must estimate the performance "on-line'". It is fairly
obvious that a performance estimate based on the same data as
was the design will be optimistically biased - in many cases,
disastrously so. We must therefore set aside some portion of
the available data as a test set, design the classifier on the
remainder, and then evaluate its performance on the unseen test
set. Since, in this case, the test set will actually be unseen
data, we can expect a reasonable performance estimate. If a
large quantity of data is available, our problem is solved, for
our design set and test set can then be of a reasonable size.

In most cases, however, our data will be limited by the cost and
effort involved in gathering and identifying it. In this case,

we face something of a dilemma. A large design set implies a
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good design, but a small test set and therefore suspect evalua-

tion, and vice versa.

One approach to this problem is to repeat the design-test
procedure several times, each with a different partition, and
to average the results. In the limit this becomes the "leave-
one-out" procedure. As the name implies, each member of the
data set is omitted, in turn, from the design process, and the
resulting design used to classify that single member. The
average of the results thereby achieved for each member is
taken as the required performance estimate. The penalty to
be paid for multiple design—-test partitions is, of course,
computational effort. This is a further incentive to choose
classifiers which are relatively simple and quick to design.
The LMSE procedure is especially attractive in this respect,
since it is possible to modify a design based on the complete
data set, so as to produce a design based on the complete set

less one member, without repeating the entire design process.

A certain amount of work has been carried out on the
question of the number of design samples needed to produce a
useful classifier. It is clear that a design set can be so
small as to yield a meaningless design, and if this is so,
multiple partitions of similar character will yield an equally
meaningless estimate. For arbitrary data, no firm conclusions

can be drawn, but it seems that two factors must be considered:

(1) the dimensionality of the space in which the

classifier will operate;
(2) the number of classes to be distinguished.

To see the relevance of dimensionality, consider the fol-
lowing argument (ref. 7 ). Let a d-dimensional space be
divided into hypercubes (d-dimensional cubes) by means of a
single threshold on each dimension, located at the mean.

Fig. 2.17 illustrates this for one and two dimensions, giving
two and four cells respectively. Suppose the design set is
uniformly distributed throughout the space, with a sample
density of one per cell (Fig. 2.17). In general, therefore,

we have 2d samples. Certainly, in one, two and three dimensions



this is a sparse distribution. By implication, therefore, 2d
samples in d dimensions is equally sparse. Yet, for example,

220 js greater than one million!

As another example, consider that a d-dimensional space is
to be partitioned into two classes by a linear classifier. Let
the design set consist of n samples in general position (i.e.
such that no subset of (d+l)samples lies wholly within a (d-1)-
dimensional subspace). There exist 2" possible dichotomies of
the design set between the two classes, and a certain fraction
of these will be linearly separable. Denote this fraction by
f(n,d). It can be shown (ref. 6) that this fraction is given

by:

1 n £ (d+1)

2“ i-o ( ) n > (d+1)

Fig. 2.18 shows this function for various values of d. It can

f(n,d)

be seen that if n = 2(d+l), for example, there is a probability
of 0.5 that any design set will be linearly separable. This

does not necessarily imply similar separability on unseen data.

The relevance of the number of classes to be distinguished
is fairly clear, since we must have sufficient samples from each
class to characterise the distribution of that class. As men-
tioned, firm rules cannot be derived for arbitrary distributions,
but a reasonable rule of thumb seems to be no less than 10d
samples per class,where d is the dimensionality of the space
(ref. 26).

2.4 Related Work

The importance of the surface inspection problem is underlined
by the evidence of two research projects on related topics, and

these will now be briefly summarised.
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2.4.1 Videoprint Analysis on Steel Strip

In the early stages of the work reported in this thesig,
a related (but independent) research programme was in progress
at the University of Glasgow (ref. 27). This programme was
concerned with defect recognition on the surface of cold-rolled
steel strip, using videoprint data from the SIRA flying-field
scanner and defect detection system, described in Chapter 1.
This data was recorded on punched paper tape, and covered 134
distinct defects from five classes - laminations, black dots,
stains, fleck and rust. Measurements were made of the shape
of each defect, including area, circumference, width, etc.
To extract these measurements automatically, algorithms were
developed to associate individual trigger samples arising from
the same defect. Essentially, these algorithms examined the
distance between trigger samples so as to combine those which
were sufficiently close. A different distance measure was used
along the strip to across, on the grounds that many defects
tend to be elongated in the direction of strip movement. These

algorithms were apparently not intended for on-line applicationm.

The measurements so derived were combined, using feature
space pattern recognition, so as to identify the defect class.,
Results were encouraging, with correct recognition rates bet-
ween 877 and 977, depending upon the classifier. These results
support our enthusiasm for feature space techniques in the sur-
face inspection context. The work should be extended to en-
compass analogue data, as well as binary (videoprints), and
the results confirmed on a larger data base, particularly one
covering more defect classes. It will be interesting to com—
pare these results with those of the companion project, mentioned
in section 2.2, which uses the techniques of linguistic pattem

recognition.

2.4.2 Optical Polar Diagram Analysis

A laser scanner, fundamentally similar to the SIRA scanner,
has been developed at the Axel-Johnson Institute in Sweden. A

system has also been produced for defect recognition (ref. 28).

This system differs fundamentally from the work reported

- 83 =



in this thesis in two respects:

(a) Specific defect identification, of the kind
available from human inspection, was not a
design aim. Instead, defects were sorted into one
of 13 general types, including "large, spot-formed,
light scattering", "small, non-spot-formed, light-
absorbing", "large area", etc. Further, in the
work reported, these classifications were used
solely to grade the material into good, second-

rate or scrap.

(b) Classification was achieved solely from an analysis
of the optical polar diagram produced by the defect
as the scanning spot passed over it. Each defect
type was considered to produce a characteristic
intensity distribution in that polar diagram.

This was detected and recognised with multiple
detectors (photo-multipliers), together with an
optical filter. The latter was designed to block
most of the light from a defect-free surface, and
to transmit that scattered by defects to ome or

more receivers.

A minicomputer was incorporated but this was apparently used
solely for data logging and subsequent derivation of surface
quality grading. It did not participate in the recognition

process.

The system is claimed to detect scratches down to 20.107% m
in width, 2.107% m in depth, and black dots down to 4.10* m in

diameter, at line speeds up to 20 m.s  !.

System design was carried out in the laboratory, with
samples from several sources. About 7% of the defects were

found to be undetectable, and this was considered satisfactory.

The system was then installed on-line to inspect steel strip.
Sections of the surface were graded into good, second-rate or
scrap, according to the number, size and type of defects detected
by the system. Results were compared with human inspection and

the system adjusted for optimum correspondence.
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Several kinds of comparison were made, and Table 2.1
typifies the results. This table shows the percentage dif-
ferences in the amount of material assigned to each of the
three categories, both between two human inspectors and between
the inspectors and the automatic system, with one inspector as
reference. These results are based on 1500 sample areas, each
0.1 mby 0.25 m, and a line speed of approximately 3.10"3 m.s™!

the latter clearly favouring human inspection.

The concept of sorting defects according to their optical
polar diagram is important. It is intuitively appealing, and
holds the promise of high-speed operation. The project, of
which the work reported in this thesis forms a part, is
currently involved in a study of this aspect of defect recog-
nition, in collaboration with the British Steel Corporation.
Measurements extracted from the polar diagram could be incor-
porated as additional features in the current scheme, or the
analysis could be carried out optically as a pre-sorting exer=-
cise. It remains to be seen whether the defects of interest
do actually exhibit sufficiently unique scattering characteris-

tics.

2.5 Summary

This chapter has discussed the defect recognition problem on

isolated scan sections, assuming adequate delineation of those

sections. A discussion of the requirements from such a recognition

system, together with the expected difficulties of the problem,
lead to the conclusion that Feature Space techniques of automatic
pattern recognition hold the best promise of a solution, but that

these will need to be carefully selected from those available.

A selective literature survey is presented, with emphasis-on
those techniques potentially suitable for this problem. This is
based upon the requirements of fast data processing at reasonable
cost, coupled with an expectation of considerable within-class
variability. Preference is given to methods well-founded in
theory, since "practice without theory is blind". The survey

includes the problems of feature normalisation and selection, and
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performance estimation; the latter sounding a cautionary note on

the peculiarities of high-dimensional spaces.

Finally, a brief summary is given of two related research

projects, both of which give some grounds for optimism in this

work.
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Assignment

Inspector
Good Second-rate Scrap
A + 6.7% - 6.22 =~ 0.5%
B Reference
System + 3.0% - 2.47 - 0.6%
Table 2.1

Comparative results for the Axel-Johnson system and

two human inspectors

(modified from ref. 28 )
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EXPLORATORY WORK

3.1 Introduction

A number of techniques have been identified as being poten-
tially useful for on-line surface inspection, as described in
Chapter 2. The actual usefulness of these techniques can be
evaluated only with real data from a particular inspection problem,
but the acquisition of such a data set - large enough for a defi-
nitive evaluation - requires substantial effort, not only by the
researcher, but also by production, inspection and research staff
of the manufacturer. Work aimed at acquiring such a data set was
started close to the beginning of this project, and is described
in Chapter 4 of this thesis, together with the data set and the

work carried out with it.

In parallel with the gathering of this data, a fair amount of
work was carried out in preparation for its processing. Much of
this work was the development and testing of programs to implement
the techniques discussed in Chapter 2, but it was also possible to
explore these techniques further by running the programs on a
small data set which was already available. In many respects the
results obtained in this way were quite unexpected, and seemed to
contradict certain preconceived beliefs about the problem and the
techniques. Of course, results from limited data must be treated
with extreme caution. Nonetheless, the questions which were
raised have proved invaluable both as a spur to further considera-
tion and development of the techniques, and as a guide to the most
important analyses to be applied to the larger data set. For
these reasons, it seems that this exploratory work should be

reported, and this is the purpose of this chapter.

3.2 The Data Set

This data set was gathered prior to the beginning of the work
described in this thesis by scanning sheets of cold-rolled steel _
strip (each approximately 1 m square) with the flying-image system
of the SIRA Institute (see Chapter 1). The resulting scanner out-

put was digitised (8 bits), punched on to paper tape and finally
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stored on magnetic tape at the University Computer Centre.

The scan signal was sampled at a rate corresponding to one
sample per millimetre (referred to the inspected surface) and to
do this economically it was necessary to reduce the scan rate to
only a fraction of the typical on-line rate. Such a reduction
affects the various signal components differently. In particular,
the component due solely to variations of surface reflectivity
(including defects) suffers a downward shift of its frequency
spectrum, whereas the component due to photomultiplier shot noise
is unaffected. In such relationships, therefore, the data does
not represent the on-line situation. Althﬁugh photomultiplier
shot noise is significant in the signal produced by the flying
image scanner, this distortion should not seriously influence

the results from the kind of processing to be described.

Figure 3.1 shows a number of scans from the data set. 1In
some of these a defect signal is clearly visible, and in others it
is not. Unfortunately, the defect detection signal described in
Section 1.3 was not recorded with this data set. This signal is
required to locate and define the limits of the signals to be
analysed. In some cases, it could be closely estimated from a
purely visual examination of the data. With a fair degree of con-
fidence, this was found to be possible for 39 scans, and the remainder

have not been used in this work.

The relevant sections of the 39 usable scans are shown in
Figures 3.2A-E, together with the estimated detection threshold.
Although this threshold is only an estimate, these figures high-
light a disturbing feature of such a detection system - namely,
that a portion of each defect pulse invariably lies above the
detection threshold. By using this threshold to gate defect
signals into a defect classifier, this portion of the signal
would be lost. This probably matters little on some of the
larger signals, but up to 507 of smaller signals can be lost in

this way.

In the 39 scan sections, five defect classes are represented:
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FIGURE 3.1~ TYPICAL DEFECT SCANS.
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FIGURE 3.2C - RUST SPOTS.
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FIGURE 3.2D - SCALE.
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FIGURE 3.2E - HEAVY LAMINATION.
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(1) Pits (13)

(2) Gouges (10)

(3) Rust spots (7)

(4) Scale (6)

(5) Heavy lamination (3)

- where the numbers in parentheses are the number of scan sections

from each class.

The limited size of this data set is evident. Furthermore,
although there are 39 scan sections, these are derived from only
14 distinct defects. This is because several successive scans

often cover adjacent portions of a single defect.

3.3 Signal Characterisation

In Figures 3.2A-E clear generic differences are evident
between the defect signals, although it is difficult to define
these differences precisely. For example, the signals from rust
spots tend to be of short duration, of low amplitude (optical
contrast) and usually triangular in shape. Scale produces a
bigger signal (in both aspects) and one which tends to be "flat-
bottomed".

To apply feature space techniques, as described in Chapter 24
the signals must be characterised by the results of a set of tests
or measurements performed upon them - each of which yields a
scalar value. In this application, it is clear that the measure-
ments must, in some sense, characterise the shape of the defect
signals. There are a number of measurements which can do this,
and a few have been selected for ease of implementation at typical
on-line processing speeds. These will now be described in increa-

sing order of their complexity and cost of implementation.

3.3.1 Samples—as—Features

The defect signals are available as a sequence of digitised
8-bit samples across each waveform. The simplest possible
feature set, therefore, consists simply of this sequence of

sample values.
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For any waveform, the number of samples available depends
on the time duration of the waveform, which, in turn, depends
on the defect size and the location of the scan across the
defect. This number varies from as little as 4 on some rust
waveforms up to 35 on heavy lamination. Since every signal
must be represented in the same feature space, the same number
of features must be measured on each one. This is most simply

achieved by setting unused values to zero on the smaller signals.

With this proviso, a set of 50 features was defined. A
verbal description of the Kth feature is "the value of the Kth
sample on the waveform, following the initial crossing of the
detection threshold, or zero if the final crossing has already

occurred". Figure 3.3 illustrates this.

This feature set is undeniably crude. It offers no reduc-
tion of the information content of the signal. It incorporates
no normalisation, such as for the signals mean value. Nonethe-
less, it requires no calculation whatsoever, and can be imple-
mented with a standard analogue-to-digital converter at high
speed and at moderate cost. To this extent, any competing
feature set must justify itself by an improved performance.
Essentially, samples—as-features can be expected to provide a
"base~line" performance level against which other feature sets

may be judged.

3.3.2 Geometric Features

The term "geometric" is used here to describe measurements
which arise naturally in descriptions of geometric figures such
as circles, squares and triangles, These include area, peri-
meter, width and length. Equivalent measures can be defined
for the defect waveforms, and these are illustrated in Figure
3.4. For each measure, the limits of the waveform are taken

to be the initial and final crossings of the detection threshold.

X, is the base width of the waveform
X, is the waveform amplitude, defined as the positive
difference between the maximum and minimum signal

levels
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X3 is the perimeter or curve-length of the defect
waveform
XA is the area enclosed between the defect waveform

and a conceptual horizontal line passing through

its maximum value.

Each of these measures has physical significance. Xl
measures the defect size in the scan direction. X2 measures
the change of optical contrast across the defect. x3 reflects
the monotonicity of the signal variation, and hence the fine
structure of the defect, X, might be termed the "integrated

optical contrast".

For their measurement, X1 and Xz are self-evident and may
be implemented in hardware by a gated clock and peak detectors
respectively. For X3 and X&’ the waveform was taken to be the
piecewise linear approximation which results when the waveform
samples are linked by straight lines. This allowed X3 to be
calculated as a sum of line segment lengths (each of the form
J;Ef:_;if, and X& to be calculated via Simpson's Rule. In a
hardware implementation the waveform need not be sampled.

X3 may then be measured with differentiators and integrators,
and X, by a single integrator. Hardware implementation will

be discussed more fully in Chapter 6.

A note of caution must be sounded with the feature X3,
the waveform perimeter. In an important respect this feature
is not defined. Consider in Figure 3.4 that the horizontal
dimension corresponds to time or distance, whereas the vertical
dimension corresponds to voltage or optical contrast. To cal-
culate numerical values for the four geometric features, units
of measurement must be assigned to the horizontal and vertical
dimensions. For Xl, X2 and x4 the assignments are unimportant
because their scale will reflect linearly in the results, and can
therefore be removed by a standard "shift-and-scale" normalisation.
For X3 this is not so. If, for example, the horizontal axis
is measured in microseconds rather than milliseconds, the effect

on the calculated perimeter value is non-linear and effectively

irreversible. To this extent the calculation of K3 is arbitrary.

_100_



Upon reflection it seems that the significant factor in
this choice of units is the ratio between the horizontal and
the vertical. For example, if the horizontal scale yields
values around 1000 times as large as the corresponding ver-
tical values, Xy will reflect little more than the waveform's
base width. This implies that the average vertical sample-
to-sample variation should be numerically about equal to the
horizontal sample-to-sample increment. In the event, the
four geometric features were calculated on a vertical scale
from O (corresponding to a zero value sample) to 1 (corres-
ponding to a sample value of 28 - 1 = 255), and a horizontal
scale in which the sample-to-sample increment was 4.1073

(approximately equal to 1/255).

3.3.3 Chain-Encoding

3.3.3.1 The Encoding Process

Defect waveforms are recorded as a sequence of 8-bit
digital samples. As described in reference 38,
Freeman's chain-encoding process can be used to produce
a representation in terms of a sequence of symbolic chain

elements, of which only five different types are required.

Conceptually, the encoding process involves super-
imposing a rectangular grid upon the waveform and recording
the sequence of grid-waveform intersections in terms of the
symbolic code. Conventionally, a "square" grid is used,
but this concept seems meaningless in this application
(cf. the calculation of waveform perimeter discussed in
Section 3.3.2).

There are strong arguments for locating successive
vertical grid lines at successive sampling instants across
the waveform, and this has been done. Figure 3.5 illustrates
the encoding process under this constraint, for a particular
spacing between horizontal grid lines. It remains to deter-
mine a reasonable spacing between horizontal grid lines.

It seems that the "best" value for the spacing must depend
on the spread of sample-to-sample variation in the wave-

forms of interest, and will probably be close to the average

= 10T =



¥——X = sampled signal.

By 2
3 2 1
b —~ -0
5 6 7
element coding.

chain code = 07667666221212212.
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value of that variation. The choice therefore is problem
dependent. Initially, the encoding process was evaluated
(via recognition processing) with two different spacings,
10~2 and 1072, on waveforms in which the sample values
were scaled to lie between zero and 1. The coarser grid
was found to be superior in every way, yielding a simpler
code, a simpler classifier and better recognition accuracy.
This suggested that the spacing should be chosen with some
care. An analytical solution, based on averaging sample-

to-sample variations, would be suspect for two reasons:

(1) average values will differ between waveforms,

and especially between defect classes

(2) different portions of a waveform are likely
to vary in their significance for defect
classification, suggesting a weighted

average approach.

In consequence, an empirical evaluation of different
grid spacings was undertaken, based on a visual examination
of the resulting encoded waveforms. Figure 3.6 shows some
waveforms encoded with grid spacings between 5.10 * and
1.1071, together with the original (sampled) waveforms.
The smallest spacings and the largest clearly yield poor
representations of the original waveform, and the best
spacing seems to lie somewhere between 1.1072 and 5.1072.
It is, perhaps, worth reiterating here that the spacing
between only the horizontal grid lines is being varied,
with vertical grid lines fixed at the sampling instants.
Figure 3.7 shows the same waveforms coded with spacings
between 1.1072 and 5.1072 , and on balance, best repre-
sentation seems to result with a grid spacing of 3.1072 ,
It is of interest that the code strings produced with
this spacing contain about the same number of elements

(symbols) as the original number of digital samples.

This accords well with the suggestion that the grid
spacing should be comparable with the average sample-to-

sample variation. Furthermore, since each chain element
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can take on one of only five different "values", compared
with 256 possible values for each digital sample, the en-
coding process achieves a considerable reduction of infor-

mation.

3.3.3.2 Feature-Extraction from Encoded Waveforms

Given a chain-encoded representation of each defect
waveform, it is necessary to define a set of features to
characterise that representation. As described in ref. 38,
a set of five "slope-densities'" can be extracted for this
purpose, one for each type of chain element. Each slope-
density is simply the proportion of elements of each type
in the encoded representation. As a proportion, it
includes normalisation for waveform size. Since waveform
size is certainly an important distinguishing feature of
waveforms from different classes, such a normalisation is
undesirable. It was decided, therefore, to use "slope-
counts" which, as their name implies, are simple counts
of the number of chain elements of each type in the en-

coded representation.

Slope-counts represent a considerable information
reduction over the original encoded representation, and
such a reduction may well be too severe. Information on
the element sequence within the code string is wholly dis-
carded in this way, so that, for example, an element of
type 6 occurring near the beginning of the waveform has
the same effect as one which occurs near the end - although
the latter would be less common and potentially more sig-
nificant. To alleviate this problem, slope-counts may be
extracted independently from successive sections of the
waveform code. The size of such sections then determines
the degree of information reduction, from zero when each
section is just one element long, to the maximum already
discussed when the complete waveform is a single section.
For this exploratory study, slope-counts were extracted
independently from each half of the waveform, for comparison
with the global slope-counts extracted from the complete

waveform.
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Without chain-encoding, a feature set based simply
on the sequence of 8-bit sample values has been described
in Section 3.3.1. It seemed that the sequence of element
codes might be used in the same way, so that the value of
the Kth feature would be simply the numerical value of
the code assigned to the Kth chain element. To this end,
the chain elements were re-coded so as to reflect more
closely their geometric significance, as shown in Figure
3.8. As with "samples-as-features', the shorter code
strings were then padded with a unique symbol to make up

50 features.

In summary, then, three sets of features have been

extracted from the chain-encoded waveforms:

(1) Global slope counts (5)
(2) Semi-global slope-counts (10)
(3) Elements—as—features (50).

3.4 Feature Space Classification

In the main, results will be presented in approximately
chronological order, since their unfolding was the primary guide
to further program development. This development was in two

main stages:

(1) A program was written to implement Specht's potential
function classifier (Section 2.3.4) in expo-
nential form, with a pre-defined set of features.
With this program, the various feature sets des-
cribed in Section 3.3 were evaluated in terms of
the "leave-one-out" performance estimate from the

39 available waveforms.

(2) A feature selection program was developed to sift
through a supplied set of up to 50 candidate
features, and to select a subset yielding good
performance. Initially, performance was evaluated
as the leave-one-out estimate from Specht's classi-

fier, but this was subsequently extended to allow
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the least-mean-square linear classifier (Section 2.3.5)

to be used instead.

3.4.1 Results without Feature Selection

As mentioned, these results are with Specht's potential
function classifier in exponential form, in a pre-defined
feature space. Data input to the program consists primarily
of a data matrix, in which each row corresponds to a waveform,
and each column to a feature whose value is supplied on each
waveform. This matrix defines both the design set and the
space in which the classifier must operate. In addition,
the true class membership for each waveform is supplied. The
program first normalises each feature to have zero mean and

unit variance over all waveforms, as discussed in Section 2.3.6.

Program output consists of a succession of confusion
matrices, corresponding to successively increasing values of
the smoothing parameter, o, between pre-defined limits.

Each confusion matrix is derived via the leave-one-out tech-

nique of performance estimation.
Five different feature sets were evaluated:
(1) Samples—as—features (Section 3.3.1)

(2) Geometric features plus Global Slope Counts
with a grid spacing of 10™° (Sections 3.3.2 and
30303)

(3) As (2), but with a grid spacing of 1072.

(4) Semi-global Slope Counts,with a grid spacing of
1072 (Section 3.3.3)

(5) Elements—as—-features (Section 3.3.3)

In each case, the smoothing parameter was varied between
0.1 and 10.0. Figure 3.9 summarises the best results obtained

with the first four feature sets.

Surprisingly, the most effective feature set seems to be
samples-as-features, with which 647 of the waveforms may be

correctly classified. However, this is in a space of 50
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Figure 3.9 Confusion matrices without feature

selection (Specht's Classifier)

=1z =



dimensions and with a relatively low value of the smoothing
parameter. The smoothing parameter is, of course, the common
standard deviation of the gaussian potential functions used
by the classifier, and can be compared with the normalised
standard deviation per feature of unity. :

In this context, a value of 0.4 implies rather peaky discri-
minant functions, which are not likely to be adequately
approximated by low order polynomials. With 50 variables,

high order polynomials are unthinkable.

Of the two feature sets composed of the geometric
features plus global slope counts, the grid spacing of 1072
produces substantially better results than the spacing of
1073 (as already mentioned in Section 3.3.3.1). The advan-

tages of the coarser grid are:

(1) a simpler code is generated for each waveform
(containing typically one-tenth the number of

chain elements)

(2) class separation is somewhat better (57% against

497 correct classifications)

(3) the optimal value of the smoothing parameter is
somewhat larger (0.7 against 0.5). In contrast,
the finer grid yielded only 447 correct classi-

fications with the smoothing parameter set to 0.7.

The feature set composed of the semi-global slope counts
alone yields a performance second only to samples-as-features,

but, again, with a low value of the smoothing parameter.

Finally, all four confusion matrices indicate similar
patterns of inter-class confusion, with pits and gouges being
the two classes most confused. If the distinction between
these two classes was not necessary, results would be numerically
much better. For example, samples-as-features would then
yield 80%7 correct classification, and semi-global slope counts
82%. Since, in practice, these two classes are confused by

trained human inspectors, these results are encouraging.
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Elements—as—features

For this feature set, the grid spacing was set to 3.10_2,
as discussed in Section 3.3.3.1, and the chain elements were
recoded as shown in Figure 3.8. The best result achieved was
with the smoothing parameter set to 0.9, yielding 36% correct
classifications. This is easily the worst result amongst all
five feature sets, and merits closer analysis. Notice that
it is very much worse than that achieved with the semi-global
slope counts, although the latter feature set is derived from

this one with a substantial information reduction.

It has been pointed out in Chapter 2, that feature space
techniques almost invariably rely upon a distance measure
defined on the space. With Specht's classifier, Euclidean
distance is used. It seems that the poor results achieved
with elements-as—-features are attributable to the poor corres-
pondence between Euclidean distance in this space and a
meaningful measure of the difference between chain-encoded

defect signals.

Consider first isolated chain elements coded as shown in
Figure 3.8 (second assignment). The one-dimensional distance
between element O and element +1 is then equal to that between
+1 and +2. This seems reasonable in the context of a square
grid, but "square" has no meaning in this work, as already
discussed. It seems wholly unreasonable in the context of

grid cells of height 1 mm and width 1 cm.

With isolated chain elements, then, the concept of
Euclidean distance is suspect, but these suspicions are
compounded when complete chain-encoded waveforms are consi-
dered. Figure 3.10 shows three such waveforms. Taking each
chain element as a feature defines an ll-dimensional space in
which the three waveforms are represented by the following

three vectors:

(=L, =1, =1, 0, O, 'Oy 0, 0, 1, 1, 1) ] (a)
=1y 2Ly =Ly, 15.%1,.05 O, 15 3, T (b)
(A=t R0 15 0530, Tak L)r g X6

The Euclidean distance between (a) and (b) is then equal to
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that between (a) and (c) (= /5). This clearly does not reflect
the real differences between the three waveforms, since (a) is

certainly more like (b) than (c).

A suitable distance measure, which reflects intuitive
notions of waveform similarity, is not easy to discover.
Because of this, an alternative formalism for classification
has been sought, which is capable of using chain-encoded wave-

forms directly. This will be discussed in Section 3.5.

3.4.2 Results with Feature Selection

The previous section has reported the results achieved
with Specht's classifier with various pre-defined sets of
features. These results were encouraging but, in some cases,
involved spaces of high dimensionality. With samples-as-—
features, for example, a 50-dimensional space was involved.

Such high dimensionality is undesirable for two main reasons:

(1) It leads, inevitably, to a complex realisation

of the classifier

(2) The number of waveforms required to estimate
reliably the class distributions in the space
increases with dimensionality, as discussed in

Section 2.3.7.

It seems likely that such high dimensionality is not, in
fact, necessary for practical problems such as this. Further,
such a large feature set is almost sure to contain a number
of features which actually increase confusion between classes
(Section 2.3.6).

These considerations point to the need for feature selection.
In this context, feature selection will mean the process of
sifting through a supplied set of "candidate" features, so as
to determine a subset of these which yields good performance.
The difficulties involved in such a process are discussed in

Section 2.3.6, and the main ones are:

(1) A combination of two or more features or sets of

features, each of which yields poor performance
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in isolation, may yield good performance when

used together

(2) For a candidate set containing N features, (2N - 1)
subsets exist. In most cases, evaluation of all
subsets is not feasible, and a non-exhaustive

search strategy must be used

(3) In general, a structured performance function over
the possible subsets, such as to allow inter-

polation between subsets, does not exist.

In these circumstances, a "without-replacement" search is
applicable (Section 2.3.6) and this has been used.

Various techniques have been tried for feature normalisa-
tion before selection, and for optimising the smoothing para-
meter throughout the selection process, and these will be des-

cribed as they occur.

3.4.2.1 Specht's Classifier with Samples-as-Features

In the results without feature selection, samples-as-
features proved to be most effective. Since this feature
set is simultaneously the most simple and cheap, most of the

feature selection work has been based upon it.

In Section 2,3.6, different possibilities for feature

normalisation have been discussed. Attention centres on

two of these:

(1) Normalise each feature (independently) to zero
mean and unit standard deviation over all wave-

forms from all classes (Normalisation 1)

(2) Normalise each feature (independently) to zero

mean and unit average standard deviation per

class (Normalisation 2).

Of the two, it was suggested that the second was the
more appropriate for Specht's classifier. In the work without
feature selection, only the first normalisation was used.

In the work to be described now, however, the opportunity has
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been taken to compare the results attainable under the
two normalisations. We shall see that the second does,

indeed, seem to be preferable.

Before presenting these results, one further variation
must be discussed - namely, the strategies adopted to opti-
mise the value of the smoothing parameter throughout the
selection process. Initially, this parameter was optimised
before every selection (Optimisation 1), but for later
results optimisation was based on simply comparing the
results for a number of preset values, which were maintained
constant throughout the entire selection process (Optimisa-
tion 2). The reasons for this change of strategy will be

discussed within the results.

Normalisation 1, Optimisation 1

Over a variety of different techniques for optimising
the smoothing parameter before every selection, the best
result achieved was 77% correct classifications, using
samples 2, 3, 4, 5, 6, 10, 14 and 16, and a smoothing para-
meter of 1.3. Figure 3.11 shows the corresponding confusion
matrix. The equivalent result without feature selection has

been presented as Figure 3.9A. Two points are worth making:

(1) Performance, at 77% as compared to 64%, is sig-

nificantly better

(2) The classifier is substantially simpler, both
because the space is 8-dimensional instead of
50-dimensional, and because the smoothing para-

meter value is 1.3 instead of 0.4.

Such a two-fold gain, with no apparent loss, underlines

the value of feature selection processing.

Normalisation 2, Optimisation 1

With the second normalisation, the best result achieved
was again 777 correct classifications, but in a space of only
4 dimensions (samples 2, 5, 6 and 14) and a smoothing para-

meter of 1.0. The corresponding confusion matrix was
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Figure 3.11 Confusion matrix with feature

selection (Specht's Classifier)
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substantially the same as that of Figure 3.11 and will not

be reproduced.

The difference between the two normalisations, then,
is reflected in half the number of features being required
with the second. This represents a simplification which

is not insignificant.

Normalisation 2, Optimisation 2

To recapitulate, Optimisation 2 refers to a procedure
wherein the value of the smoothing parameter is preset to
a certain value and the entire process of feature selection
carried out without varying that value. On completion, the
value is reset and the procedure repeated, and so on. Two

considerations motivated this change of strategy:

(1) Optimisation before the selection of each feature,
as with Optimisation 1, is computationally
expensive. Consider that for N features,

N(N + 1)/2 feature combinations must be
evaluated for a complete without-replacement
search. For each of these combinations, around
ten different values of the smoothing parameter
should be considered, and for each of these ten
values, the leave-one-out performance estimate
must be computed. Such a scheme is computa-
tionally tolerable with a small data set, but

not with one of realistic size.

(2) At each stage of the selection process, with
Optimisation 1, the "best" value of the
smoothing parameter is available. It is not
certain, however, that this "best" value is
acceptable in terms of the associated complexity
of the classifier. An important question which
the procedure leaves unanswered is "what perfor-
mance is possible with a smoothing parameter
of value 4.0, say, and how does this performance

vary with different pre-determined values?"
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Such questions are, of course, answered directly

by the second optimisation strategy.

For these reasons, the second strategy was implemented.
Figure 3.12 summarises the results. Notice two aspects in

particular:

(1) The relatively small performance variation (777
to 74%) over a wide range of preset values of

the smoothing parameter

(2) The reduction in the number of features neces-
sary for peak performance, as the value of

the smoothing parameter is increased.

These results suggest that a significant simplification
can be made in the classifier, with only a modest loss of

performance.

3.4.2.2 Specht's Classifier in Polynomial Form

All the results presented in the previous section have
been with Specht's classifier in exponential form. This
form, however, would not be practical for on-line application,
and th? real promise of Specht's technique lies in its even-

tual realisation in polynomial form.

The formulae by which the polynomial coefficients may
be calculated as sums over the design set, have been pre-
sented in Section 2.3.4. Accordingly, these calculations have
been embodied in a program which may be used to compare the
performance of the exponential form with the polynomial
form, calculating and printing the polynomial coefficients

in the process.

Program input consists, as before, of a data matrix
in which rows correspond to waveforms and columns to features.
In addition, a feature subset must be specified (since not
all features need be used) together with a value for the
smoothing parameter. This input constitutes a complete
specification for the exponential form of the classifier.

The program will then implement the exponential form and
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compute its performance:
(a) directly on the design set;
(b) "leave-ome-out" on the design set.

(Although with this data set a separate test set does not
exist, the program allows such a test set to be specified.
In this case, performance on the test set would also be

computed.)

The program continues by computing and printing all
polynomial coefficients up to and including third order.
With these coefficients, the polynomial form of the classi-

fier is implemented and its performance computed, as before:
(a) directly on the design set;
(b) '"leave-one-out” on the design set

(and if a separate test set were specified, polynomial per-

formance on the test set would also be computed).

To provide an indication of how far the polynomials
might be truncated without significant loss of performance,
the details described above are computed for the polynomials
truncated to first order and to second order, as well as

with the complete polynomials of third order.

This program follows naturally the feature selection
program, since results from that program specify a feature
subset and a corresponding value for the smoothing para-
meter. The set of three results presented in Section
3.4.2.1 were therefore examined further with the polynomial

program. These are:

(1) Normalisation 1, Optimisation 1
(Figure 3.11)

(2) Normalisation 2, Optimisation 1

(3) Normalisation 2, Optimisation 2

(Figure 3.12).

Results are summarised in Figure 3.13.
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Percentage correct
classifications
. Leave—-one-out
On the: desisn on the design
set
set
(i) Smoothing parameter = 1.3
Dimensionality = 8
(Normalisation 1,
Optimisation 1)
Exponential form 82 77
. (lst order 46 44
Polynomial  (2nd order 69 59
(3rd order 77 64
(ii) Smoothing parameter = 1.0
Dimensionality = &
(Normalisation 2,
Optimisation 1)
Exponential form 85 77
- (lst order 49 44
P“’é‘;ﬁﬁ‘“ (2nd order 44 39
(3rd order 61 54
(iii) Smoothing parameter = 8.0
Dimensionality = 5
(Normalisation 2,
Optimisation 2)
Exponential form 74 74
. (1st order 74 74
Folynomial  (and order 74 74
(3rd order 74 74

Figure 3.13 Performance of the polynomial
classifier with samples—-as—-
features
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Two points are significant in these results. First,
the performance of the expomential form does not extra-
polate to the polynomial form, except in the final case
with a smoothing parameter of value 8.0. Second, in this
final case the polynomials can be truncated to be linear
without degrading the performance at all. These results
are unexpected and disturbing. In particular, Specht's
technique seems to be a particularly circuitous route by
which to arrive at a simple linear classifier. Simpler

and more direct methods are available,

3.4.2.3 Specht's Classifier with other Feature Sets

All of the results presented so far with the feature
selection process havebeen with the single feature set,
samples-as-features. This has been so because this feature
set had yielded the best performance without feature selec-
tion. The selection process has been seen to enhance its
performance considerably. It remains to be seen whether
features based on geometric measures and/or on the chain-
encoding process can yield a similarly enhanced performance

when combined with the feature selection process.

To this end, the four geometric features were combined
with the five global slope counts (grid spacing 1072) for
processing by the feature selection program, with Normalisa-
tion 2, Optimisation 1 (Section 3.4.2.1). The best perfor-
mance achieved was 67% correct classifications, using the
six features base width, amplitude, area, and three global
slope counts. The corresponding confusion matrix is shown
in Figure 3.14, which may be compared to the equivalent
result without feature selection, Figure 3.9C. As before,
the selection process allows better performance to be
achieved with a simpler system. Even so, the result is
worse than that achieved with samples-as-features (Figure
3.11).
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Figure 3.15

Assigned class _
1 2 3 4 5 Geometric features + global
1 {10 3 0 0 0 slope counts
e B Vet Dimensionality = 6
D 3alo 0 7 0 0 Smoothing par. = 0.4
E 41 0 1 0 5 0 67% correct classifications
= 5|0 1 0 0 2
Class 1 = Pits,
Class 2 = Gouges,
Class 3 = Rust,
Class 4 = Scale,
Class 5 = Heavy lamination
Figure 3.14 Confusion matrix with feature
selection (Specht's classifier)
Assigned class
1 2 3 4 5 Samples—as—features
@ o 0 0 0 0 Dimensionality = 7
- 21 4 6 0 0 0 77% correct classifications
0.3 5.2 0 5 0 0
§4 0 2000l TR
- I 1 0 0 2
Class 1 = Pits,
Class 2 = Gouges,
Class 3 = Rust,
Class 4 = Scale,
Class 5 = Heavy lamination

Confusion matrix with feature

selection (linear classifier)
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3.4.2.4 The Least-Mean—-Square Linear Classifier with
Samples—as-Features

The performance of Specht's classifier in exponential
form seems not to extrapolate to its polynomial form, unless
the value of the smoothing paramater is not less than approxi-
mately 8.0. With such a value, the polynomials need be only
first order, with no improvement to be gained by including
second or third order terms. In other words, we have a
simple linear classifier, arrived at by an indirect and

computationally expensive route.

Direct design methods for linear classifiers were dis-
cussed in Section 2.3.5, and the advantages of the least-mean-
square technique were emphasized. This technique has been
programmed and incorporated into the feature selection
program, in place of Specht's technique. The program was
run with samples—as-features and Normalisation 1 (as ex-
plained in Section 2.3.6, the particular normalisation used
with this classifier is unimportant, and serves only to
prevent overflow/underflow problems during computation).
Best performance was 777 correct classifications in a space
of 7 dimensions (samples 4, 5, 6, 10, 15, 16 and 19). The
corresponding confusion matrix is shown in Figure 3.15.
This result is as good as the best performance of Specht's
classifier in exponential form, and better than the poly-

nomial form.

3.5 A Tree-Classifier for Chain-Encoded Waveforms

Work so far reported with chain-encoded waveforms has been

based on feature space techniques, with three feature sets:

(1) Global slope counts
(2) Semi-global slope counts

(3) Elements—as-features.

Reasonable results were obtained with (1) and (2), but not

with (3). In Section 3.4.1 it was argued that the element codes

are ill-suited to feature space techniques, and that an alternative
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formalism was required. It is the purpose of this section to
develop such a formalism and to evaluate it on the data available.
The motivation for this work lies in the substantial reduction of
information offered by the encoding process, and a belief that

this is exploitable.

The generation of a chain code of N elements for a particular
defect waveform may be seen as an N-level sequential process, with
five possibilities at each level (the five possible chain elements).
Such a process may be represented by a decision-tree, as shown
in Figure 3.16. Every possible chain code then corresponds to a
unique path within such a tree, and all possible defect waveforms
are therefore represented by the complete tree of appropriate
depth. -

This concept can be used for pattern recognition if a
separate tree is defined for each pattern class, and for each tree
a weight is defined for each path within it. This corresponds to
deriving a "class-weight" for each possible chain-encoded defect
signal, and the weights can be such that the largest identifies

the correct pattern class.

If such identifications are to be optimum, in the sense of
minimising the expected loss due to errors, statistical decision
theory (Section 2.3.2) shows that the weight assigned to any
sequence of chain elements (el, €5 ~ » eN)mmst be the class-
conditional probability of that sequence occurring (assuming
equal a-priori class probabilities and equal error costs). This

probability may be written as:
Pr(E/W;)

for class W;, where E denotes the sequence of chain elements
(el, % = eN).

Although, in principle, these probabilities may be estimated
from a design set, the number of possible chain sequences renders
this approach impractical. Consider that for 50 chain elements,
with five possible values for each one, 550 different sequences
can occur. This number is greater than 1030, and with less than
1016 microseconds in a century these optimum weightings are clearly

not attainable.
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Pruning of the trees is therefore required, and this can be
achieved by assuming some form of reduced dependency among the
sequence of elements. In reality, the probability that any chain
element in a sequence will take on a particular value, is almost
certainly dependent upon the whole sub-sequence preceding (and
possibly succeeding) that element, and this leads to the explosive
estimation problem referred to above. It is not unreasonable,
however, to expect dependencies to be stronger for near-neighbours
of the element, than for elements further removed. Given this,
the theory of Markov processes provides a framework within which

the dependence assumptions may be relaxed.

3.5.1 First-order, Non-homogeneous Markov Dependence

assumes that the chain code generation process for defect signals
is such that the class-conditional probability distribution over
the five possible codes for any chain element, depends only on
the code of the preceding element (first-order) and the element

position in the sequence (non-homogeneous).
i.e. Pr (eK/eK_l, eg_9s = » €15 Wi)

= Pr (eK/eK_l, Wi)
and is a function of K.
Thus: Pr (E/Wi)

= Pr (el, ey, = » eN/Wi)

= Pr (elfwi)°Pr (ezlel, Wi)-

Pr (e3/e2, Wi)e = “'Px (ey/ey-1» Wy)

and the probability of any chain sequence may be computed from

a limited number of transition probabilities:
Pr (eK/eK_l, w;)

plus the initial probability:
Pr (eq/W;).

For a maximum sequence length of 50 elements, therefore, this
scheme requires that 1,230 probabilities be estimated and stored

for each class.
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3.5.2 First-order, Homogeneous Markov Dependence

as 3.5.1, except that the transition probabilities are assumed

independent of the element position in the sequence.
i.e. Pr (eg/eg-i, W;) is independent of K.
Thus: Pr (E/Hi)

N
K=2
and only 30 probabilities need to be estimated and stored for

each class, regardless of the maximum sequence length.

3.5.3 Second-order, Homogeneous Markov Dependence

as 3.5.2, except that the probability distribution for any
chain element is assumed to be dependent on not only the pre-

vious element but also on the one preceding that.
i.e. Pr (eg/eg_1s eg-2s = » €1, Wi)
= Pr (eg/eg-1, eg-2, Wi)
and is independent of K.

Thus: Pr (E/W;)
N
= Pr (ey/W;)'Pr (ep/eq, Wy) I Pr (eK/eK,l, eg-2s W;)
K=3

giving 155 probabilities to be estimated and stored for each

class, regardless of the maximum sequence length.

Notice that with each one of these assumptions, the probabi-
lity assigned to any path within a tree is evaluated as the pro-
duct of probabilities assigned to each individual transition
making up that path. This renders the estimation and storage
problem feasible. The assumption of homogeneity throughout
each path reduces complexity still further by reducing the

number of individual transition probabilities involved.
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3.5.4 Simulation and Results

The two schemes of first and second order homogeneous
Markov dependence require the least number of transition
probabilities to be estimated and stored. These have there-

fore been programmed and evaluated on the available data.

Program input consists of the code sequences for the
waveforms, together with the correct classification of each
one, and a specification of the order of Markov dependence

to be assumed.

The design process consists of estimating the necessary
transition probabilities as relative frequencies in the design
set. Leave-one-out estimation was implemented by modifying
the probabilities estimated on the complete design set, so as
to remove the contribution of the waveform to be classified.
Results are shown in Figure 3.17, for a grid spacing of 3.1072.
In both cases they are very poor, being little better than a

random guess at class membership.

The clue to this poor performance lies in the number of
"ambiguous classifications" which occurred. There were 6 of
these with first order dependence, and 23 with second order.
Such ambiguity arises when a waveform yields equal class
membership probabilities for two or more classes, and is
arbitrarily resolved by assigning the waveform to the class
considered last. Thus, if such ambiguity holds over all five
classes, a waveform would be assigned to the final class
considered - "heavy laminations'. From Figure 3.17B, this
seems to have occurred for every waveform from "gouges" and
"scale", and probably for eight waveforms from "pits". Such
ambiguity should properly be regarded as an inability to reach

a decision, rather than a wrong classification.

A detailed examination of the data set reveals an explana-
tion. This is that many of the waveforms yield a code sequence
which contains a unique three element sub-sequence, i.e. a sub-
sequence which does not occur for any other waveform. With the
leave-one-out technique, the transition probability for such a

sub-sequence will be estimated as zero. With the multiplicative
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Figure 3,17 Confusion matrices with the tree-
classifier (leave-one-out estimates)
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calculation of class membership probabilities, this ensures a
zero product for each class, and hence the ambiguous classifi-
cations observed. This effect is simply the result of insuf-
ficient design data, and should disappear with more data.
Notice that the feature space techniques avoid such problems
by extrapolating between design samples, using the appropriate

distance measure.

To investigate this effect further, the programs were re-
run, but with all 39 waveforms used to estimate the required
probabilities, including the waveform being classified.
Results are shown in Figure 3.18. These support the analysis
above, since under these circumstances such unique sub-

sequences guarantee the correct classification of the waveform.

Overall, then, these results are inconclusive, and a proper

evaluation of the classifier must await more data.

3.6 Summary and Conclusions

This chapter has reported work with two feature space classi-
fiers on a few selected feature sets, and one tree-classifier on

symbolic data.

The work began with quite firm opinions as to the nature of
the signal processing problems involved and clear ideas as to the
most promising techniques to solve them. Programs have been
developed to implement these techniques and they have been explored
on a very small data set. It would certainly have been possible,
and in some ways easier, to explore the techniques through the
processing of artificial data. To a large extent, however, the
results would have been predictable. The critical results arise
from the interaction of these techniques with the inspection
problem itself. This interaction cannot be explored with arti-
ficial data. It cannot be adequately explored even with real
data, when so little is available. Nonetheless, one can hope for
some useful indications. Apart from this, the work has resulted
in a useful collection of programs and some familiarity with the

techniques and the programs which implement them.
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One conviction quite firmly held at the beginning of this
work was that complex class distributions were sure to be encoun-
tered, no matter what features were used, simply because of the
variation observable within each defect class. It was for this
reason that Specht's classifier was selected for evaluation, since
it is expressly designed to cope with such distributions, while
retaining reasonable simplicity in its implementation. On this
data, these expectations are not fulfilled. The expansion of the
classifier into polynomial form, as required for its implementa-
tion, results in a significant loss of performance, unless the
smoothing parameter has a very large value. In this case, the
power of the classifier is severely constrained, and only first

order polynomials are required for its approximation.

This observation prompted a search for a more direct method
to design a linear classifier, and the least-mean-square tech-
nique was chosen. Results obtained with this technique were
found to be superior to the best from Specht's classifier in

its polynomial form.

As to the different feature sets, a similar pattern has
emerged. The simplest, samples—as—features, has yielded the best
results. The technique adopted for feature selection seems to
be very valuable indeed, producing a simpler classifier with
improved performance. With a larger data set, the ability to use
a smaller number of features would also allow more confidence to

be placed in the results.

The dismal performance achieved with elements-as-features led
to the development of a tree-classifier operating under the assump-
tion of Markov dependence within symbol strings. Unfortunately,
the limited data set did not allow this classifier to be properly

evaluated, and this must await more data.

At this stage, these results must all remain open to dispute.
In the next chapter, work will be described involving the acquisition
of a larger data set, and the pursuit of the main questions raised

by this exploratory phase of the investigation.
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VALIDATION ON A LARGER DATA SET

4.1 Introduction

Chapter 3 has described exploratory work based on a small
data set from cold-rolled steel strip. This work has generated
certain unexpected results and suggested particular areas which
merit further attention. At the same time, a degree of insight
has been gained which suggests the elimination of certain lines

of attack, so as to examine more thoroughly the most promising.

Accordingly, the work reported in this chapter is concerned

primarily with the following topics:

(1) The relatively simple linear classifier has been shown,
on a small data set, to be as effective as, or more
effective than, the more complex polynomial scheme
of Specht - given suitable feature selection in
each case. Is this unexpected result merely an
anomaly due to insufficient data, or will it hold

true on a more substantial data base?

(2) Similarly, the very simple feature set which comprised
merely the raw digital samples across the defect
waveform, has been shown to be more effective than
the more complex set of geometric features - again,
on a small data set. Will this carry over to a

larger data base?

(3) The process of chain-encoding a defect waveform
achieves a significant reduction in its information
content. The encoded waveform, however, cannot be
used directly for feature space recognition, in
the same way as the original sampled waveform can.
The tree-classifier can classify directly the chain-
encoded waveform, but the results on a small data
set are equivocal. How will this classifier perform

on a larger data base?

(4) With each classifier, the system can be extended to
allow indecision (rejection of the waveform as un-
classifiable). If this is done, a reduction can be

achieved in the error-rate. For each classifier,

- 137 =



what trade-off is possible between the error-rate
and the reject-rate? In the limit, what percentage
of the waveforms must be rejected as unclassifiable,

if no waveforms are to be wrongly classified?

For topics (1) and (3), the study will be limited to the
geometric features and samples—as-features. The definition and
calculation of the geometric features can, however, be rationalised
and this will be discussed in Section 5.2. In addition, the
smoothing parameter in Specht's classifier will be optimised
through the approach typified by Fig. 3.18; this being the most
informative and versatile of the various strategies explored in

Chapter 3.

4.2 The Data Gathering Process

The problems involved in setting up a suitable data base
for the work described in this chapter have proved to be among
the most difficult and frustrating of those encountered in this
project. In retrospect, it seems that such problems are inherent

in work of this nature, and therefore merit a brief discussion.

The first task is to select and define the problem to be
tackled. This involves selecting a material for which good
surface inspection is important, for which existing (largely
manual) methods of inspection are not wholly satisfactory, and
for which a useful solution to the automatic inspection problem
seems possible. After consultation with staff of the SIRA Insti-
tute and the British Steel Corporation, it seemed that these
criteria were met by several materials, but that sheet tinplate

was probably the most suitable.

Perhaps the most important, and the most difficult, part of
defining the problem to be tackled is to agree on the defects to
be recognised, and the required accuracy of recognition. A whole
range of opinions is held by different interested parties, ranging
from 100% accuracy on every defect (about 30 types on tinplate) to
sorting the material into just two classes - accepted or rejected,
however these might be defined. Eventually, it was decided to

concentrate on no more than ten of the most common defect types.
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For recognition accuracy, a suitable standard was taken to be the
performance of a human inspector in a typical on-line environment.
Assigning a figure to this performance is fraught with difficulties,
not least for reasons of commercial secrecy. Nonetheless, a
reasonable estimate seems to be between 60% and 807 of the defects

on the surface detected and correctly identified.

Having defined the problem, it becomes necessary to gather a
suitable set of material to define the defects of interest, and
on which to evaluate candidate techniques. In this context, a
suitable set of material must contain a representative selection
of each defect type. The defect samples must not be especially
atypichl, and must be sufficient in number. Naturally, to do
this job properly requires considerable effort, not only by the
research worker, but also by production, inspection and research
staff of the manufacturer of the product. Such collaboration can
be difficult to achieve, especially when the manufacturing pro-
cess is fully stretched to meet demand, and must accordingly take
priority over research and development. Despite these difficul-
ties, approximately 30 sheets of tinplate, each about 1 metre
square, were diverted from the production line and identified by
BSC inspectors. Five main defect types were represented, with
each sheet containing several examples of, typically, two or
three different defects. These sheets were transported to the

SIRA Institute to be scanned.

The sole aim of the scanning process is to generate data as
closely representative as possible of the on-line situation. The
laser scanner described in Chapter 1 represents state-of-the-art
technology, and so it was decided to use this and to operate it as
near as possible to the on-line scan rate. To this end, the
scanner was connected via a fast analogue-to-digital convertor and
a direct-memory-access interface unit, to a PDP-11 minicomputer.
This allowed the scanner analogue output signal to be digitised
at a 1 MHz sampling frequency and held in the PDP-11 core store.
With this sampling frequency, the scan rate was set to 103 scans/
second, allowing approximately 1000 samples in each scan, i.e.
one sample per mm on the surface. The binary "trigger signal"

from the SIRA defect detection system was simultaneously sampled
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and stored. At the completion of a scan, the data was punched
on to paper tape for subsequent transfer to the University of
London Computer Centre (ULCC).

The scanner was mounted above a "rolling table" on which the
tinplate sheet was placed. The table was first positioned so
that the scan line was along the sheet leading edge, and the
computer instructed to digitise that scan and record it on paper
tape. The table was then manually adjusted to the next scan
position, according to a scale along its edge, and that scan
digitised and recorded. This process was repeated until the
entire sheet had been scanned. The scanning spot size was set
to about 1 mm by 1 cm and the table was moved by 5 mm between
scans. This gives, nominally, 50Z overlap of successive scans,
but since the spot intensity distribution is gaussian, rather

than rectangular, this measure is ill-defined.

With a sheet 1 m square, 200 scans were therefore necessary
to cover it completely. This required some three hours' effort,
and resulted in three full paper tapes being generated. It soon
became apparent that the paper tape input facilities at ULCC were
not suited to this quantity of data and that another input medium
was necessary. The obvious candidate was magnetic tape, and so
the paper tape data was transferred to magnetic tape using the

large ICL computer at SIRA, before being input to ULCC.

A certain amount of processing was necessary at ULCC to
complete the data gathering process. The magnetic tapes produced
were non-standard to the ULCC operating systems, and it was advan-
tageous to transfer the data on to standard ULCC tapes. Simul-
taneously, certain checks and corrections were applied. In parti-
cular, it was necessary to correct fbr a non-constant sampling
frequency during digitisation, by normalising the number of samples
in each scan of a sheet to the number in the first scan of that
sheet. This was achieved by an interpolation process between the

data samples actually recorded.

Each sheet (1 m square) yielded approximately 2.105 samples
of data, and some form of validation, to detect failures in the

overall data gathering process, was found to be necessary. A
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suitable visual presentation of the data from each sheet was
therefore devised, using the microfilm output facilities at ULCC.
This took the form of a pair of pictures produced from the recorded
data. The first picture of the pair displays the set of digitised
analogue scans, in a pseudo—perspective mode - produced by plotting
each scan shifted slightly with respect to its neighbour. Figure
4.1 shows such a plot. The second picture displays only the binary
trigger signals derived from the analogue data. This picture
has come to be known as a videoprint, and Figure 4.2 shows the
videoprint derived from the data of Figure 4.1. Each line of the
videoprint corresponds to a single scan, and the two levels of

the resulting delineation signal are represented as black and

" white, with black for defects.

These pictures have proved invaluable for debugging and main-
taining the overall system. Beyond this, however, they form an
essential aid to the identification of the defect signals within
the whole data set. This is achieved, primarily, by comparing
the videoprint to the actual tinplate sheet, in collaboration
with a person familiar with the defects. This allows the video-
print to be annotated as shown in Figure 4.3. With this informa-
tion, the signals representing the various defect classes can be

located and extracted for processing.

4,3 The Data Set

The data set for recognition studies consists of isolated
defect signals, and it is necessary to locate, delineate and iden-

tify these signals in the totality of data available.

In Chapter 3 doubts were expressed about the SIRA detection
system, insofar as it might be used to delineate (i.e. define the
limits of) the defect waveform. These doubts could not be resolved
then, because the detection signal was not available with that data
set. With the tinplate data, this signal was available, and its

effectiveness as a delineation signal could be examined.

Figure 4.4 shows a few defect signals, together with the res-

ponse of the SIRA detection system to these signals. It is clear
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that the detection signal has serious shortcomings for delinea-
tion. This matter will be pursued in Chapter 5, but for now the
problem must be overcome, since the defect signals cannot be
characterised without prior delineation. To this end, it was
decided to make use of the SIRA detection signal simply to locate
the defect waveforms in the data set, with the limits of each one

subsequently determined from a visual examination of the waveform.

In this way, a total of 500 waveforms were located, delineated
and identified by class. The identification process was based on
the marked-up videoprints (Figure 4.3) already discussed. The 500

waveforms covered five defect classes, as follows:

Defect class name Number of waveforms
Surface depression 58
Sand spots 55
Five-stand-ring 128
Lamination 153
Black dots 106

Total: 500

Surface depression is simply a "dent" in the surface, and yields

a fairly large, slowly varying signal.

Sand spots are medium size surface marks (dullness), comet-shaped
with a tail, and are caused by sand deposited on the underlying
steel surface during batch annealing. They yield signals of

fairly small duration and amplitude.

Five-stand-ring is a large linear defect, parallel to the edge of
the sheet, and caused by a deposit built up on the rolls of the

five-stand-mill (wherein the base steel is reduced in thickness).
Signals vary widely, and at one extreme resemble those from black

dots, whilst at the other they resemble those from mild laminationms.

Lamination is also a large linear defect, parallel to the sheet
edge, and present in the base steel. It is caused by air bubbles
trapped in the molten steel ingot. Lamination signals tend to be

of high amplitude with many subsidiary "spikes".

Black dots are literally small black dots on the tinplate surface.
Their origin is obscure. They yield signals which are short in

duration, but sometimes of high amplitude.
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Figures 4.5 and 4.6 show a selection of these 500 waveforms.

4.4 Signal Characterisation

As already described, two feature sets have been chosen for
this investigation, as well as the chain-encoded representation

scheme for the tree classifier.

4.4.1 Feature Set 1

the raw digital samples across the defect waveform.

This feature set was originally introduced as the simplest,
cheapest, fastest, etc., so as to provide a base~line datum
against which the more costly schemes could be gauged. In fact,
on the small data set, no other scheme yielded a performance
even as good as this ome, and this result clearly merits
further attention. The features have been slightly refined
for this main investigation, in that instead of taking simply
the value of the nth sample as the nth feature value, the
deviation of that sample from the mean of the first five samples
is used instead. This provides a level normalisation and
allows the feature vector to reflect more closely the waveform
shape. The cost to a hardware implementation of this extension
is small, since the local mean value can be derived with a

simple low-pass filter.

Two further features have been added in an attempt to cope
with the interclass variation which arises in scans which cover
different parts of the same defect. In this situation, scan
sections will make up an unbroken area on the videoprint and the
two features "consecutive scan number" and "first sample shift"
can be defined for each scan section. Figure 4.7 illustrates
these. The measure "first sample shift" is simply the along-
scan offset of the first sample of a scan section with respect
to the first section of the block. For isolated scan sections

the two measures reduce naturally to one and zero, respectively.

The sample deviations are zero-padded (as in the exploratory
study) where necessary, to make up 48 features, and the two addi-

tional features produce a vector of dimensionality 50.
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4.4.2 TFeature Set 2

geometric features of the waveform shape.

As described in Chapter 3, the four geometric features of
base width, amplitude, perimeter and area were used to charac-
terise a defect pulse, and these features were chosen primarily
for the ease with which they could be implemented using stan-
dard analogue hardware. Of the four , the worst in this respect
is pulse perimeter, and this measure also suffers from a cer-
tain ambiguity in its definition, as described in Section
3.3.2. For these reasons, a "pseudo-perimeter" measure has
been defined and used in its place. For a sampled waveform,
the pseudo-perimeter is especially simple, and is merely the
sum of the absolute differences between successive samples.

n-1

i.e. pseudo-perimeter =
k=1

kel xk!

where X k=1, 2, - , n are the waveform samples. For an
analogue realisation, the waveform must be differentiated, the
absolute value of the differential derived (full-wave rectifi-
cation), and that absolute value integrated over the waveform.
Notice that this pseudo-perimeter is the limiting value of the
true perimeter as the nominal value assigned to the intersample
gap tends to zero, and that the two measures reflect similar

properties of the waveform shape.

As well as this modification to the geometric feature

set, a number of extensions have been made:

(1) all possible ratios of the four basic features have
been added, as well as all possible "dimensionless"
ratios such as area{(width)z. Although this exten-
sion should be of little significance to the poly-
nomial classifier, it is of potentially great sig-
nificance to the simpler linear classifier, since
it effectively allows non-linear decision surfaces
to be realised in the basic, four-dimensional space

(see Section 2.3,5);
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(2) the location (sample number) of the minimum value
sample on the waveform has been added as a feature.
This is possibly of little significance, but would
allow waveform shapes such as L/ and \Jto be distin-
guished, which is otherwise not possible with the

geometric feature set;

(3) the two features of "consecutive scan number" and
"first sample shift", as described for feature

set 1, have been added.

With these extensions this feature set has dimensionality
25.

4.4.3 Chain Encoding

In the exploratory study, chain-encoding of the defect wave-
forms was used to produce measures for feature space analysis
(slope counts) as well as being used directly with a tree-
classifier operating under the assumption of Markov dependence
between chain elements. The feature space analyses did not
reveal any striking benefits from the features so derived,
and such features are among the most costly of those comsidered.
For this investigation, therefore, the application of the chain-
encoding scheme has been limited to the tree-classifier - to

which it is naturally suited.

A grid must be defined for the encoding process, and the
constraint that each waveform sample should lie on a vertical
grid-line has been retained. To choose the spacing between
horizontal grid lines, the same approach was taken as in the
preliminary study, i.e. the coded waveforms were plotted and
compared to the original. Figures 4.8 and 4.9 show two such
plots. In the preliminary study, a spacing of 31.10_2 was
chosen on a similar basis. That figure relates to scan data
scaled to lie between zero and one. In this main investigation,
this scaling has been discarded, so that the data lies between
zero and 255 (8 bits). The spacing of 3.10_2 therefore trans-
lates into 7.65, and the plots support this figure. A spacing

of 8.0 was therefore used.
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4.5 Feature Space Classification

With the 500 defect waveforms available, it is necessary to
estimate the classification performance on unseen data, for the
various classifiers and the various feature sets. To this end, the
data can be divided into a design set and a test set, as discussed
in Section 2.3.7. For this work, two separate design/test set
partitions have been used, giving two sets of performance estimates.
In general, the average of the two estimates will be presented
for each particular situation. For each partition, the design

set comprised 210 waveforms and the test set the remaining 290.

The results fall into two primary blocks - those with feature
set 1 and those with feature set 2. Within each of these blocks
a further important sub-division is made = results with indecision
prohibited and results with indecision allowed. Indecision is
prohibited by setting the cost of indecision, relative to the
error costs, so high that it can never become the optimal choice.
In this situation, the classifier is forced to assign the waveform
to one of the five defect classes, no matter how inconclusive is
the evidence. Throughout this work, uniform error costs have
been used, so that each class is treated equally for such assign-

ments.

In each of the sub-blocks, results will be presented for
Specht's potential function classifier and for the least-mean-
square linear classifier. In each case, the 210 sample design
set was used in the feature selection programs (without-
replacement-search), with selections based on the leave-one-out
performance estimates from that design set. This identified a
"best'" feature subset, a classifier design for use with that sub-
set, and an estimate of the performance to be expected on unseen
data. The design was then tested on the separate test set, and
the results compared. This procedure ensures that the test set
is totally hidden from the design processes, and thereby results

in the most reliable final estimate of classifier performance.
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4,5.1 Feature Set 1 (Samples—as-Features)

4.5.1.1 Indecision Prohibited

Table 4.1 summarises the performance of Specht's
potential function classifier. The figures presented are
average values over the two partitions. Feature normalisa-
tion to zero mean and unit average standard deviation per
class, prior to the design process, was applied. Figure

4.10 presents the same results graphically.
The following points are worthy of note:

(1) Unless the smoothing parameter is preset to a
very large value, performance on the design set
does not extrapolate to "unseen data'", as exempli-
fied by the test set. This is true for both the
exponential and the polynomial form of this

classifier.

(2) The polynomial form of the classifier does not
produce a performance comparable to that of the
exponential form, unless the smoothing para-

meter is, again, preset to a very large value.

(3) The performance figures converge to a value of
approximately 80% correct classifications, if
the smoothing parameter is preset to a value of
16'0'

Comparative results obtained with the least-mean-square
linear classifier are presented in Table 4.2. These are

superior to those of Specht's classifier in every respect.

These results, therefore, support the tentative con-
clusions drawn from the exploratory work of Chapter 3.
They suggest an interesting general conclusion: namely,
that a very flexible classifier, such as Specht's, poses
severe and possibly intolerable demands on the amount of
data needed to define a useful design. Such a classifier
is able, by its very nature, to accommodate an arbitrarily
complex distribution for each class. The problem is that

such complexity may be simply a reflection of the necessarily
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Percentage correct
classifications
Smoothin Number of
g features Design Test
pATiesar selected
Exp. Poly.| Exp. Poly.
form form form form
0.5 5 82 37 49 35
1.0 85 41 66 38
2.0 10 89 44 72 37
4,0 84 65 79 60
8.0 79 72 78 73
16.0 79 78 76 76
Table 4.1 Performance of Specht's Classifier
with indecision prohibited
(Feature set 1)
amber of | Pezcentage correct
features
selected Design Test
8 81 83
Table 4.2 Performance of the Linear classifier

with indecision prohibited
(Feature set 1)
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limited size of the design set. If this is so, then the
whole design process (including the selection of suitable
features) will have no validity in general, and perfor-
mance will not extrapolate to "unseen data". The effect

of pre-setting the smoothing parameter to a very large value
is to limit the power of the classifier to accommodate
complex distributions. The linear classifier is, of course,
inherently limited in this respect. In fact, the polynomials
produced by expanding the exponential form of Specht's
classifier, with the largest values of the smoothing para-
meter, could be truncated to be linear without affecting
their classificatory power. The higher order terms had

coefficients which were so small as to be effectively zero.

The Feature Subsets Selected: An essential part of the

design process is to select a suitable feature subset from
the set of candidate features presented, using a without-
replacement search. Two distinct design/test set partitions
have been used, and consequently two different feature sub-
sets were chosen in each situation. These two subsets
differ, in each case, only because a different partition

has been used.

If this design process is to be meaningful, then the
two subsets must be equally useful. Thus, either they must
be closely similar, or else their selection must be non-
critical. The latter proposition would imply the existence
of many suitable subsets, any one of which would yield
satisfactory performance. If neither proposition were valid,
the implication would be that each design was peculiar to
the particular partition used, and carried no validity in

general.

Consistency between any two subsets can be evaluated
by a simple count of the number of features which appear in
both, expressed as a percentage of the mean subset size.
This figure varies between zero and 337 for Specht's classi-
fier, for different preset values of the smoothing parameter,

and is 507 for the linear classifier. Close similarity

e



between the two subsets cannot, therefore, be claimed.

The remaining possibility is that the selection is
non-critical. If this is so, a feature subset selected
for any one design/test set partition should have general
validity, even though it may not be unique. It should
therefore yield comparable results if used with the other
design set, to classify the corresponding test set. To
test this, the subsets selected with the linear classifier
were evaluated, in this way, on their "alien" partitionms.
Results were 75% and 887% correct classifications with alien
partitions, as compared to 787 and 877 normally. These
differences are held to be insignificant, and to support the
proposition that many feature subsets exist, all of which

are equally useful.

For the linear classifier, the feature numbers, in

the order of selection, were as follows:

Partition 1 - [11, 20, 6, 13, 5, 10, 18, 49]

(where feature 49 is "consecutive
scan number")

Partition 2 - [11, 6, 22, 13, 15, 9, 16, 10]

These subsets are shown diagrammatically in Figure 4.11, and
the corresponding confusion matrices (on the test sets) in
Figure 4.12. The former figure shows a relationship between
the two subsets which is not obvious from their numerical
description, and the confusion matrices strengthen this
relationship, insofar as they reveal similar pattermns of
inter-class confusion. It therefore seems that the two sub-
sets are, indeed, functionally similar, although formally

distinct.

4,5.1.2 1Indecision Permitted

The results presented in the preceding section were
produced by setting the cost of indecision, relative to the
uniform error cost, so high that each waveform was neces-—
sarily assigned to a defect class. As the indecision cost
is reduced from this level, several changes can be antici-

pated:
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(1) some waveforms will be rejected as "undecid-

able" or borderline cases;

(2) the number of incorrect classifications will
fall;

(3) the number of correct classifications will fall.

Essentially, the system is permitted to indicate uncer-
tainty in the classification process, rather than merely
indicating the most probable class. The important gain is
that more confidence can then be placed in those classifica-

tions which still occur.

Figure 4.13 summarises the trade-offs obtained for the
two classifiers. With Specht's classifier, the smoothing
parameter was pre-set to 8.0, and for both classifiers,
these results are estimates from the design set, averaged

over the two partitioms.
Two points should be noted:

(1) the error rate for Specht's classifier can be
below that of the linear classifier, for a given
indecision cost. This is a mixed blessing,
however, because it is associated with a higher
reject rate and a lower correct classification

rate;

(2) with either classifier, if an error rate of vir-
tually zero is necessary, a correct classifi-
cation rate of less than 407 must be accepted
also. Accordingly, more than 607 of the wave-
forms will be rejected as undecidable. On the
other hand, an error rate of less than 107 can
be achieved with 60% correct classifications,

and this may be a better balance.

As already mentioned, Figure 4.13 presents the leave-one-
out performance estimates from the design set. With the cost
of indecision set greater than 8, the classifier is forced to
classify each waveform, no matter how inconclusive is the

evidence. In this case, therefore, extrapolation to the test
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set has already been evaluated in Section 4.5.1.1. A
similar extrapolation can be expected for other values of
the indecision cost. As a spot check, the performance of
the linear classifier on the test set was determined with
the cost of indecision set to 4. Results were 50% correct
classifications, 4Z incorrect classifications, and 46%
rejects. These figures do not differ substantially from

those presented in Figure 4.12.

4.5.2 TFeature Set 2 (Geometric Features)

4.5.2.1 Indecision Prohibited

Table 4.3 summarises the performance of Specht's
potential function classifier, in the same way as with
feature set 1, and Figure 4.14 presents this performance

graphically.

These results exhibit the same general characteristics
as those with feature set 1 (Figure 4.10), and the comments
made there will not be repeated. There are, however, a few

significant differences:

(1) with the smoothing parameter preset to a value
less than 8.0, the performance of the poly-
nomial form is worse with this feature set than

with feature set 1;

(2) performance extrapolation from design set to test
set is, perhaps, somewhat better with this

feature set, implying better waveform clustering.

Table 4.4 presents the comparative results obtained with
the least-mean-square linear classifier. These are no worse

than those with Specht's classifier.

The Feature Subsets Selected: The discussion presented

for feature set 1 applies equally here, and the same evalua-

tion can be applied.

Consistency between feature subsets, evaluated as the

percentage of common features, varies between 20% and 33%
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Percentage correct
classifications
g thi Number of
HOGEAARE features Design Test
PAreNe cas selected
Exp. | Poly. | Exp. Poly.
form form form form
0.5 o 90 24 68 23
1.0 6 88 28 77 24
2.0 9 87 25 67 17
4.0 9 86 54 79 58
8.0 8 84 75 80 76
16.0 9 82 81 80 79

Table 4.3 Performance of Specht's Classifier
with indecision prohibited
(Feature set 2)

Percentage correct
Number of classifications
features T
selected Design | Test
10 86 80

Table 4.4 Performance of the Linear Classifier
with indecision prohibited
(Feature set 2)
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for Specht's classifier, and is 20% for the linear classi-
fier. As before, these figures do not reveal much simi-

larity between the selected subsets.

To see whether the selection is critical, evaluation
on alien partitions was used, as before, with the linear
classifier. The results were 857 and 787 correct classifi-
cations, as compared to 83% and 77% normally. Again, these

differences are held to be insignificant.
For the linear classifier, the subsets themselves were:

Partition 1: P/Ar, Am/Ar, Am, Am?/Ar, BW/Ar, P2/Ar, Min,
Ar/BW, BW/Am

Partition 2: Ar/BW, Ar/BW2, Ar/P2, Ar/Am, Am/Ar, Am/BW,
Ar/Am?2, Am/P, BW2/Ar, Ar

where BW = Base Width
Am = Amplitude
P = Pseudo-perimeter
Ar = Area

Min = Location of minimum sample.

Notice the clear preference for functions of the four
basic features, rather than simply the basic features them-
selves. This preference was less marked in the subsets
selected for Specht's classifier. For example, on Partition 1
with the smoothing parameter preset to 4.0, nine features
were selected for Specht's classifier, including all four
basic features plus the consecutive scan number and the
first-sample-shift. This accords well with the underlying
theory of the two classifiers, and emphasizes the importance
of including features in the candidate set which allow for
any inherent limitations of the classifier which is to be

evaluated.

Figure 4.15 shows the confusion matrices generated by
the two feature subsets. As with feature set 1, the two sub-
sets generate similar patterns of inter-class confusion,
although, with this feature set, the performance achieved on
Partition 2 (77% correct) is significantly worse than on

Partition 1' (83% correct).
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4.5.2.2 Indecision Permitted

The discussion presented at the beginning of Section
4.5.1.2 applies equally to this feature set, and will not

be repeated here.

Figure 4.16 summarises the trade-offs obtained with
this feature set, under the same conditions as with feature
set 1 (Figure 4.13). With both feature sets, the results
exhibit the same general characteristics. There is, how-
ever, a curious difference between the two classifiers
which, although evident with feature set 1, is more pro-
nounced with this feature set. This is that the correct
classification rate falls more rapidly with Specht's classi-
fier, as the cost of indecision is reduced, than with the
linear classifier. A close study of Figure 4.16 shows that
this difference springs from a pre-disposition, on the part
of Specht's classifier, to reject waveforms as unclassifiable.
It seems likely that this is related to the preset value of

the smoothing parameter (8.0 in this case).

With the linear classifier, performance with this
feature set is significantly better than with feature set 1.
For example, with an indecision cost of 4, 687 correct clas-
sifications result with 28% rejects. With feature set 1,

the corresponding figures are 547 and 427.

As a spot check on the extrapolation of these results
to the test set, the performance of the linear classifier was
determined with an indecision cost of 4, as for feature set 1.
Results were 65% correct classifications, 97 incorrect clas-
sifications, and 26Z rejects. These figuresare substantially
the same as the estimates from the design set presented in

Figure 4.16.
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4.6 Classification of Chain-Encoded Waveforms

To evaluate the tree-classifier, based on the assumption of
Markov dependence between the elements of a chain-encoded defect
waveform, the same two design/test set partitions as were used
with the feature space classifiers, have been used. For this
classifier, the design process is one of estimating the required
transition probabilities for each class, as simple relative
frequencies in the design set. The testing process uses the esti-
mated probabilities to classify the test set waveforms. As before,
the test set is completely hidden from the design process, so as
to yield the most reliable estimate of classifier performance on
"unseen" data. Where performance figures are presented for the
design set, these are the "leave-one-out" estimates, and unless

otherwise stated, are average values over the two partitions.

As in the exploratory work of Chapter 3, two versions of the
tree classifier have been studied. Both of these versions assume
homogeneity of the various transition probabilities throughout
the waveform. In the first version, successive elements of a
chain-encoded waveform are assumed to have been generated by a
first order Markov process, and in the second version by a second
order Markov process. For a fuller discussion of these principles,

the reader should consult Section 3.5.

Table 4.5 summarises the results obtained under the assumption
of first order dependence, and Table 4.6 the results for second
order dependence. Figures 4.17 and 4.18, respectively, present

the test set figures graphically.

For both versions of the classifier, the design set performance
estimates are close to the corresponding performance figures on the
test set, which lends credibility to both sets of figures as pre-

dictors of future performance.

There are clear differences between the performances of the
two versions of the classifier, particularly for higher values of
the cost of indecision. These are most clearly revealed in the
graphical presentations of Figures 4.17 and 4.18. The second
order classifier rejects 18% of the waveforms as un-classifiable,

even for indecision costs of 8 and higher. For values greater than 8,
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(second order dependence, indecision
permitted) ¢

=r173 =

Percentage classifications
inEZizszgn Design Test
Correct | Incorrect | Reject | Correct |Incorrect | Reject

8 64 36 0 68 32 0
7 64 36 0 68 32 0
6 62 34 4 66 29 5
5 56 23 21 59 23 18
4 48 15 37 52 16 32
3 40 51 45 10 45
2 35 60 39 54
1 30 68 33 4 63

Table 4.5 Performance of the Tree-Classifier

(first order dependence, indecision
permitted)
Percentage classifications
Cost of
indecision Design Test
Correct | Incorrect | Reject | Correct |Incorrect | Reject

8 57 34 9 53 29 18
7 57 34 9 53 29 18
6 57 34 9 53 28 19
5 54 29 17 50 26 24
4 2l 26 23 47 22 31
3 46 22 32 43 18 39
2 42 17 41 39 1 48
1 37 3D 50 34 11 55

Table 4.6 Performance of the Tree-Classifier
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a waveform can be rejected in this way only if the computed
class—conditional probabilities (P(E/W;) of Section 3.5) are
strictly zero for all classes. These probabilities are computed
as the product of the appropriate transition probabilities for
the coded waveform, and a zero value for any one therefore ensures
a zero product. The tramsition probabilities,as already mentioned,
are estimated as relative frequencies in the design set, and a
zero value means simply that such a transition has not been
observed. We therefore have the same problem as was encountered
in the exploratory work of Chapter 3; namely, insufficient data
for the estimation process. This problem does not seem to be
present with the first order classifier, since all waveforms

are classified with an indecision cost greater than, or equal to,
7. In this context, it is worth restating the figures presented
in Section 3.5 for the number of transition probabilities which
need to be estimated for each version of the classifier. These

are:

first order - 30 per class, or 150 in all;

second order - 155 per class, or 775 in all.

The second order scheme is substantially more demanding in this
respect, and this problem is closely related to the problems of
Specht's feature space classifier, as compared to the linear

classifier.

Although the first order version of the tree-classifier does
not suffer from these difficulties, its best performance remains

below that of the linear feature space classifier.

Figure 4.19 shows the confusion matrices on the test set,
for both versions of the tree-classifier, with the cost of indeci~
sion set to 8. These give the general impression of substantial
inter-class confusion, even though the first order matrix repre-
sents 677 correct classifications. In both cases, the two classes
most confused are Black Dots and Five-stand-ring, which is in

accordance with the feature space results.
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Figure 4.19
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4,7 Summary and Conclusions

The work reported in this Chapter has been concerned with the
further investigation of several lines of enquiry suggested by the
exploratory work of Chapter 3. The results obtained in the explo-
ratory work were unexpected but strictly tentative, because of the
small data set on which they were based. Nonetheless, the results
obtained in this chapter support, almost in their entirety, those

tentative results.

Three classifiers are involved, two based on feature space
techniques and a tree-classifier devised specifically for
symbolic, non-quantitative data. The feature space classifiers
have been evaluated with two distinct feature sets (which will
be referred to as "samples" and "geometric", respectively) and
the tree-classifier with symbol strings derived by chain-encoding
the defect waveforms. All three classifiers were extended from

the form used in the exploratory study, so as to allow indecision.

The evaluations have been hased on a data set composed of
500 defect waveforms from 5 defect classes on sheet tinplate.
Two distinct design set/test set partitions were used with, in
each case, 210 waveforms in the design set and 290 waveforms in
the test set. In general, evaluations are based on performance
figures averaged over the two partitions. In all céses, care
has been exercised to ensure that the test set data was completely
hidden from the design processes. In particular, the temptation
to modify a design after seeing results on the test set, and
thereby to "try again', has been resisted. The main results will

now be summarised.

Specht's classifier, with the smoothing parameter preset to
a value less than about 8.0, does not yield useful results.
Despite very promising performance estimates from the design set,
test set performance was universally poor. With the smoothing
parameter preset to a value of around 16.0, better results were
achieved, although in this case, the resulting polynomials were
essentially linear. This seems to discard the basic advantage
of Specht's technique; namely, the ability to cope with complex,

multimodal class distributions in the feature space.
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With the smoothing parameter preset to 8.0, and with
indecision made possible by reducing its cost, Specht's clas-
sifier shows a strong tendency simply to reject waveforms as
unclassifiable. Thus, compared with the linear classifier, fewer
waveforms are correctly classified, fewer incorrectly classified,

and more rejected, for indecision costs less than about 7.

In all circumstances, the linear classifier performed as
well as, or better than, Specht's classifier. Figure 4.20 brings
together test set results for the two classifiers and the two
feature sets, with indecision prohibited. When these results
are coupled with the inherent simplicity of the linear classifier,
in both software and hardware realisations, it seems overwhelmingly

to be the first choice for this application.

Consider now the two feature sets which have been evaluated.
With the linear classifier, Figure 4.20 suggests a slight pre-
ference for samples-as-features. When indecision is allowed,
however, a stronger preference emerges for geometric features.
For example, with the cost of indecision set to 4, and using
samples—-as—-features, test set results are 50% correct classifi-
‘cations and 47 incorrect. With geometric features, equivalent
results are 657 correct classifications, and 9% incorrect. On
balance, considering only the performance achievable, the geo—
metric feature set has the advantage. The question of a prac-
tical implementation, however, must also be considered. For
samples-as-features, this need be no more than a simple sampling
scheme, whereas for geometric features, differentiators, inte-
grators and function generators are required. In this light, there
seems to be no clear preference, overall, for either set of
features.

Despite these results, it may still be difficult to accept
the effectiveness of a feature set which does little more than
sample the waveform at a few selected locations. To this end,

two aspects of this procedure are worth discussing:

(1) Because of the "zero-fill" technique applied to short-
duration waveforms, so as to make up to 48 sample

values, the base-width (duration) of such waveforms
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Figure 4.20 Test Set results with

indecision prohibited
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is accessible through these zero values. Thus, if
sample number K is found to be zero for a particular
waveform, it is likely that the waveform has a base
width of less than K samples. Furthermore, since
each feature is measured as a deviation from the .
average value of the first five samples, a value

close to zero carries a similar implicationm.

(2) Two or more samples, spaced not too far apart on a
waveform, can reflect the rate of change of the signal
in that region. Such rates of change would seem

to be powerful characterisers of waveform shape.

Turning now to the tree-classifier for chain-encoded wave-
forms, the first order scheme has yielded better classification
than the second order alternative. Even so, the results are
substantially inferior to those of the linear feature space
classifier. Since the encoding process would require ccmplex,
special-purpose hardware for an on-line implementation, this
observation is particularly damaging. The second order scheme
suffers from having insufficient data for the design process, and
a parallel can be drawn with the problems encountered with Specht's

feature space classifier.

It seems that complex classifiers should be viewed with some
scepticism. The idea that a design based on one set of data will
extrapolate to another (unseen) set of data assumes the existence
of some underlying structure which has been captured by the
design process. This assumption becomes less tenable as the

complexity of the design increases.
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5.1 IMPROVED DEFECT DETECTION AND DELINEATION

5.1 Introduction

In previous chapters the shortcomings of the processing system
used by the SIRA Institute for defect detection have been described,
insofar as that processing is to be followed by recognition pro-
cessing. In particular, the SIRA system does not provide a good
indication of the limits of each defect waveform. Since the
features which have been considered depend, for their measurement,
upon these limits, it has proved impossible to use the SIRA
system to delineate (i.e. define the limits of) the defect wave-
forms. In the work described, this problem has been avoided by
the simple expedient of using the SIRA system to detect and locate
the defect waveforms within the data set, but then delineating
those waveforms by hand, after a visual examination of each one.
Figure 5.1 shows a selection of the 500 waveforms with their
delineation so determined. If this delineation could be achieved
without human intervention, the entire inspection process, from
surface interrogation to defect recognition, would be fully auto-

matic.

The work to be described does not aim for "optimum" delinea-
tion, primarily because such a concept is not well-defined.
Consider, for example, a defect caused by surface discoloration
or staining. For such defects, a well-defined boundary does not
exist. Instead, a boundary region exists, within which the limits
determined by delineation processing must fall. Variation within
this region must be expected, and subsequent recognition processing
must be tolerant of such variation. The manual delineation upon
which recognition processing has been based, was naturally subject
to similar variation, and the recognition results already pre-

sented suggest that sufficient tolerance can be achieved.

Instead of aiming for "optimum'" delineation, the work has
aimed to reproduce, as closely as possible, the results of the
manual process described. Results have therefore been judged
against those delineations previously determined for recognition

processing, and selectively illustrated in Figure 5.1.
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Although the primary aim of this work is to automate the
delineation process, the strategies considered provide inherently
for defect detection as well. Because of this, they have been
evaluated for their detection performance, as well as for their
delineation performance. The latter has been judged, as already
described, against the results of the manual process, but an

attempt has been made to provide a quantitative evaluation of

their detection performance. The problems encountered in this
attempt are fundamental to the detection problem, and will be

discussed in Section 5.3.

5.2 Signal and Noise Characteristics

The detection and delineation problem can be treated as one
of detecting and extracting a signal (the defect waveform) from
noise. As such, its solution must be based upon the characteris-

tics of the signal and the characteristics of the noise.

Of the signal, little can be said. It takes the form of a
negative-going "pulse" caused by the deflection, scattering or
absorption of the incident light energy. In this context, the
term "pulse" is used simply to denote that the signal level falls
and then rises again. This signal variation, referred to the
inspected surface, may occur over a fraction of a millimetre at
one extreme or over tens of centimetres at the other. Pulse
amplitude is equally variable, although if it is too small it

becomes wholly indistinguishable from the noise.

Concerning the noise, three substantially independent sources

can be identified:

(i) Electrical - arising from photo-multiplier shot-noise
and from the electronic circuitry. Photo-multiplier
noise is a serious problem with the flying image
scanner, but with the laser scanner it has been reduced
to a negligible level, Similarly, noise from the

electronic circuits is not significant.
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(ii) Optical - arising from the vagaries of the optical
system. In particular, the mean signal level along
the scan is not constant, being higher at the scan
centre than at the edges. This variation is most
significant with the flying-image scanner, but is
still present with the laser scanner. It rules out,
for example, a simple comparison of the scan against
a constant threshold, so as to detect "significant"

deviations.

(iii) Surface structure - arising from innocuous variations
of the inspected surface. This noise is generated
by any surface which is not "mirror-perfect", and is
a primary source of signal variation. It can be said
that the inspection process is essentially one of
distinguishing unacceptable variations of surface
structure from acceptable variations, and the boundary

between the two is frequently ill-defined.

For this problem, an important characteristic of the composite
noise signal is its spectral content, coupled with any variation
of that content in time. The power spectrum of a signal can be
calculated via the Fourier Transform, and its variation in time
would be to some extent revealed by scan-to-scan variations of
that spectrum. However, any consistent variation during a scan
would be of interest, and this can be revealed by simply dividing
the scan into a few sections and calculating the spectrum indepen-
dently for each section. Accordingly, scans were divided into
five sections each and the power spectrum calculated for each one.
Although many such scan sections are not free from defect signals,
these usually occupy only a small fraction of the section and the
resulting spectra can therefore be considered to be predominantly

due to the noise. Typical results are shown in Figures 5.2 and
5.3

In these results, the full-line spectrum is the raw estimate
and the dotted line spectrum is the estimate after applying a
Hanning smoothing filter. This filter reduces spurious effects
due to the finite length data records, and the smoothed estimate

can be considered the most reliable (ref, 29).
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Because the spectra are plotted to a logarithmic y-scale,
some care is necessary in their interpretation. However, apart
from a large and variable low-frequency content, these results
suggest that the noise is substantially white and time-invariant.
Equivalently, apart from the low-frequency content, successive
samples of the scan are essentially independent. Considering the

scanning process, this is not too surprising.

5.3 Alternative Strategies

Three strategies were considered for defect detection and

delineation:

(1) a modification of the current SIRA system so as to
improve its delineation performance. As described
in Chapter 1, the current system compares the res-
ponse signal with a reference signal, derived by low-
pass filtering and then attenuating the response
signal. The poor delineation performance of this

system can be attributed to two factors:

(a) the reference signal tends to follow the signal
due to a defect, especially on a large area, low

contrast defects yielding a slowly varying signal;

(b) because of the attenuation, the crossing points
between the response signal and the reference can

never enclose the complete defect waveform. This is
especially significant on those defect signals which

only just cross the reference.

The second factor can be eliminated by comparing the
response signal against the un-attenuated reference
signal, as well as against the normal attenuated
reference. Crossings of the un—attenuated reference
will, of course, occur frequently in each scan, but
may be ignored until they bracket crossings of the

attenuated reference.
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(2) The SIRA system can be described as one in which the
response signal is low-pass filtered to yield a
prediction of that signal a short time ahead, under
the assumption that the inspected surface is defect-
free. If the response signal then deviates signifi-
cantly from its predicted value, a defect is indicated.
The techniques of time series prediction can be applied
to the sampled response signal to predict future
values (ref.30). By monitoring the prediction error,
the presence of a defect may be detected by an un-
usually large value of that error. A common approach
is to predict future values as a linear weighted sum
of past values of the time series (ref.30). This pro-
vides a link with the current SIRA system, since a
low-pass filter in digital form is also a linear
weighted sum of past values, with the weights exponen-
tially related. A low-pass filter is therefore a parti-
cular example of this prediction technique. The poten-
tial of such systems for defect delineation is analogous
to that of the SIRA system, with the extension already

discussed.

(3) A quite different approach based on the techniques of
matched filtering. A bank of filters may be designed
to match the range of defect waveforms encountered.
Each filter would yield a significant response only
to waveforms similar to the waveform to which that
filter was matched. By comparing the filter responses
to a detection threshold, such waveforms could be
detected. By further comparing the filter responses
against each other, it should be possible to decide
which of the various match waveforms was most closely
represented in the input signal. Knowing this, and the
time-relationship between the filter response and the
input signal, the detected waveform could be located

and delineated in time.
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These three strategies were simulated digitally and evaluated
on the recorded data from the laser scanner. To obtain a quanti-
tative evaluation of their capability for defect detection, a set
of 100 signals was identified in a subset of the data, as signals
which should be detected by such systems. Failure to detect any
one of these 100 signals was therefore recorded as a "false
negative'. Conversely, any signal which was detected, but which

was not included in those 100, was recorded as a "false positive'.

This approach falls short of an objective evaluation, because of
uncertainty in the a-priori selection of the 100 defect signals.
In reality, there is no clear distinction between defects and
non-defects. Instead, there is a continuous spectrum of surface
marks (and corresponding response signals) ranging from the most
severe defects through to normal, innocuous surface structure.

The point in this spectrum at which a defect detection sub-system
should cease to indicate a defect, is far from being well-defined.
Because of this, a large proportion of the signals which were
identified as having arisen from a defect were barely distinguish-
able from signals which were not so identified. Figure 5.4 illus-

trates the problem.

This problem cannot be resolved by appealing to a functional
definition of what constitutes a defect, or to the judgement of
trained human inspectors. Consider, for example, that some materials
are produced with liberal surface lubrication. From either a
functional viewpoint, or from an inspector's judgement, the resulting
surface contamination does not constitute a defect. Nonetheless,
this contamination is likely to produce clear response signals when
scanned, such that no reasonable detection sub-system could ignore
them. Instead, these signals would need to be passed on for recog-
nition processing, recognised as having arisen from surface lubrica-
tion, and then rejected. Thus, whilst overall system performance
can be judged against such criteria, the performance of internal

sub-systems cannot.

Nonetheless, on the grounds that even questionable quantitative
results are better than none at all - provided the limitations are

clearly understood - this approach was pursued.
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The digital simulations were set up as follows:

(1) The modified SIRA system was simulated using the design
technique of "impulse invariance" (ref. 31).
The two parameters, filter time-constant and attenua-
tion factor, were adjusted so as to optimise the

detection performance.

(2) The time-series predictor was simulated as a first-
order system, with parameters updated at each obser-
vation. With this predictor, the current observation
is multiplied by a weight factor to predict the next

observation:

Zeel T e
where Zl, 22: veess 18 the time-sequence of observa-
tions, and Zk is the predicted value of Zk.
The weight factor, ¢k’ is determined such that if it
had been used over all observations up to and including
the current one, it would have yielded minimum dis-

counted sum of squared prediction errors.
i.e. set ¢k to minimise
k

o e A S o

ez- I(Z'Z)B ’
r 5

r=1
where B(< 1) is the discount factor.
As before, the predicted values were attenuated to
provide a detection threshold. The two parameters,
discount factor and attenuation factor, were adjusted

so as to optimise the detection performance.

(3) The bank of matched filters was simulated as a bank of
correlation detectors, as discussed in the following

sections of this chapter.

For defect detection, the following results were thereby

obtained:
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(1) Modified SIRA system -

11 false negatives
14 false positives

24 "border line" false positives.

(2) First-order time-series predictor =

25 false negatives
77 false positives

79 "border line" false positives.

(3) Bank of matched filters -

6 false negatives
6 false positives

65 "border line'"false positives.

The inclusion of "border line" false positives in these
results requires an explanation. These were signals which, although
they had not been included in the a-priori selection of 100 defect
signals, could easily have been (i.e. they were very close to the
dividing line). In this respect, they were quite distinct from
those detections recorded as definite false positives, and should

be so regarded.

Within their limitations, these figures indicate the superiority
of the matched filter bank for defect detection. Moreover, for
defect delineation, the matched filter bank was the only one of the
three strategies to show any real promise. The time-series pre-
dictor failed because the sequence of first-order predictions did
not resemble, in any degree, a smoothed version of the signal. It
seems that a higher order predictor would be required for this,
and this would greatly increase the on~line computation required
to update parameters. The modified SIRA system was better, but
could not adequately separate defect signals from noise with a

single low-pass filter.

Consequently, the matched filter system was selected for
further investigation, and the remainder of this chapter is devoted
to At
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5.4 Matched Filter Theory

The matched filter occupies a prominent position in the
theory of signal detection. It is the optimum linear filter for
deteéting a signal of known form in the presence of additive
white noise (ref. 32 . The theoretical development may be sum—

marised as follows:

Let s(t) be the signal to be detected, with Fourier Transform
S(w) .

Let r(t) be a composite signal of the form

r(t) = s(t) + n(t)
or r(t) = n(t),
where n(t) is white noise with power spectral density,
Pn'
The detection problem is that of distinguishing between these two
possibilities for r(t). This is to be done by applying r(t) to

a linear filter, and examining the filter response. An optimum

filter is taken to be one which maximises the "signal to noise

ratio" in the filter response.

Let h(t) be the impulse response of the filter, with Fourier
Transform H(w). '
Then the response of the filter to the signal alome is

Ss(t) = h[ s(t)h(t - 1)dt

-0

and the response of the filter to the noise alone, in mean square,

> P .IH(w)[2

1s

2 dw

-0

The signal to noise ratio is defined as

2(t)
R(t) = .gs_

gnz(t)
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and is to be maximised at some arbitrarily chosen observation
time, t = Tl'

This maximisation is achieved, over all h(t), when

h(t) = a s(Tl -t) S S e W et ek (5.4.1)

where a is an undetermined gain factor.
In the frequency domain, we have

H(w) = a s*(wye 1971 g S St L LT AT

where S*(w) is the complex conjugate of S(w).

If h(t) is to be physically realisable, we must have

4

h(t) = 0 for t < 0.

From equation (5.4.1), therefore, the observation (delay) time,
Tl' must be chosen so that s(t) = 0 for t>-T1.
This development is not concerned with preserving the signal
waveform in the filter response. On the contrary, it is concerned
with optimally distorting the waveform, so as to compress its

energy into the response at time t =T This distortion allows

1.
the signal to be detected by thresholding the filter response at

time t = Tl' but complicates the delineation problem.

For a linear filter with impulse response h(t), the convolution

integral gives the response to an arbitrary input, x(t), as

y(t) = .JP x(t)h(t - 1)dr.
-0
For the filter matched to a signal, s(t), we have

hi(t) = a s('l‘1 - t)
therefore

hit - 1) = o s(T1 -t + 1)
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therefore =
y(t) =J. x(1) o s(Tl -t + 7)dr

therefore

y(Tl) = uf x(t)s(t)dt

and 1if s(t) = 0 for t > T1

and x(t) =0 for t < O

we have

T
1

?(Tl) = aJ. x(t)s(t)dr,
o

i.e. a correlation detector.

In other words, the matched filter may be implemented by
multiplying the incoming signal, x(t), by the signal to be

detected, and integrating the result.

The discussion so far is appropriate to a waveform which is
completely known. In practice, we are interested in a defect
signal of indeterminate amplitude which may be located anywhere
within the scan. Only the signal waveform can be assumed known,
say s(t), as before. The actual defect signal, therefore, has
unknown parameters of amplitude and time location. Denoting this

signal by d(t), we have
d(t) = B.S(t o to)o

Consider the filter matched to s(t). The response of this
filter to the defect signal is:

o d(t)s(T1 -t + 1)dr

v (t)

= a.BL[. s(t - to)s(T1 -t + 1)dt
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where RSB(T) is the autocorrelation function of the signal s(t).
RBS(T) reaches a maximum at T = 0, and we can therefore search

ys(t) for such a maximum, say at t = t - We then have

tm-to—Tl = 0

therefore to = t =T

This locates the defect signal in time, and since its wave-

form is known, this also determines its limits (delineation).

These expressions for to and B8 do not, however, allow for the
defect signal, d(t), being corrupted by noise. Assuming this
noise is additive, we have the filter response to a noisy defect

signal as simply

y(t) = ys(t) +yn(t).

with ys(t) = a.B.Rss(t = Tl)’ as before, and yn(t) due to noise

alone. The effect of yn(t) will be to introduce errors into the
location and measurement of the peak of ys(t). The magnitude of
these errors will, of course, depend on the relative energy of

ys(t) and yn(t), or, in other words, the signal to noise ratio in

the filter response.

The correspondence between this theory and the surface inspec-

tion problem is limited by two factors:

(1) the noise is not precisely white, and may not be

additive

(2) the defect signals are not precisely known,even in

their waveform.

Noise characteristics have been discussed in section 5.2, and

an attempt to cope with the large and variable low-frequency content
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described there will be discussed in section 5.5.

The second factor demands an extension to the basic matched
filter scheme. Although all defect signals are roughly "pulse-
like", they are known to vary in duration by an order of magni-
tude, at least. Any single waveform, therefore, can be expected
to represent only a limited subset of these signals, and a number
of different waveforms will be necessary to represent the whole
range. This situation is analogous to those communication prob-
lems where any one of a number of different signal waveforms may
be transmitted, and the receiver must determine which one, if
any, has been received (M-ary communication, as opposed to
binary). This suggests the use of a bank of filters, with each
one matched to one of the possible signals. The filter responses
may be compared with a detection threshold to determine if any
signal is present, and if so, against each other to determine
which one (ref. 33). Having done this, delineation can proceed

as though only that filter was in use.

The validity of this scheme for surface inspection will
depend upon the quality of approximation to actual defect signals,
offered by a small number of precisely defined pulse waveforms.
This can only be determined empirically, and a simulation was

therefore set up for further investigation.

5.5 Simulation and Results

As discussed in section 5.4, a matched filter can be imple-
mented as a correlation detector. To detect a signal of known
waveform located anywhere within a scan, the signal must be cor-
related with all parts of the scan and peaks in the correlation
detected. Essentially, the signal is used to "search for itself"

in the incoming data.
In a digital simulation, this is a straightforward procedure.

Let Sy k=1; 2, = , n be the sampled values of the signal

to be detected (the match waveform).

Then the response of the filter to any n_ samples of the input
signal
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is is simply

Y. = z x£‘+k Sk " e e e R I R R R R R .. (5-5-1)

A simple analysis reveals the following important properties:
Ng
(i) if the match waveform has zero mean, so that Z B ™ o,
k=1
then the filter response is zero for any constant

input, X =C and is unchanged for any input by a

shift in that inputs mean level;

(ii) if the match waveform is symmetrical and has zero mean,
then the filter response is zero for any linear ramp
input, X @ k, and is unchanged for any input by
superimposing a ramp upon that input (see Appendix
5.1).

These two properties ensure that the filter output is essen-—
tially independent of the low-frequency content of the input
signal. The signal from the laser scanner, due primarily to the
scanner optics, is known to exhibit a large and variable low-
frequency content, as shown by the spectral analysis of section
5.2. These properties are therefore especially significant, and

symmetrical zero-mean match waveforms have been used.

Initial experiments with different shapes of match waveform
suggested that the precise shape used was not particularly signi-
ficant, primarily because any shape can only approximate to that
of the defect signals actually encountered. A set of triangular
waveforms was therefore adopted, and these are shown in Figure 5.5.
With these six waveforms, a satisfactory response was found to be
produced from at least one filter, for virtually the entire range
of defect signals available. In this context, a response was
held to be satisfactory if it was significantly above the general
noise level at the filter output. Figure 5.6 shows a typical
result. (In this figure, each filter output has been shifted
in time so that each output value aligns with the centre of the

section of the input signal which has generated it.)
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FIGURE 5.5 - THE SIX TRIANGULAR MATCH WAVEFORMS.
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Whilst this is sufficient for defect detection, it does not
test the capability of the system for defect delineation. For
detection, it is enough that any filter yields a response above

its detection threshold. For delineation, the most appropriate

test (best match) filter must be selected by comparing the filter out-—

puts puts against each other. This comparison will be critically

tor, affected by the relative filter gains. With a correlation detec-

€8’  tor, gain is determined simply by the scale of the stored wave-
form, s(t). So far, the only conditions imposed on this wave-
form have been those of symmetry and zero mean value, which do

not, of course, determine its scale.

It can be shown (ref. 32) that the response of a matched
filter to its match waveform is proportional to the waveform
energy, and this is evident for the correlation detector realisa-
tion. For the initial work, therefore, the stored match waveform,
s(t), in each filter, was adjusted in scale to have unit energy,
80 as to ensure a filter response of unity to a perfect match.

As already discussed, the results were evaluated in terms of a
response significantly above the general noise level at the

filter output. Unfortunately, however, the noise level from each
filter was different, and a different detection threshold was
therefore necessary for each one. In effect, the filter gains
were not compatible in this respect, despite the common normalisa-

tion for unit energy.

This lack of compatibility became still more obvious when
the filter responses were compared to find the best match for
delineation. It was immediately apparent that a simple comparison
to find the largest output would not be satisfactory. After some
experimentation, it was found that good delineation could be
achieved if each filter output was first divided by its corres-
ponding detection threshold, before being compared to the others
to find the largest. This implied that the empirically determined
thresholds could be used to scale the gain of each filter, so as
to allow a single common threshold thereafter, together with
simple comparisons to find the best match. Such simplicity would
be very valuable in an on-line system, but this empirical procedure is

an unsatisfactory way of achieving it. In particular, if any of the
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filters were changed, or if further filters were added, the scale
factors would need to be determined again empirically. A standard
normalisation procedure, applicable to any filter, would be more

satisfactory.

Eventually, such a normalisation procedure was found. This
was to adjust the stored match waveform for each filter so as to
yield a response of unit amplitude to a waveform which was per-
fectly matched, but itself of unit amplitude. The normalisation

parameters for this procedure are derived in Appendix 5.2.

With such a normalisation, the amplitude of each filter out-
put is equal to the amplitude of its input, providing that the
input waveform is a (scaled) perfect match. For such inputs, a
common threshold at the filter outputs can be interpreted as a
common threshold on the input signal amplitude. With the tri-
angular match waveforms, Fig. 5.7 shows the set of signals which
would be treated identically for detection purposes, under this

normalisation.

The normalisation was implemented and the filter outputs
compared with those obtained with the original (unit energy)
normalisation. The ratio between the two outputs was used to
scale the original detection thresholds, so as to give equivalent
thresholds with the new normalisation. The results are shown in
Table 5.1.

Considering the empirical basis of the original thresholds,
the equivalent values are remarkably uniform. They suggest that
a common setting of between 15 and 20, coupled with simple selec-
tion of the largest filter output to determine the best match,

will yield equivalent results.

With this scheme, and a common threshold of 20, delineation
signals were generated. The procedure at each sample point of

the scan was as follows:

(1) Compute the output value for each matched filter, and
select the largest(best match).

(2) 1If that value exceeds the common detection threshold,

and is a peak value, set the delineation signal
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WIDTH OF MATCH

THRESHOLD WITH

SCALED THRESHOLD

FILTER WAVEFORM (NUMBER ORIGINAL WITH NEW
NUMBER OF SAMPLES) NORMALISATION NORMALTISATION

1 3 ~ o

2 5 12 15

3 11 15 13.9

4 21 20 14.7

5 41 30 16.4

6 81 50 19.6

TABLE 5.1 - THRESHOLD SCALING FOR THE NEW NORMALISATION
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FIGURE 5.7

— DEFECT SIGNALS AT THE DETECTION THRESHOLD WITH THE

TEXT NORMALISATION.




according to the match waveform of that filter -
where a "peak value" is one which is greater than,
or equal to, both the preceding and the succeeding

value.

As already described, the filter outputs in the graphical

results are so aligned with the input data that each value lies
at the centre of the input signal which has generated it.
Step (2) will then set the delineation signal on K samples before
and after the point in question,where K is the half-width of the
match waveform of the best-match filter. Figs. 5.8 and 5.9 show
results for complete scans, and Fig. 5.10 shows the results on

the same scan sections as Fig. 5.1.

Fig. 5.10 therefore represents the automatic process and
Fig. 5.1 the manual process. The correspondence between the two
is satisfactory. Where they differ, it can be argued that the
automatic delineation is more "correct" than the manual. The
single exception is the lamination signal upon which the delinea-
tion, determined automatically, encloses just a single spike of
the overall waveform. This has occurred as a result of that spike
generating a large response from the filter matched to the smallest
triangle. This response was large enough to override the correct
filter response, so taking precedence over it. For this to happen,
such a spike must be larger in amplitude than the pulse upon which
it is superimposed, and located close to the centre of that pulse.
In the example shown both of these conditions are met, but this

is a rare occurrence.

5.6 Summary and Conclusions

Prior to the work described in this chapter, systems for
defect recognition had been devised and evaluated, which required
for their input defect waveforms adequately delineated in the
scanner response. These systems were fully automatic, as required
for on-line application, and had been shown to yield good results

on the data available.

No automatic method was available, however, to effect the
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necessary waveform delineation in the scanner response signal, and
this had therefore been carried out manually. The work reported

here was intended to achieve this delineation automatically.

Three techniques were identified for this task, each of which
provided also for prior detection of the defect waveform. These

were:

(1) a modification of the detection system used by the
SIRA Institute;

(2) a technique based on time series prediction, and

similar to (1);

(3) a technique based on the concept of matched filtering,
with a bank of filters chosen to cover the waveforms

of interest.

These techniques were simulated and an attempt made to compare
their detection capabilities in a quantitative way. This compari-
son indicated a preference for the matched filter bank. More
importantly, however, the simulation showed that only this tech-
nique offered any real promise for waveform delineation. Conse-

quently, the matched filter scheme was investigated in detail.

Implementation was as a bank of correlation detectors, and a
straightforward analysis showed the value of symmetrical, zero
mean match waveforms in coping with the low frequency content of
the scanner response signal. A set of six simple triangular wave-
forms was found to be satisfactory, and a normalisation was
derived which allowed a single detection threshold to be used on
all filters, and simple amplitude comparisons to determine the
best match. The resulting delineation algorithp was implemented
and the results compared with those determined manually for the
work on defect recognition. With few exceptions, close corres-
pondence was observed between the two. There is little doubt in
the author's mind that, if the recognition processing was to be
repeated with delineation from the matched filter bank, closely
similar results would be achieved. Indeed, because of the
greater consistency attached to automatic delineation, better

recognition performance could easily result.
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It seems that the essential characteristic of the matched
filter is that it makes use of the a-priori knowledge that
defect waveforms are "pulse-like', to the extent that they fall
and then rise again over a certain interval. No great signifi-
cance should be attached to the triangular waveforms adopted,
except insofar as they conveniently embody this characteristic.
Actual defect waveforms are often far from triangular in shape,

without unduly disturbing the technique.

Especially interesting to this work is the fact that a bank
of matched filters, in digital form, is identical to a linear
classifier operating with succeésive waveform samples as features.
The stored match waveforms determine the linear weights, and the
process of selecting the best match is identical to the maximum
selector of the linear classifier. In these terms, the detection
threshold is analogous to incorporating a reject capability into
the classifier. This equivalence suggests that the filter out-
puts might well be used as features for the recognition system

proper, to provide a so-called "layered" system overall.

Finally, the question of implementing a matched filter bank
at typical on-line processing speeds has yet to be discussed.
This will be taken up in Chapter 6, where it will be shown that
a close approximation to the digital system can be achieved with

primarily analogue hardware.
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APPENDIX 5.1 - Symmetrical, Zero—-mean Match Waveforms

As in equation (5.5.1), we can relate the response, yj, of a

matched filter (realised as a correlation detector) to any sequence of
1int samples (x2+1, Ropd T 0 xm+n)-through the stored match waveform

| - .
(sli!’ 32’ L] Sn)'
; % ' :
- - - 80 CUE B B B B B I B B B B B A A.s.l-l
| 4 R ! : : !

|
Let the match waveform be symmetrical with zero mean value, so

th#t:
|
R & 1 8 =8 i1 1w 2e o)
where n = 2m if n is even,
f orn=(2m + 1) if n is odd;
n
and (2) J s, = O.
. 1
i=1

We shall show that, under these constraints, the response of the

filter is zero for any input sequence of constant value (xi = K,
i =1, =, -, n) and for any input sequence which follows a linear ramp

(xi mKi, i=1, 2, -, n).

For a constant input, the proof is simple. Substituting x; = K

into equation (A5.1.1) gives

= K s,
3 i=1 *
n
and since ) §; Ay ¥; = 0 as required.
iml

For a ramp input, we must treat separately the case when n is

even, and the case when n is odd.
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n even

In this case n = 2m.

n
We have Z s. = 0 (zero mean)
i=1
therefore
m 2m
Z 5, ¢ z g 0.
i=1 ' i=m+l
We have TRl (symmetry)
therefore
1 3
s ~ g mp 0
j=t 2 gt
Substituting p = 2m - i + 1:
m+1 2m
E 8- Z 8, =+ 0
p=2m P i=m+1

and the two summations are identical.

Therefore e

E R E s (IS AL SRS SRR B R G, ) (AS5:1.2)
p=2m P

For a ramp input x, = Ki. Substituting into (A5.1.1), we have:

m 2m
= K .Z 1.si - z 1'51]
i
Substituting S; = Soris1 (symme try)

i=1 i=m+l
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Substituting p = 2m - i + 1:
- m+l 2m
y. = K z (2m+l-p)s_ + ) i.si]
. L p=2m i=m+1

m+1 m+1

2m
= K| (2m + 1) Z s - Z ps_+ E i

P

- p=2m p=2m i=m+1

The last two summations are identical, and therefore cancel.

Therefore

and substituting (A5.1.2), we have

yj = 0, as required.

n'odd
In this case n = 2m + 1.

n
: We have z s; = 0 (zero mean)

' i=1

therefore
| m

2m
D R Sl

We have s, = s, .., (symmetry)

therefore
m 2m
i§1 sZmri+2 i,£+2si + S+l T )
Substituting p = 2m - 1 + 2:
m+2 2m
p===23:;+1sp +i=§1+2 Mk fel oA

and the two summations are identical.
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Therafore

m§2
2 g +8 = 0
peime1 P - ol
therefore 43 e
Sp = _'—tzn_ R I (A5.1.3)
p=2m+1

For a ramp input x, = Ki. Substituting into (A5.1.1), we have:

n
Y;: *® z K.i.s

I i=1 =
m 2m+1 ;
= K '21 1.3i + i-£+2 z.si + (m+1) sm+1]

Substituting S; = Sonis2 (symmetry),

Substituting p = 2m - i + 2:

[nfz 2?+1
y. = K (2m+2-p) s_ + i.s, + (m+l) s ]
¢ b=2m+1 P jems2 % iy

[ m-i-z mgz Zmi-l
= K| 2(m+l) s - p.s_ + i.s.+ (m+l) s
p=2m+1 P p=2m+1 P jems2 - e

The last two summations are identical and therefore cancel.

Therefore a2

§ca] 0 i
73 : [2(m+ )p-§m+1 g % . 8m+1]

and substituting (A5.1.3), we have

j Kiz(mﬂ)( ; 2+1)+ {we1) sm+1]

yj = 0, as required.

~
[

therefore
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APPENDIX 5.2 - Filter Normalisation Parameters

Let S;» i=1, 2, -, n be a match waveform prior to normalisa-

tion,

=1, 2, - , n be the same match waveform after nor-

.

Lat T,
¢

malisation.

Let the normalisation be of the form:

We wish to determine the normalisation parameters, A and B, so that
the normalised waveform will yield a filter response of unity to an
inﬁut waveform which is perfectly matched, but scaled to unit ampli-
tﬁde.

|

]' After normalisation, the perfectly matched input waveform is

simply the match waveform itself,

Ti’ 1'mils 2 =y Be

Let T = maximum T.
max i
w'r.t. i-
and T = minimum T,
min i
Witatai i

Then the input waveform which is perfectly matched, but scaled to unit
amplitude, is Ui’ i=1, 2, -, n, where:

Ti D ¥
Ui - (T 7% T 7 ) £l - 1, 2’ —‘ .
max min

As in equation (5.5.1), we can relate the response, yj, of a matched
filter (realised as a correlation detector) to amy sequence of input

; samples (x e x£+n) through the stored match waveform

2+1° *ga2?
| (Ti’ i=1, 2, =, n):

e



We 1equire that Yj = 1 when Riag = Ui’ i=l, 2. = m.

n
i.e, g% 3o e
: L
i=1
Therefore
s
1 = T,
i=1 max TmJ.n A
therefore 2
o BN SR sesssvsvases o Conditions L,
ey 1+ max min

In accordance with Appendix 5.1, we shall also require the nor-

malised match waveform to have zero mean:

n

w0 N s e assesssisss Conditbod 2,
. 2 B

i=1

From these two conditions, the normalisation parameters A and B

can be determined, in terms of the match waveform prior to normalisa-

tion, S =1 2, = w,

Condition 2 determines A, as follows:

n
I T, =0
i=1
therefore
L) = O
i=1
therefore
, n
| Y iml=RA) =70
L 1
i=1
therefore
; B
A - S E B il e@ie et 0 ne e 68 s ateies e nee s edse (A5.2.1)
i i
i=1

i.e. A is simply the mean value of the match waveform, prior to nor-

malisation.

Given this value of A, Condition 1 determines B, as follows:
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Pl max min
therafore - 2
E s-—) =(3max-A>_ Smin_A
A B B B
s =B
since i =
max B
Bl e A
and i 100 = min
min B
where s = maximum s
. max i
wlrlt. 1
 EE minimum S
Welsba 1
Therefore -
[ 2 - + 2 = -
|| izl (si 2A si A<) B (Smax smin)
therefore
n
-8

{81 * i=1

Substituting equation (A5.2.1):

R

n
) 3.2-3[
I S il

i

T (smax - smin?

therefore
| .Y [ s ']2
Z LR E s1.
| S i=1
(8pax = ®nin’

Equations (A5.2.1) and (A5.2.2) are the required relations.
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_HARDWARE TMPLEMENTATION

6.1 Introduction

This chapter will be devoted to suggestions for implementing
the signal processing schemes developed and evaluated in this thesis.
Only those schemes which have shown promise will be treated:
namely, defect detection and delineation with a bank of matched
filters, feature extraction from a defect pulse, and defect recog-
nition with a linear feature space classifier. Designs will be
discussed for special-purpose analogue and digital hardware, cap-
able of meeting the system requirements of processing speed and
cost. The matched filter bank presents the most severe difficul-
ties, in this respect, and most of this chapter is therefore
devoted to this.

Figure 6.1 shows the primary system components in block
diagram form, and should be self-explanatory. We shall develop

each component in turn.

6.2 Defect Detection and Delineation

This component must accept as input the analogue scan signal
and produce as output a corresponding binary detection and delinea-
tion signal denoting the location and extent of any defect signals
present. Paralleling the simulation described in Chapter 5, the

following operations must be realised:

(1) Processing of the analogue signal by a bank of filters

matched to the range of defect waveforms.

(2) Comparison of the filter responses, both amongst them—
selves and against a preset detection threshold, so
as to determine which filter yields the largest res-
ponse (best match) and whether that response is sig-

nificant (greater than the detection threshold).

(3) Processing of the filter responses, so as to detect

peaks.

(4) Combination of the results of (2) and (3) so as to

generate a binary detection and delineation signal of
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appropriate duration (according to the best-match
filter) and appropriately located in time (according

to the peak in the response of the best-match filter).

A suitable system is shown in block diagram form in Fig. 6.2.

The elements of this system are as follows:

(a) Signal delay line - introducing pure delay into the

analogue signal.

(b) Matched filters - each with the same observation delay,

T, so that their responses are in time synchronism for

subsequent processing.

(c) Largest value block - has, in this example, four analogue

inputs and four corresponding binary outputs (of which
only three are used). The output corresponding to the
largest analogue input must assume the value binary 1,

whilst all other outputs assume binary O.

(d) Peak detectors - generate a short binary pulse each time

the input signal passes through a peak value, where a
peak value is defined by the first derivative of the

signal passing through zero, from +ve to -ve.
(e) AND gates - standard logic elements.

(f) Pulse generators - standard edge triggered monostables,

each matched in its pulse width to the match waveform

of the corresponding filter.

Although Fig. 6.2 shows only three filters, the extension to
six is straightforward. Fig. 6.3 shows an associated waveform
timing diagram, cross-referenced to Fig. 6.2 via the encircled
letters. Operation is best explained via the waveform timing

diagram.

Signal A represents an idealised response signal from a SIRA
scanner. The negative-going defect pulse excites a response from
each filter, to give the signals C, D and E. In this example, the
second filter is most closely matched to the defect pulse, and,
accordingly, yields the largest peak response. This is reflected

in the corresponding outputs of the largest value block, signals
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F, G and H, at the waveform peak. Notice that the detection
threshold is treated simply as an additional input to this block,
and will therefore hold the three output signals to zero when it

ig, itself, the largest input.

Signals J, K and L are the peak detector outputs in response
to the signals C, D and E. Each is gated with the corresponding
output of the largest value block, to give the signals M, N and P.
By this means, only that peak detector pulse from the best-match
filter is passed on to the corresponding pulse generator, and this
responds with the detection and delineation signal, R, of appropriate

duration.

Because of the inherent delay in the signal processing which
generates this signal (primarily in the filters themselves) the
scanner response signal, A, must be correspondingly delayed to
give the signal B, which is synchronous in time with the delinea-

tion signal.

0f the six elements of this system previously listed, the last
three (peak detectors, AND gates and pulse generators) are standard
items and need not be discussed further. Signal delay lines are
also standard items, although we shall see that this element must
meet a rather demanding performance specification. Two elements,
therefore, remain to be discussed - the matched filters and the

largest value block.

6.2.1 The Matched Filters

In the simulation reported in Chapter 5, the filters were
realised as correlation detectors. Such a realisation is rela-
tively slow and expensive (although new technologies such as
surface acoustic wave and charge coupled devices promise to
change this in the near future). The discussion to follow will
show that there are good grounds for believing that very similar
results can be achieved with fast, cheap and fairly simple

analogue filters.

We know that the impulse response, h(t), of a filter matched
to a waveform, f(t), is a scaled, time-reversed, delayed replica

of that waveform:
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h(t) = k.f(r - t),

where k is an arbitrary scaling factor,
and T is a chosen observation delay time, after which the

filter output is to be examined.

Fig. 6.4 illustrates this relatiomship, with k equal to one, for
the triangular waveforms used in the simulation. (Notice that T

must not be less than b for physical realisability.)

The discussion to follow will be simplified for waveforms
which are symmetrical in time, and h(t) in Fig. 6.4 is a delayed

version of such a waveform:

h(z) :» Bt =T)

b

where T = ‘g 7

h'(t) has the required symmetry (h'(t) = h'(-t)) and therefore
has a Fourier Transform, H'(w), which is wholly real.

H'(w) is the transform of a symmetric triangle, centred at

the time origin, and is given by (ref. 34 ):

. _ A.b [ sin(ub/4)
E"(u) 2 [ wb/5
Fig. 6.5 shows this relationship, and defines A and b.

It would be possible to realise H'(w), with delay, by a low~
pass filter plus a bank of band-pass filters connected in parallel -
the former for the main lobe and the latter for the side-lobes.

But there are infinitely many side-lobes, of successively decrea-

sing amplitude, and it is natural to question their significance.

 With this in mind, we shall consider the transform of a

symmetric Gaussian pulse, centred at the time origin (ref. 34):

g(t) = A.exp(—t2/20t2) " SUNA e o WL 5
G(w) = /EF;A.Ut.exp(-mzotzlz) cacas (0s2)

This transform pair is shown in Fig. 6.6. Both members are

Gaussian, and so G(w) has no side-lobes. It can be realised
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with a single low-pass filter. Such a filter would, of course,
be matched to the Gaussian pulse of Fig. 6.6a, and we shall
therefore consider the effect of using Gaussian match waveforms,

rather than triangular.

In Section 5.5 it was noted that the precise shape of the
match waveforms was not particularly significant, primarily
because any shape could only approximate to that of actual defect
waveforms. The essential feature seemed to be that the match
waveform should rise to a peak and then fall again (or vice versa)
over some pre-determined time period. Clearly, Gaussian wave-
forms are as good as triangular in this respect. Furthermore,
many large area, low contrast defects yield signals for which a

Gaussian pulse is a better approximation.

Reference 35 contains an analysis of the matched filter
design problem for signals of rectangular form. The response of
the optimum matched filter is compared with that of a Gaussian
filter, amongst others. It is shown that the peak signal-to-noise
ratio for the Gaussian filter is just 0.5dB below that of the
optimum filter. But a Gaussian waveform is probably a poorer
approximation to a rectangular pulse than to a triangular pulse.

We can therefore expect even less difference.

6.2.1.1 Equivalent Gaussian Filters

If Gaussian match waveforms are to be used, a relation-

ship must be established between the parameters which define a
triangular pulse, and those which define an "equivalent"
Gaussian pulse. For the triangular pulse, these are base
width and amplitude, and for the Gaussian pulse, standard
deviation and amplitude. Amplitude is simply a matter of
filter gain, and the essential requirement is to match the

two pulses in their base width. Since this is ill-defined for
a Gaussian pulse, the following indirect approach can be

taken:

Let the amplitude of the two pulses be the same, and let
the parameters b (the triangle base width) and o (the Gaussian

standard deviation) be adjusted for equal area, as follows:
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The triangular pulse of amplitude A and base width b, has
area AT, where
A.b

e R 1
The Gaussian pulse of amplitude A and standard deviation ct,
is defined by

g(t) = A./EF.ct.N(O, Ut)
where N(O, Ut) is the standard Gaussian pdf, of amplitude

(/Z_n.at)'l.

Since N(O, ct) has unit area, f£(t) has area Ag, where

Ag = AV2m.o.

Equating AG and AT yields
Ab L
3 A V2w Op-
b b
Therefore (o] = -
t 2/ 5.132

For practical purposes, we can take

and Fig. 6.7 illustrates this choice.

Equations (6.1) and (6.2) show that the standard deviation

in the frequency domain is the reciprocal of that in the time

domain,
ie. G = A" ex (02/20,2) ...cee..  (6.3)
where A' = A./f?.ct
1
and Uw g

We can therefore relate the triangle base width to the

frequency transfer function of the filter, using
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w ct b

To complete the frequency domain specification of the
Gaussian matched filter, we must determine the gain factor,
A', in equation (6.3). In the simulation work of Chapter 5,
the filter gains were set so as to yield a response of unit
amplitude to an input waveform perfectly matched, but itself
scaled to unit amplitude. We must therefore determine A' in

the same way.
Consider, therefore, a Gaussian pulse of unit amplitude:

el 2
£(t) = &1

with Fourier transform:
F(w) = ¥2ﬂ.0t.exp (- w? ot2/2)
The corresponding matched filter has the frequency transfer

function:
G(w) = A' exp (—w2/20‘m2)
or G(w) = A' exp (-w? ct2/2).
The filter response in the frequency domain, Y(w), is

therefore given by:

Y(w) = F(w) G(w)

= A'./f;.ct exp (-w? ctz)

which transforms into the time domain, to give y(t):

y(t) = A'./Z—n.ct. . exp (- t2/2(/2_ot)2)}

1
/. /To,

Al
= =, exp (- t2/2(¥2 5,)2)
%3 5

i.e. y(t) remains Gaussian, but with an increased standard

*
deviation (by a factor v2), and with amplitude A

7
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Our requirement is for a response of unit amplitude, so we

must set:

A' = V2,

Notice that the filter gain is independent of 0., so that all
filters in the bank will have the same (zero frequency) gain.
Because of this, the actual gain is not important, and we can

just as well set A' = 1 for all filters.
This gives the very simple result:

G(w) = exp (-m2/20m2) e ety (S R

with o %u for equivalence with a triangular waveform of

base width, b.

6.2.1.2 Circuit Configuration and Parameter Values

It can be shown that the circuit configuration of Fig.
6.8 has a frequency transfer function which tends to the
Gaussian form, as the number of stages tends to infinity
(ref. 36). More sophisticated design methods are available
for Gaussian filters (e.g. ref. 37), but we shall consider

just this one.
More precisely, the circuit of Fig. 6.8 has a frequency
transfer function, G(w), which tends to (ref. 36 ):
G(w) = exp (-0.35 w?/B2) exp (-jurt)

where B 1is the -3dB frequency of the complete filter

(rads. sec™ 1),

and Tt 1is the inherent filter delay.

Comparing this to equation (6.4), we have:

- w? X -0.35 w?
2 7
20w _ B

therefore B2 = 0.7 cwz

therefore B = 0.84 Oy
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gives:

ol

Substituting 5

B = 4.2/b rads. sec ! e e | Bl

or B L &02/2“1} Hz R N R (6-6)

This expression relates the -3dB frequency of the multi-
stage filter to the base width of the corresponding triangular

match waveform.

In practice, of course, the number of stages must be
finite. We must therefore consider the response of the cir-

cuit of Fig. 6.8 under this restriction.

For n identical stages, we have (ref. 36 )

n-1 %
g(t) = G—) exp(T-t-) ok X w0

%
E.nd B — "_1'1_(2 "'1)i sasss ssaseNERRRE RS (6-8)
where g(t) is the impulse response of the complete
filter,
B is the -3dB frequency of the complete

filter (rads. sec 1),

and T is the time comstant (= CR) of each stage.

Equation (6.7) is plotted in Fig. 6.9 for a few small
values of n, with T adjusted in each case (according to equa-
tion (6.8)) to maintain the same overall -3dB frequency. Also
shown is the Gaussian response for n = =, and all are scaled
to the same amplitude. We can see that the approximation to
the GCaussian form improves rapidly for small n, and more
gradually as n increases. Even for n = 4, the approximation
is remarkably good. As an example, Table 6.1 gives the neces-
sary design parameters for the six filters used in the simula-
tion work of Chapter 5. This table is calculated from equations
(6.5) and (6.8), with n = 4.

“
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F e e eonas| fromency | T conelses
samples (rads. s~*)
b b B T
1 3 3.1076| 1. 4.106 0.31.107%
2 5 5.1076| 0.84.106 0.52.1076
3 11 11.1078| 0.38.10° 1.14.1078
4 21 21.107%| 0. 2.108 2.17.207%,
5 41 41.1076| 0. 1.108 4.35.1076
6 81 81.10"¢| 0.05.10° 8.69.1078

Table 6.1 Design Parameters for 4-stage
R-C filters

8.2.1:3 Zero-Mean Match Waveforms

The development so far has assumed match waveforms with
a base-line of zero. For the simulation work, however, the

waveforms were adjusted to have zero mean value, so as to

render the responses independent of the "low frequency" con-
tent of the input signal. It is clear that the bank of low-
pass filters so far discussed does not exhibit this crucial

characteristic.

The true Gaussian pulse cannot be adjusted to zero mean
value, because the "tails" extend to + ». It must therefore
be truncated, and we shall impose this truncation at the
limits of the equivalent triangular waveform, i.e. * 2.5 o..
With this proviso, we can simulate the shift to zero mean
value by subtracting, from the Gaussian pulse, a rectangular
pulse of appropriate height. This procedure is illustrated
graphically in Fig. 6.10, with the corresponding frequency
domain interpretation. Since all signals are symmetrical in
time, their transforms are wholly real, and can therefore be

subtracted algebraically.
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As might be expected, the resulting frequency transfer
function, Fy(w), is band-pass, rather than low-pass. The
interesting point is that the lower and upper -3dB frequencies

of F;(w) are, almost exactly, given by:

The shift to zero mean value has therefore modified the

frequency transfer function in two significant respects:

(1) The upper -3dB frequency has been increased from

0.84
wp = 0.84¢0 =
w Cft
to
2
mz - o_' .

t

(2) The low frequency response rolls—off from a lower

-3dB frequency of one-half the upper, so that
wo 1
WY g R
Instead of a bank of low-pass filters, we therefore have

a bank of band-pass filters. Further, since the triangular
match waveforms approximately double in their base width,
from one filter to the next, the upper -3dB frequency of one
band-pass filter will be approximately equal to the lower
-3dB frequency of the next. Fig. 6.1l illustrates this situa-
tion. In other words, the filter bank turns out to be a
constant-Q spectrum analyser, albeiﬁ with coarse frequency

resolution.

We can convert our bank of low-pass filters to band-pass
by preceding each one with a suitable high-pass filter.
Ideally, the high-pass filter should yield the response
defined by F1(w)/G(w), of Fig. 6.10. This ratio is plotted
in Fig. 6.12. 1In practice, we need not reproduce the fall in
this response beyond 50w = 77/2, because this affects only the

"tail" of Fy(w). With this proviso, the dotted curve shown in
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FIGURE 6.12 - THE EXACT HIGH-PASS FUNCTION
AND IT'S APPROXIMATION.

FIGURE 6.13 - CASCADE HIGH -PASS CIRCUIT.
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Fig. 6.12 is a reasonable approximation, and this is derived
from the 4-stage R-C filter of Fig. 6.13, with a -3dB fre-
quency of

2.4

%

Ssle SRR cenin des o ndsnsen  KBsT)

Multiplying this response by G(w) yields the response Fj(w),
shown dotted in Fig. 6.10, which is a reasonable approximation
to F1(w). More realistically, we can multiply the 4-stage
high-pass response by the 4-stage low-pass approximation to
G(w), to give the (magnitude) response of the band-pass cas-
cade. This yields the response F3(w), which is also shown

dotted in Fig. 6.10. Again, the approximation is reasonable.

For the circuit of Fig. 6.13, the time-constant of each
stage, T, is related to the overall -3dB frequency, w, by:

i
Tl (2% = 1) s

therefore T = gﬁl

Substituting for w from equation (6.9) gives:

, 2.3
S )

therefore T = 0.95 T,

Considering the approximation of Fig. 6.12, T = o, would seem

to be sensible.

Our final solution, then, consists of a bank of band-pass
filters, each composed of a 4-stage high-pass section, followed
by a 4-stage low-pass section, and all with the same centre
frequency gain. Although this design is particularly simple,
it does call for eight buffer amplifiers. However, the circuit
pairs shown in Fig. 6.14 have identical transfer functioms, so
that we need use only four amplifiers. No doubt a more sophis-

ticated design could reduce this still further.

It is convenient to summarise here the necessary design

equations developed in the text.
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Let b be the base-width (seconds) of the triangular match

waveform used in the simulation.

Then:

(1) O ™ %—; where g, is the standard deviation of the

"equivalent" Gaussian pulse;
REY, Gy W = w, = %; ; where w, and w, are the lower
and upper -3dB frequencies, respectively,
of the corresponding band-pass filter
(rads. sec 1);

4.2 12 2l .,
(33 oy e S N e {'3?}’

where w, is the -3dB frequency of the 4~
stage, high-pass section, and w, the -3dB
frequency of the 4-stage low-pass sectionm,
which are cascaded to produce the band-
pass filter (both in rads. sec. 1);

l.da wa

b oast _
) 1, = -(2——-1-)-——{- 2:3 = o.55 b}

B
r, = 2 -1 {.-’ 9-4% + 0.036 b}
w

u

where T, is the common time constant of
the high-pass section, and T2 of the low-

pass section (both in seconds).

Table 6.2 summarises this design for the six filters used

in the simulation.
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T T
Filter b " By @3 Wy 1 2
number | (seconds) (radians.sec™!) (seconds)
1 3.1076 1.67.10° 3.34.106 1. 4.10% 4.108 1.65.10"© 0.11.107
2 5.1076 1. 0.10% 2. 0.10% 0.84.108 2. 4,106 2.75.107% 0.18,107°
3 11.307% 111:0045.10° 0, 9.16% ' 0.38,30% | 1. 1.10° 6.05.107% | 0.39.107%
4 21,1078 {0.24.30% | 0.48.10°% | 0. 2.105% | 0,57.10% | 11.55.107% | 0.76.1078
5 41.1076 0.12.10% 0.24.108 0. 1.108 0.29.10% 22.55.10°© 1.48.107©
6 81,1076 0.06.10° 0.12.10% 0.05.10° 0.15.108 44,55,1076 2.92.107%
Table 6.2 Design Parameters for (4 + 4) Stage,

R~C, Band-Pass Filters




6.2.1.4 Time Delay and Phase Response

We have so far discussed waveforms symmetrical in time,
having transforms which are therefore wholly real (zero phase).
In practice, of course, such waveforms are not realisable as
impulse responses. A simple delay of T = t - b/2 (Fig. 6.4)

is required, and this corresponds to a linear phase response:
8(w) = =-uT .

f is the observation time for a filter, and must be the same
for all filters in the bank . Further, for each filter, =t

must be not less than b, for physical realisability. The
minimum value of T is therefore determined by the maximum f
value of b in the bank. Fig. 6.15 illustrates this. In

this figure, £i(t), £,(t) and £3(t) are the match waveforms

of the three filters in the bank, and h;(t), h,(t) and hj3(t)
are the corresponding impulse responses (the waveforms are
intended to represent 4-stage, low-pass R-C filters - see

Fig. 6.9. They are drawn with zero base-line, rather than

zero mean, for clarity).

Fig. 6.16 shows the phase response of the (4 + 4)-stage
band-pass filter already discussed, together with the ideal
response, O(w) = -wT, with T =b/2 = 2.50¢ . The two res-
ponses are clearly different, although it is difficult to
judge the significance of that difference for the task at
hand. The question can be most easily resolved by construc-

ting the filter and observing its impulse response.

Fig. 6.16 is directly applicable to the filter with the
lowest pass band in the bank (hj3(t) in Fig. 6.15). Other
filters, however, will require additional delay of (tr - b),
for a match waveform of duration b seconds. This will modify
the overall phase response of these filters by adding a term
(-w(t = b)) to that shown in Fig. 6.16. These delays could
be achieved with a separate delay line for each of these
filters, as implied in Fig. 6.2. Alternatively, the delay
line which is shown there as delaying only the incoming
signal, could be tapped and the filters supplied from those

taps. In any case, this delay line must produce a delay
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determined, primarily, by the filter with the lowest pass-
band (80.107% seconds in this work), with a signal bandwidth
determined by the filter with the highest pass-band

(greater than 3.10° rads. sec !, or 500 kHz). This is a
very demanding specification, which can probably not be met
by "lumped-constant", L-C delay lines. Other technologies,
such as charge-coupled devices, may pose problems if a

tapped line is to be used.

6.2.2 The Largest Value Block

It should be recalled that this block must accept n analogue
inputs (comprising the filter outputs plus the detection threshold)
and produce n corresponding binary outputs (one of which will not
be used), such that the output corresponding to the largest
input takes on the value logical one, and all other outputs
logical zero. This can be achieved with a network of comparators
connected between the inputs, followed by a logic network to
decode the comparator responses. For three filters, this scheme

is shown in Fig. 6.17.

Each comparator yields a logical output: +1 if the positive
input is greater than or equal to the negative, and zero other-
wise. Comparisons are made between all pairs of analogue inputs,
and the logic network decodes the set of results to yield the
required outputs. In fact, the network shown uses logical NAND
gates to yield the complement of each desired output: ?A, ?ﬁ,
YC’ YD; so that YA’ for example, will be logical zero if A is
the largest input, with Yo YC and YD logical one. These can
be inverted if necessary, although standard monostable chips
frequently incorporate invertors and gates which permit the
desired combination of these outputs with the peak detector out-
puts, to yield the monostable trigger pulses. The gates enclosed
in dotted boundaries in Fig. 6.17 are redundant if ?b is not re-
quired. This will be so when D is the detection threshold.

Such networks can be designed for any number of inputs,
using the standard design methods for combinational logic. How-

ever, this is not necessary, as the network exhibits a systematic
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structure. Consider a 5 input example:
Let A, B, C, D, E be the five analogue inputs.

Lat Xy, Xo, = , Xlg be the comparator outputs, as follows:

X; = A3B X¢ = B2D
X, = A3C X7 = B3 E
X3 = A2D Xg = C3D
Xy = AE X¢ = C2E
Xs = B >C Xy0= D2 E

The desired outputs are then defined by the following logical

equations:

A
YB = -}'{-1 Xs Xg X9
Y g » fz fs Xg ZXq
I, = X3 Xg Xg Xpo
YE - Eq, -}E? -fg -X-l 0

The right-hand side of this set of equations forms a matrix,

which divides into an upper triangle and a lower. The former
contains only comparator outputs, and the latter only their
negation. These run in numerical sequence along rows of the
upper triangle, and down columns of the lower. These equations
can therefore be written down imhediately for any number of out-

puts.

6.3 Feature Extraction

This component must accept as input the analogue scan signal,
together with the binary detection/delineation signal from the
matched filter bank, and produce as output a set of feature values
measured upon the analogue signal between the limits indicated by

the delineation signal. In effect, the rising edge of the delineation

A



signal can be interpreted as a command to start the measurement

processes, and the falling edge as a command to stop.

For "samples-as-features', this component is particularly
simple, being merely an analégne to digital convertor, clocked at
s suitable rate, and controlled by the delineation signal. It
may be necessary to store the resulting samples, and even to re-
convert them into analogue values, depending upon the classifier
implementation. Alternatively, analogue values could be measured
directly with a repetitive sample-and-hold scheme. In any case,
no special difficulties arise, and so this feature set will not

be discussed further.

For geometric features, we must implement four basic measure-
ments: base width, amplitude, pseudo-perimeter and area. Base
width is nothing more than the time duration of the delineation
signal, and such a measurement is standard technique (e.g. charge
a capacitor from a constant current source). Amplitude has been
defined as the maximum signal level minus the minimum, within the
limits of the delineation signal. Again, such a measurement
follows standard practice, requiring only a maximum peak detector
and a minimum, with their outputs feeding a simple operational
amplifier subtraction circuit. Pseudo-perimeter is more difficult.
; It has been defined as the sum of absolute differences between
successive samples, in the digital simulation. In analogue form,

' we have:

£2
Pseudo-perimeter = d/‘ Q%%El dt
t1

This requires differentiation, full-wave rectification and integra-
tion. Once again, these can be achieved with standard techniques,
although the time constants will need to be carefully chosen to
yield results comparable to the simulation. Finally, pulse area

can be measured with a simple integrator.

The speed at which these measurements can be carried out will be
governed primarily by the response time of the various operational
amplifiers involved. With the shortest pulse duration of interest
being 3.107°® seconds, and amplifiers readily available with band-
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widths of 10 MHz and higher, no difficulty should be encountered

with real time operationms.

The measurements are cheap enough to be implemented in parallel,
and their outputs can be hardwired to the classifier. The delinea-
tion signal can then be used to inhibit classification when it is
high, and we shall see that this can be done very easily. With
this arrangement , the classification will become available almost

immediately after the defect signal terminates.

|
6.4 Linear Classification

This component must accept as input the measured feature values,
form an appropriate linear weighted sum of these values for each

defect class, and determine the largest sum for classification.

A linear weighted sum of a set of analogue voltages is most
easily computed by the circuit of Fig. 6.18. We shall therefore
provide one such circuit for each class (plus, perhaps, one for
the reject class). The outputs can feed into a largest value
block identical to that described in Section 6.2.2. To inhibit
classification until the end of the delineation signal, it is a
simple matter to inhibit the largest value block so that, for
example, all outputs are held at logical zero when the delineation

signal is at logical one.

6.5 Conclusions

This chapter has discussed the problems of implementing the
various signal processing schemes developed and evaluated in simula-
tion, at on-line speeds and at reasonable cost. Special-purpose
hardware designs have been presented for defect detection and
delineation, feature extraction from a defect pulse and linear
classification. The designs have been analysed and discussed in
sufficient detail to demonstrate their feasibility. Taken together,
they constitute a complete system for defect recognition which, if
supplied with signals from the SIRA scanning system, should yield

results closely similar to those achieved in simulation. Furthermore,
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FIGURE 6.18 - LINEAR WEIGHTING.
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the system structure is general, in that it should prove equally
suitable for materials other than tinplate, requiring only appro-

priate detailed modification to the primary components.
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|
?.0! SUMMARY, CONCLUSIONS, AND SUGGESTIONS FOR FURTHER WORK

The defect recognition problem is the primary impediment to
further progress in automatic surface inspection. The work reported

in this thesis is one step towards its solution.

The work has formed part of a team effort between the Instrument
Systems Centre of The City University, the SIRA Institute, and the

British Steel Corporation. It has involved the application of novel

techniques of signal processing to the response signals generated by

optical scanners of the kind developed by the SIRA Institute.

Signal processing has been applied, so far independently, to

two distinct kinds of data available from such scanners:

(1) 1isolated, analogue scan sections;

(2) binary videoprint data

This thesis has been concernmed exclusively with data of the first

kind, and a related thesis (ref. 5) with the second.

A processing system has been developed which encompasses the

following operations:

(1) Detection and delineation of the defect signals in the
presence of a noise signal due to surface structure and
other effects. This operation is a pre-requisite to
recognition processing, and was previously unsolved

(especially for large area, low contrast defects).

(2) Extraction of a set of pre-selected feature values from

the signals so detected and delineated.

(3) Processing of the resulting set of feature values, using
I the methods of automatic pattern recognition, so as to
identify the defect type.

For each of these three operations, a number of techniques were

identified from the literature as potentially suitable for the surface

inspection problem, with particular reference to the system require-

ments of fast on-line processing at reasonable cost. These techniques

were extended where necessary and evaluated in computer simulation on
a data set gathered from samples of sheet tinplate. With a suitable

combination of techniques, acceptable performance was achieved, with
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1

about 807 correct identification over five defect classes.

An implementation with special=-purpose analogue and digital
hardware has been presented, capable of operating at on-line speeds
at reasonable cost. This implementation constitutes a complete
recognition system for isolated scan sections, fully automatic in its
operation. The general structure can be expected to be equally

applicable to materials other than tinplate.

Considerable effort was devoted to the setting up of a data base
for evaluating the various techniques considered. The resulting 500
signals from 5 defect classes, although substantial in comparison
with many pattern recognition exercises, cannot be said to represent
fully the inspection problem on tinplate. This has led to the imple-
mentation of a fully automatic data gathering system with which a
task formerly requiring some three hours of continuous effort can be
accomplished in less than five minutes. This will allow the data
base to be enlarged considerably. In particular, some 30 different

kinds of defect might need to be included.

| More work needs to be devoted to deciding exactly what the inspec-

tion requirement is, and to specifying the performance required from
aA automatic system. The availability of automatic inspection should
1+ad to a radical re-structuring of production and marketing processes,
and this needs to be carefully considered when defining the required
performance. This is a major exercise in its own right, and the work
r#ported in this thesis should be seen as a feasibility study intended
%o justify such further work. To this extent, a degree of success

gan be claimed, since the work will now be progressed further, with
ﬁhe assistance of the British Steel Corporation and the European Coal

and Steel Community.

Several extensions can be made to the signal processing. First,
the system can be extended to encompass data from whole defects,
rather than dealing with each scan in isolation. Many of the classi-
fication errors made by the proposed system can be attributed to this
restriction (e.g. confusion between Five Stand Ring and Black Dots -
Figures 4.12, 4.15, 4.19). This extension will require a means of
associating those scan sections arising from the same defect. Second,

more elaborate features can be extracted from each scan section, by
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recognising that the matched filter bank provides a fairly complete
anal%sis of each one. This is especially evident when the filter bank
is viewed as a spectrum analyser. It follows that features extracted
from the filter outputs, rather than from the scan section itself,
should be a richer source of information. Finally, the classifica-
tion techniques themselves merit further investigation. The results
presented show the simple linear classifier to be as powerful on this
data set as any other. This is at odds with the known limitations of
this classifier, and is therefore difficult to explain. It may be a
consequence of the feature selection procedure adopted, to the extent
that this procedure searches for a feature subset with which inherent
we%knesses of the classifier have least effect. Alternatively, as
su#geated in the text, it may be that theoretically powerful classi-
fi*rs have so many "degrees of freedom" that an impossibly large

data set is needed for their design.

- 259 =



Brook, R. A.

Bohl:nder, S

Bell, D, A.

Brook, R. A. et al

Popovici, V.

Duda, R. 0. and
Hart, P. E.

Meisel, W. S.
Arkadev, A. G. and
Braverman, E. M,

Fu, K. S.

Parzen, E.

REFERENCES

"An experimental automatic surface inspec-—
tion system'", Metron, vol. 4, no. 8,
pp. 219-223 (Aug., 1971)

"Investigations of the automation of optical
surface inspection of cold-rolled strip",
VDEh-Inst. for Applied Research GmbH,
Report no. 482 (1974)

"Electrical noise: fundamentals and physical

mechanism’, Van Nostrand (1960)

"Automatic inspection of flat strip in the
steel industry", 7th IMEKO Congress, London,
Paper no. AML/154/1 (1976)

"Application of syntactic pattern recognition
to defect classification in optical surface
inspection", Ph.D. Thesis, The City Univer-
sity, London (1976)

"Pattern classification and scene analysis",
John Wiley (1973)

"Computer-oriented approaches to pattern

recognition'", Academic Press (1972)

"Teaching computers to recognise patterns',
Academic Press (1967)

"Sequential methods in pattern recognition

and machine learning", Academic Press (1968)

"Modern probability theory and its applica-
tions", Wiley (1960)

= 260 ~



21

12

13

14

15

16

17

18

|
|
|

|
:Parzen, E.

Meisel, W. S.

Murthy, V. K.

Specht, D. F,

Cover, T. M. and
Haxt, P, E.

Nilsson, N. J.

Wee, W. G.

Yau, S, S. and
Chuang, P. C.

"On estimation of a probability density
function and mode'", Ann. Math, Statist,
vol. 33, pp. 1065-1076 (1962)

"Potential functions in mathematical pattern
recognition", IEEE Trans. Compt., vol, C-18,
no. 10, pp. 911-918 (Oct., 1969)

"Nonparametric estimation of multivariate
densities with applications", in Multi-
variate Analysis, ed. P. R. Krishnaiah,
Academic Press (1966)

"Generation of polynomial discriminant
functions for pattern recognition", Ph,D.

Thesis, Stanford University (1966)

"Nearest Neighbour pattern classification",
IEEE Tra‘.‘ls- Inf. Th.’ VOl. IT"'].B, no. 1’
pp. 21-30 (Jan., 1967)

"Learning machines", McGraw-Hill (1965)

"Generalised inverse approach to adaptive
multiclass pattern classification', IEEE

Trans. Comp., vol, C-17, no. 12, pp. 1157~
1164 (Dec., 1968)

"Statistical properties of linear, multi-
category pattern classifiers based on the
least-mean-square error criterion", IEEE
Trans. Inf. Th., Sept., 1968, pp. 778-780

(correspondence)

= 261 "=



20 Smith, S. E. and
" [ Xau, S S,

21 Ho, ¥, C, and
Kashyap, R. L,

22 Stearns, S. D,

23 Vilmansen, T. R,

24 Toussaint, G. T.

25 Backer, E. and

Jain, A. K.

26 Kanal, L. N,

"Generalised inverse approach to clustering,
feature selection and classification",
IEEE Trans. Inf. Th., vol. IT-17, no. 3,
pp. 262-269 (May, 1971)

"Linear sequential pattern classification",
IEEE Trans. Inf. Th., Sept., 1972, pp. 673-

678 (correspondence)

"A class of iterative procedures for linear
inequalities", J. SIAM CONTROL, vol. 4,

pp. 112-115 (1966)

"On selecting features for pattern classifiers",
Proc. 3rd Int, Joint Conf. on Pattern Recog-
nition, Nov. 8-11, 1976, Coronado, California

"Feature evaluation with measures of probabi=-

listic dependence", IEEE Trans. Comp.,

Vol. C-22, Nno. 4 (1973)

"Feature evaluation with quadratic mutual
information", Information Processing Letters 1,

pp. 153-156 (1972)

"On feature ordering in practice and some
finite sample effects", Proc. 3rd Int,
Joint Conf. on Pattern Recognition, Nov. 8-11,

1976, Coronado, California

"Patterns in pattern recognition'", IEEE Trans.
‘Inf. Th., vol. IT-20, no. 6, pp. 697-722

(Nov., 1974)

- 262 -



27

28

29

30

i

32

33

34

35

36

37

38

Logan, I. G. and
Macleod, J. E. S.

Nordqvist, K. and
Millgard, L.

Bendat, J. S. and
Piersol, A. G.

Brown, R. G.

Rabiner, L. R. and

Gold, B.

Goodyear, C. C,

Whalen, A. D.

Connor, F. R,

Schwartz, M.

Cherry, C.

Zverev, A, I,

Freeman, H.

"An application of pattern recognition
algorithms to the automatic inspection
of strip metal surfaces", Proc. 2nd Int.
Joint Conf. on Pattern Recognition,

Aug. 13-15, 1974, Copenhagen, Denmark

"A new system for surface inspection and
classification", Internal Report, The
Axel Johnson Inst. for Industrial Research,
Sweden (1973)

"Random data: analysis and measurement
procedures'", John Wiley (1971)

"Smoothing, forecasting and prediction of

discrete time series", Prentice-Hall (1962)

"Theory and application of digital signal
processing', Prentice-Hall (1975)

"Signals and Information", Butterworths,
London (1971)

"Detection of signals in noise", Academic
Press (1971)

"Signals", Edward Arnold, London (1972)

"Information transmission, modulation and
noise", McGraw-Hill (1959)

"Pulses and transients in communication
circuits", Chapman & Hall, London (1949)

"Handbook of Filter Synthesis", John Wiley (1967)

"On the encoding of arbitrary geometric configura-
tions", IRE Trans. on El. Comps., June, 1961,
pp. 260-268

=263 -





