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ABSTRACT

This research is concerned with the online measurement of the size diswibotion of rocks on a conveyor beit.
The measurement process developed in this thesis ic based upon experimental work as a consequence of
intractable mathematics developed when extrapolating models of ideal particle systems to rocks on the

conveyor belt,

Initial experimentation and background theory moiivate the use of machine vision incorporating two-dimen-
sional image processing and analysis technigues for the rocksize measurement, The measurement process thus
consists of images of rockscenes which are processed to produce traces, from which populations of

chord-lengtﬂ intercepts are measured and finafly converted to size distributions.

The traces or rock boundaries are produced by combining edge detection, thresholding and morphological
{echnigues. Because of occlvsion and the random nature of the rock pattems, the edge deteciion and segmen-
tation process is error prone. Thus the boundary patterns must be subjected to edge correction to produce cor-

rected segmented-edge patterns from which chord-lengehs can be measured.

The rocksiream on the conveyor belt is a stochastic process where each image and associated chord-length
distribution is a sample of the randum variable rocksize distribotion. Thus because of the stochastic nature of
the rockstream and rock-segmentation errors, existing analytical amd inversion techniques produce meaningless
size distributions when transforming from chorr®-length. Thus a new approach is developed where the chord-
length distributions are processed statistically with moment or morphological methods to transforin the popu-

lations of chord-length distributions into meaningful size data.

The first moment of the measured chord-length disiribution allows for the determination of average-sieve size
with a variance of between 5-25% over a size range of 6:1, Weighted moment methods produce disteibutions
which are visua.» and qualitatively indicative of the sieve size distribution of rocks on the conveyor belt.
Weighted moment methed also present data from which the proportion by mass of larger rocks to smatler tocks

may be estimated.
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Chapter 1 INTRODUGTION

1 INTRODUCTION

1.1 PROBLEM STATEMENT AND RESEARCH OBJECTIVE

There is a need in the mineral processing industry to measure the size distribution of cocks on a moving con-
veyor belt. This thesis is concerned with the measurement of this rock-size distribution which will be used
primarily for the control ard optimization of comminution processes. Comminution is the reduction in size of
mined rock material from large particles to smailer ones, se that the minerals contained in the ore, may be
liberated. In particvlar it is believed that this rocksize measurement will allow for the improverent of optimal
control strategies in milling circuits especially multivariable and adaptive control of run-of-mine milling
(Hulbert, 1990). In addition to the optmization of comminstion pro.. Scs, metaliurgists have also
hypothesized that a continuous rocksize measurement wili at the very feast provide additional insight into rthe

mechanisms of comminution processes of which very littie is known.

The prablem is that a \giable on-line instrument (o measure the size distribistions of rocks on a conveyor belt
has not been readily available to the mineral processing industry, (Grannes, 1986). Consequently the benefits
of an on-line realtime-measurement of rocksize are generally unknown, and much doubt surrqunds the uselul-
ness of such a medsurement to the mineral processing industry. Thus the uncertainty assoctated wilh this

measurement has created a dilemma in that the development of such an instrument has been dilficuit 1o justity.

The South African mining and mineral processing industry nevertheless initiated this research program and
motivated for this measurement. This measurement is of particular relevance to the golél_:_mines where a
declining gold price and increased production costs have led to intensive efforts to optimize the efficizncy of
the gold plants, A commercial rocksize measuring system is available; however unsatisfactory performiance of
this instrument on various mine plants, in particular with run-of-mine rock material, instigated the research

effort into this elusive measurament,

Taking beit cuts, and performing off-line sicving and weighing is the method normally used for measuring the
size distribution of rocks on a conveyor belt. Aldiougﬁh this method does give accurate sieve size data for the
particular samples taken, errors do occur when extrapolating to the fuil rock siream because of the  limited
number of samples and large sample intervals. In addition, these methods of sizing are time-consuming,
labour-intensive, and require large and costly capital equipment, The cosi aspect of these factors becomne worse

if these methods are auwomated, (Herbst et al, .. 87).
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Herhst ¢t al (1987) suggest that a more suitable approach to sieving, is 1o use a ron-contact measuring system
employing optical imaging ogether with image processing and analysis techniques, ie machine vision, This
approach overcomes the material handling and sampling problem, and is appropriate for continuous on-line
measurement. However there is a belief in the induswy that such an instrument cannot be buill, especially one
based on machine vision. One of the strongest and logical argument for this stance is that "one cin only see the
iop layer of material on the belt, and is hence ignoring what is befow. Therefore how can one measure what

you cannot s¢e ot probe ?”

In response 1o the above difficulties the foilowing research objective was created; "To investigate and develop

a technigue based on machine vision for measuring the size distribution of rocks on a conveyor beit, on-line
and in realtime, and at a reasonable cost to the mining industry “. This thesis is thus concerned with the
underlying fundamental reszarch required to meet this objective up to and including pilot plant experiments,
Inctuded within this objective js the justification of inachine vision for this measurement as well the validation
of associated hypotheses put forward for this measwrement. One major hypothesis is that rocksize
measurements can be obtained from lineal analysis of the images taken from the rockstream on the conveyor

belt.

From test resuits on a pifot-plant conveyor-belt system, it will be shown empirically that the above hypothesis
is valid, and that useful rocksize information is produced within the framework of certain limitations. It will
also be shown that sound stereological principles waderpin the measurement process developed, aithough a fult

model and an anadytical proof thereof is difficult to complete {(chapier 3).

1.2 BACKGROUND

This research forms the foundaion for an industdal instrument based on the above hypothesis which is being
construcied at present, The instrument will be installed in the harsh environment on the mincral processing
plants, where minimum maintenance is of a high priority, The ideal rocksize instrument must thus confornt (0
the following specifications: The instrument must be non-intrusive which has obvious advantages as far
wearing down of parts is concerned. The instrument must also be reliable <o that plant downtime is minimized,
and mineral production is not hindered by any part of the control system or associated instrumentation failing.
ljn particular, some of the environmental faciors which have {0 be taken into consideration are: a large

operating temperature range, ( -10 to 49 °C) and a corrosive and dusty atmosphere where the equipment could
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be exposed to rain or high-pressure hoses. (Dust is one major disadvantage as far as a vision system is con-
cemed). The instrument must alse be immune to eleciromagnetic interierence {EMI) from large machinery

found on mineral processing pianis,

The objects of interest in this research are the piles off rocks to be found on the conveyor belts on these mineral
processing plants. This reck material contains minerals such as goid and platinum which are to be extracied by
metallurgical processes, The first stage in this mejallurgicat process is milling which grinds rocks or large
particles down to a paste™. Rock materiat and water are fed into one end of a mill, and a shurry or mud is
cutput from the other end, see figure 1.1. It is dci."irable to optimize this milling process in order to minimize
energy consumption, maximize mass-throughput, and ensure that the particle size-distribution of the final
product namely the sturry falls within a certain specification. Maintaining this slurry particle-size specification
is important becanse sluny particle size inﬂuerﬁ:es the cost and efficiency of the mineral recovery processes
further downstream in the plant. Figure 1.2 shows how the efficiency of mineral benification iy affected by
shury-particle size. Slurry particle size is in turn affected by the milling process and hence rocksize. There is
thus an indirect but nevertheless iangible link between rock size and the cost and aruount of the final product

being produced.

Optimization of the milling process implics that controf systems must be instalted on the plants, Herbst and
Rajamani, {1982) have suggested that rocksize should be wreated as the principal measured and conixolled
variable in milling and crushing control systems, Yacher et al (1985) pointed out that coarse-ore feed size in
mill operations is one of the main uncont ylled disturbances. De Kok and Lloyd (1982) comment that segre-
gation of coarse ar:‘g?- fine rock during stovage causes suqges downstream whtich is particularly deleterious in
run-of-mine mills.""';i’chus the need for a rocksize measwrement for mill control, and in particular for run-of-mine
{autozenous) mill control. There is also a need for rocksize measurements to and frem crushers and other

procesy units, where the input and output rocksize distributions need to be monitared.

Figure 1.1 shows wwo proposed control configurations (feedforward and feedback) for 2 gold milfing plant
using & rovksize measurement as part of the input to the system. The feedforward system will allow for the
necessary centrol aciions to be taken on the mill to compensate for the size of the material being fed into the
mifl, According to prevailing congrol requirements, the feedbnck configuraton could allow for a coarser or

finer rock feed to be fed in to the mill by modifying rock-blasting techniques back in the mine,

P

11 Paste, sluny or mud aee tesms for mixtuns of finely ground rock particles mixed with waser,

R i B T .

R




It

Chapter 1 1 INTRODUCTICN

The rock material from the mine is transported via conveyor belts to the mineral processing plants see figure
1.3. The width of the conveyor belts feeding autogenous and other mills range from approximately 0.5m to 2m.
The belts move at velocities of between 0.1 to 5 ms™ ( typically 0.3-0.5 ms™ ), providing a feed rate as high as
1000 tons/hr. Most of these conveyor belts are protected by some form of galvanized-sheet steel shelters pro-

viding adequate protection from the elements.

Mif contro!
Faedfatward systam

Mina plang

{a)

mine _ ()}

Figure 1.1, Schematic diagram of an autogenous 'gold plant, indicating the milling section where the
rocksize measuring system would be instafled. (8) Feedforward and (b) feedback control
schemes,
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optimum oo much grinding

too iittla grindin
yleld ¢ g

rocks 105 ige H 1ocks Y00 v

slurry size

Figure 1.2, Graph showing the optimal output size distribution of slurry from 2 mill in gold plants for

maximum gold recovery,

121 The Rock Materiat

The rock material transported on the conveyor belis may be considered to be classified into two broad groups,

(1) run-of-mine, and (2) sieved rock material.

Run-of-mine material i3 brought up from underground and is fed directly into autogenous mills. In many cases
this material is stored in bunkers or on storage heaps, which is then fed to the mills. This helps to buffer and
smooth the erratic supply of rock material the from underground, and also provides some form of rock clas-

sification and size selection to be implemented,

This rock material is random in shape, colour and size, and the instantancous mass-flow rate of the rockstream
on the conveyor belt is usually inconsistent and sometimes "random”, The size range is very large and may
range from rocks as large as a half 2 metre across to mud, consisting of very fine particles of tens of microns.
If very damp, which is usually the case, the fing rock material tends to form agglomerates (mud) which looks
like large indiviival rocks, In addition, the Yarger rocks are often covered with clumps of fine particles due to

the sticky nature and high viscosity of the mud ( slurry).

Sieved or pre-sized rock materipl is pre-screened or sized. withh a "grizzly" or system of sieves. This material
usually falls into a relatively narrow size yange and the flow stream is usually steady amd consistent as opposed

to the mun-of-mine material. A typical size range is for example 25 to 38mm.
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Figure 1.3, Photograph of run-of-mine material on a conveyor belt. (Photograph was taken with a

35mm still camera,)

Figure 1.4, Photograph cf a conveyor-béh system with partially sized material,
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The characteristics of the rock material within the two groups abovs tend to differ from mine to mine, and from
belt to belt feeding different mills on the same plant. For example, two adjacent strears on the same plant may
ook totally «different because they are being fed from different points of a stock pile, or from different mine
shafts, The rock materiat characteristics which differ are: Chemical and mineral content, size and shape dis-

{ributios, colour, texture, and moisture content,

In addition, the physical arrangement and amount of materiat loaded onto a particular conveyor belt varies
spatiaily and with time, causing an unsie:» -flow 58 mentioned before. This is because of the iregular manner
in which: the rock material is dumped on the conveyor belt from other conveyor belts, chutes and hoppers. This
results in the rock material covering the belt in many different patterns and structures, Slow moving belis
(<0.1ms-1) are loaded very heavily, with material iying up to a . sif a meter high, while high-speed belts may
be loaded with a thin layer of fine material ( <10mm), with few iarge rocks (100 mm’s in size) sparsely ¢

tributed on top. Because of the iregular loading patterns there are times when much of the belt is exposed. The
flow of rock material on the conveyor belt can thus be summarized as being a function of a number of coraplex
parameters, these being the architeciure of the conveyor belt and equipment used to load the conveyor belt, as

welil as the rock materia! itself as discussed above.

122 Particle Size, Shape and Distribution

This thesis focuses on the measurement of rocksize. This subsection thus provides background on the concepts

of size and its refation to shape. Standard methods for presenting size data are also discussed.

The foliowing two questions are crucial to the solution of this rovksize measurement problem. What is the size
of a rock, and how is the size of a particle (rock) measured ? Unfortunately there are no fixed answers 1o these
questions, and this measurement problem is thus fraught_ with ambigpitics, The size of Tocks or naturatly
ocenrring objects is an almosi subjective observation and each class of objects appears to have its own
standard for size measwrement, Luerkens and colleagues (1987) comment, "there is a major \.: lertzinty in
particle characterization which is due to the lack of precision in the definition of the terms which are claimed
to be measured", They continue to state that the nature of the uncertainty in the measurement of particle
properties (eg size}, as related 1o their definition is fuxzy (in the colloguial sense). Despite this uncertainty with
the definition of size, the followusZ is a fairly succinct definition of particle size. “Particle size can be defined

as the characteristic dimension of the materiai that can best represent the state of subdivision of its
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constituting particles”, (Sresty and Venkateswar, 1980), (Stockham, 1978). Matheron (1975} also provides an
unambiguons criterion for siz2 based on morphiiogical transformations which is described by Serm (1982), see

chaplf;r 7.

An important objective in measuring the size of rocks, is thus to identify and calculate a characteristic
dimension of the vocks which is zseful to the milling process. This pot trivial because the measurement of the
size of irregular shaped particies on the basis of some characteristic dimension is very much depcndant on the

partirles’ skape, the method of measurement, and the area of application of the sizc informadon (Allen, 1981).

‘The importance of shape and the method of measurement is demonsirated by the foliowis . - «mplte, What is
"larger”, a thin rod of radius r, or a sphere of radius r,, where both objects have ;°  same rolume and
r:=10r, ? If volume is the sizing criterion then both objects have the same size, however if they are fésﬁng ol
a table in a stable position and the Aeight above the table’s surface is the size criterion, then the sphere would
be larger. However if the rod is standing upright, then it is larger. Hence size is an ambiguous issue if the exact
circumstances and method of measurement are not properly stated. What is apparent is that the comparison of
the size of objects with vastly different shapes is very ambiguous, If shape can be taken into corsideration
when sizing particies, then the amabiguity of comparing different shaped objects can be disregarded, ¢g a sphere

of radius r and a cube of size g are totally and una .biguousty detined.

Unfortunately the shapes of irzegular objects are very difficult to define precisely. When onc examines the
myriad of shapes in nature ( in our case rock particles), Underwood (1970) comments "that it is not surprising
that most discussions of shape wax philosnphical or artistic rather than gquantitative”. He continues that only
the mmost regularly shzped objects can be expressed quantitatively and for the complex and imregular shaped
particles encountered in nature, one must be corlent with descriptions which ave largely indirect or
approximate, For example, gualitative terms such as "angular® and “spherical” may be used to give some
indication of the nature of the particky’s shape. Although these qualitative terms are inadequate for quantitative
analysis, there are other quantitative methods for describing particle shape. These are shape factors and shape
coefficients (Allen, 1981) which may be used to reduce results from different sizing methods eg sieving and

microscopic techniques, to & common level.

Usually the size of partizles is expressed in terms of the diameter of a circle or sphere, which is equivalent to
the particle with regard to some stated propr ry (Heywood, 1972), (Swockham, 1978). For example, a unit cube
has the same volume as a sphere of diameter 1.24 units, and hence its equivalent diameter is the volume

Jdiameter d, = 1.24 units, See Appendix A for examples of a number of selected definitions of particle size.
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In the mineral industry the sieve or mesh diameter is the accepted standard and is used extensively on mineral
processing plants for the classification of rocks into various size ranges, Sieving is the only independent
rieasuremient against which the methods developed during this research can be compared. Another class of
diameters are statistical diamaters such as Martin or Ferret diameters (Allen, 1981) which are dependant on the

randomuess associated with the measurements.

The number size distribution of particles is defined as foflows. Let a group of N pariicles be sizgd according
o a characteristic 'dimer.sion D into ! size classes, where D, is the average size of that vlass, AL“& =4 the class
width, and D__, is the dimension of the largest particie or class. Within each class D;, a quantity n, pasticles
is counted. The relative number frequency f; of the particles in each size class D; is given by equation 1.1, also
shown in figure 1.5(a). ' -

f':—i where i n'.=N . and L1

=
E
Etae
&N
L]
et

The number distritution f: of the particles sizes is usually displayed graphically 2. the form ot a hssiogram, as

shown in figure 1.5(a) where depending on the definition, D; can be taken as the midpoint, start, or end of each
¢lass, (Underwood, 1970). For coﬁvenience it is assumad that all ¢lass widths AD; in a distribution are equal,

If AD, is made very small then f; —» f(D) a continur v function of D , where J§'f(D)dD =1 , figure 1.5(b).
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Figwre 1.5, . () Histogram of a relative number-distribution, (b) Correspording (continuous)
relative-frequency distribution. {¢) Cumulative diribution of histogram. {d) Cumulative
{continuous) frequency distiibution,

i




|
\L
i

P

Chapter t : INTRODUCTION

Size data collected on particle (rock) distributions with imaging methods are usually monber distributions j; .

However size data collected with sieving methods are thic fractions by mass of material w; which have been
passed by the sieve of size D; and caught by a sieve of size L);,; where D, <D;,;. A mass ar volume
distribution as produced by sieving is uewally the type of distribution regquested in the mineral processing
industry. |

All size diswribution data { nomber or mass ) can be approximated by the following genéral histogram where
we plot CorDF versus Cyd* where C, is a shape factor and £ indicates the dimension of the parameter
measured, A number frequency distribution of ;7 can be converied 10 2 weight or mass disttibution ;7 a3 follows:

w,  pCD}

: 1.2
Z prt,D :?

where w; is the mass of material in size interval D, to D; , 'V is the total mass of matericl sicved, 7 the number

of class int;rvals, and 0 is the density of the material, In pracgice thi: conversion from nomber distributions to
weight diswribu? ons is gencrally inaccurate and error prone (Stockham, 1978). This is because the
(ransfsrmation requires weighting the number fractions witlt an e::ponentially increasing D7, figure 1.67a).
These weighted proportions are thus sensitive to sampling and exper menta ervors, especially in the larger size
runge where the mothod requires raising these emors to higher powers. Fé example, in 4 1 to 10mm
distribution a sirgle particle error of 10mm: has the same weigh;\\‘l;t,,a thousand particlcs of 1mm counted in
error) €22 fige o 1.6(b). In addition, the grouping of the observed dismeters into frequency intervals which are
in practice broad and non-uniform, makes accurale estimation of thy average sizes in each class impostible.
Small class intervals and large i%umber counts N help to minimize enors in converting number distributions to
volumre distcibutions. However even N=25 OOO.QAmplcs may not be adequate, (Kawakami, 1988).

For historical reasons metailurgisis have prefemred 10 use the cumulative size distribution curve, figure 1.5(c)

and 1.5(d), w il relanve frequency curves as shown in ﬁgiirc 1.5. Although the integral of the relative

frequency distribution ténds o hide details of the distribution, the fraction of materiat within a cc;rtain size

range may be read directly off the curve, and the siope of the curve gﬁes a'too_d tndicadon of the spread or
7

deviation of the rock sizes,
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Figwe 16.  (a) Example of converting a number distribution to a mags distribution. (b) Example of the

error caused by the conversion of number to mass distribitions.

The fraction of particles by number less than size D, is given by #(D,)
Dl
F(Dr)=;of(Dl) <1 Dr<Dmnx L3
and the fraction of particles by weight less than size D, is given by W{D,) where
DI‘
WD, )= % pCfD}  D,<D,,. and f;=f(D) 14

The functions F(D,} and W(D,} which are normalized to 1 are referred to as the "S” curve or the “cumulative

percent passing frequency curves”, It has been suggested that a realtime graphic display of F(D,, ¢) or W(D,, 1)
would be the ideat cuiput of the rocksize instrurnent, also knows as a waterfall display, with time ¢ and size
axes as shown in figure 1.7,

e eyt e
g T time
e
rack #ize ’
Figure 1.7. Ideal output from the rocksize instrument.

11



Chapter 1 : INTRODUCTION

Although the full size distribution for a group of particles ( whether in relative frequency or cumulative fre-
quency form) is the ideal data to have, it is often noi possible in practice to obtain such data. For mineral
processing purposes metatlurgists have often indicated thai a simple and concise itdication of the average size
ant the dispersion of mc material size is gencrally adequaie, These sample statistics are legitimate for both
rocksize charamcrizalim:"' and comparison, bearing in mind the different types of distributions available, In
many cases statistics computed directly fiom measured data give a better basis for s;amplc comparison than for
cxample some derived diameter converted to mass data. The statistics usually required are the mean rocksize
D, variance s2 or standard deviation o(D)=+(s2) , and skewness g, . These statistics are defined below for a
number distribution J; as ppposed to 2 volume or weight distribution.

n{D; ~DY {

ﬂ“ ) .f.’.,— —
&=L5®,-DY L5

N

v

i 2 {
D=Y=D; =L
In particular the “cumulative percentage passing of some size” is very common size measurenient. This is point
D, read off the "S" curve where Ef-’;”j; = p% . Obviously two or three more points from the "S" curve would
desirable as well. ( The median is measured when p = 50)..

33 LITERATURE SURVEY

The size n;wasuneli:cnt of rocks and particles has been around since the time of the ancient Egyptians who
developed and used sieving techniques, (Heywood, 1970), {Allen, 1981). Even today sieving and the use of
"grizzlies” have been the main me:hods for large particle sizing. It was oniy {rom about the mid-seventies that
alternative methods for on-line particle size measurements on conveyor belis became available, Presently there
is no generic rocksize instrument accepiablq to the mining indusiry for any on-line instalation on mineral
procezsing plants. 'I‘h__m are however a number of sizing instruments instailed on some plans (pot necessarily
mineral processing), where the urique natare of the material w be inspecied for size, has allowed for the
relatively successful operation of a vision-based instrarent, The sizing of pellets and frait which have simple
shapes and are usually aranged in & mono-layer'? o) the. conveyor-belt, a8 cxafyples of the successit

instaliation of a vision-based sizing insprment. . - o : . h

o
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This subsection ig divided up into three parts. Section 1.1.1 reviews work directly refated to tie development
of 2 rock-size instroment, section 1,3.2 reviews the theory of size measurement and the muiti-disciplinary
science of stereology. Because image processing is the methodology with which this rocksize problem is to be

solved section 13,3 reviews briefly image processing literature with special reference to industrial applications,

1.3X Review of rock size instruments

A variety of rock-size analyzers using methods other than sieving (ie imaging) have been developed and are
available. The first system (o be developed was the ARMCO AUTOMETRICS MSD-95 material size
distribution transmitter (Vignos, Elber and Gallagher, 1976), which uses one dimensional image processing
techriques. This insirument was developed at the Julius Krutischmii. Institute in Australia and is now
manufactured by ARMCO. Through the use of an optical sensor, s instrument scans the surface of the rocks
along a line parail?] and near to the centre line of tire belt. This effectively ailows for the detection of the
shadows or dark gaps between the rocks and uitimately rock ¢hord dengibh a3 the shadows delineate the rocks
boundaries, As the shadows are thus important 0 e measwem*ni process they are accentuated by
ifluminating the rocks with low incident light, The Tight intensiiv paitern as ootput from the opticai seasor is
compared to a threshold, and values higher than the threshiold are deenezd to correspond to the presence of
rocks. The chord Jengths of the rocks are then estineated by knwving the belt speed and measuring the time the
signat remains above the threshold, See fighre 1.8 below.

{:..... - M ,' ....‘ W

M_muumm

somparator optput

Figare 1.8, Principle of operation of the MSD-95,
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Although the MSD-95 provides an online estimation of chord-length distributions which are relcted to size, the
sysiemn has severe limitations. The instrument only measures rocks in the centre of the belt resulting in a bias
in the measurement because the material on either side of the probe line is ignored. This bias can be
disregarded if the rocks are uniformly distributed over the full widih of the belt which is highly umlikely.
Obsetvations of the rocks on conveyor belts show that there are in general significant variations is size across
the width of the belt. Thus the estimation of the size distribution from these chord-length distribution taken
from the centre of the belt is highly biased because this sampling scheme basically ignores the rest of the
materiat on the belt. In addilion the system is highly dependant on the absolute value of the ambient light
intensity and the rock colour which can vary with time as well as the angle of incidence. During this rescasch
it has also been found that the light intensity profile as measured by the sensors is generally not representative
of the physical topology of the rocks, ic the detected shadows are not necessarily edges. There are high
probabilities that many shadows are not rock edges, and many rock edges do not give rise to shadows dark
enough for detection. This problem is particularly acute with angular shaped rocks piled together on conveyor
belts.

Eriksen (1978) discusses an instrument to measure patiicle size distribution of ferromangancse and
silicomanganese using a faser beam, In this application particles fal'ing off the cad of a conveyor beit (in free
{light), interrupt a laser beam. The duration of interruption is measured and knowing the velocity of the rocks
in irce fall allows for the calculation of chord lengths. These random chord lengths are related to Fenet
diameters and sizc distribution is then estimated from uese Ferret diarncters. This instrument does depend on
a number of assumptions; that orientation and lateral distribution of the falling particles is vaiform and random;
that all particles fall with the same velocity, and that no rotation occurs during the time of intercept. Another
very important assumption is that there is no overlap of particle projections. Most of these assumption are
unrealistic, however Eriksen comments that to his surprisc a simple but empirical statistical relationship

between the volume ¥ and chord length L was found V = (k.L)*?, which is very encouraging.

A sysiem using two dimensional image processing was developed by CONTAC engireering in Chile (Yacher
e.t.a!. 1985). This instrument compensates for the main criticism of the MSD 95 and the Iaser systcm in that it
captures a full image of the rocks on the conveyor belt which is scanned over its ful! area thus climinating the
bias of the MSD-05 where only one centre line of the belt or rocks is scanned, Yacher and co-workers do not
describe the type of rock scenes processed, and it is mentioned that "because of computer time and resources
", the analysis is restricted. They also comment that "the measurement of lengths along exploratory lines does
correspond to standard ore size distribution analysis such as weight diswribution or sicve size”. Berger (1985)

comments that there could be problems with the simple processing nsed 1o binarise the images, and the
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possible joining together of adjacent objects, According to results presented in this paper (Yacher ct al, 1985),
the average Size measurement ontput by the system is consistent with the output of the MSD-95 optical

instrument.

Berger (1985) cowmments further that the MSD-95 and the CONTAC system are weak because of their
dependence on chord lengths selected arbitrarily to measure size. Wigeson (1987) also comments that linear
intercepts cannot be used for size measurements as they are too ambiguons. In this thesis it will be shown to
the contrary thal these lincac-intercept probes if properly undersiood, are inhesently very powerful tools for
determining size distribntion. In tesponse to his conclusion, Berger developed more complex algorithms where
the size measurement is based on area instead of chord lengths. Berger used segmentation and region analysis
algorithms in order to identify and thus segment the rocks in each image. However a major problem to asisc
was that the software processing time was of the order of a half an hour or more on a minicomputer for an
image of sizz 350x350 pixels square. Although the objective of Berger's research was not to develop a
real-time system, a "reasonable” processing time is critical to the development of an instrument applicable to

the mining indusiry where system time constants play an important part in controf systems design.

Berger’s results indicate that the measurement of rocksize is not impossible, as his system was able to classify
rocks as either "small”, "medium” or “large”. In his dissertation he presents some fairly good as well as bad
results for several individual images. These varied resuvits together with the fact that each image captured is
only a tiny sample of all the material on the belt, implies that the measurement will be statistical and that

Gverages must be considered.

Grannes {1986) describes an instrinment to measure the size diswibution of Taconite peliets on mtating beds,
The pellets are basically spherical in shape with unifonm surface characteristics thus forming scenes of simple
objects. Grannes describes imaging iechniques such as theesholding and symmetry based edge detection, and
cbiained size measurements which compare satisfactorily with sieve size, However the shapes of the objects in
the scenes analyzed are simple, (close to spherical ) which is a decisive factor for accurate object recognition.
Granaes is also the ficst to discuss the problem of blurring cavsed by moving images and the fact that sysiem

accuracy decreased at speeds above 0.5m/sec, a serious limitation,

The capture of Mgh speed images from conveyor belts and associated blurzing of these images has generally
been avoided by most investigators of rock-size measuremenis oa conveyor belts, Yacher et al (1985) mension

that their belts were moving at 2ms™ but no mention is made of blwrring which should be ~ 70mm for every
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meter of image. Rudoiph (1987) tackled this blurring problem by designing and building a custom video
camera for the specific purpose of capturing high images of rocks off conveyor belts, The camera is based on

a two dimensional CCD image sensor with an adjustable shutter speed, which could operate at up o lms.

Wigeson (1987) developed some fast segmentation algorithms that work on scenes of rock fragments resulting
from open-pit blasting. His methods are based on template maiching for edge-de.action and a rule-base which
led to an area measurement for the estimation of particle size. Wigeson does not comment on the stereological
aspects of his measurement problem, but concludes that relating areas of the segmented images to sicve size,
is a major problem o be tackled, Wigeson in his work also comments on the ambiguities that arose in trying

to perform accurate rock recognition which inflnenced his results gready.

132 Review of size theory

Conceptally the objective of this rocksize-measurement problem, is 1o determine the internal structure of a
pile of rocks (body) lying on a conveyor belt. This to be done from observations made of the top-surface of
this pile of rocks. The internal structiwe of a body refers to the spatial and geometrical arrangement of the

constituents or sub-structures of the specimen, which includes size and shape information,

The rocksize problem is similar to the problem of esﬁm#ﬁng the amount of 2 mineral present in an ore body
by examining a microscopic sections taken from samples of the ore body. The measurement of the paramelers
of the three dimensional (3-D) structures of opaque specimens, such as the ore bodies and in this case a pile of
racks, has been investigated for many years, and much success has been achieved with sirailar types of prob-
lems in fields diverse as metaiurgy, botany and medicine. The problem reduces to determining the internal
structure of the 3-D specimen from observations made on plane sections cut from specimens.: These sections
being only two dimensional samples of the specimen, give biased information about its three-dimensional
structure. Here the decp problem of relating solid geometry to plaue sections is compounded with questions of
sampling variability, bias, choice of sampling design and inference. Consequently gtereglogical methods have
evolved throngh the years to try and provide unbiased estimates of the three dimensional structere from the two
dimensional information, (Underwood, 1970), (Weibel, 19808 1980b), (Moore, 1985), (Gunderson, 1986).

Stereology is a multi-disciplinary science bascd on stechastic geometry of which Baddeley (1982) provides an
- informai rcvicﬁv. We refer the reader to Santalo (1976) and Matheron (1975) for an extremely detailed back-
ground to the topics of "integral geometry and geomexrit probability” and "random sets and integral geometry”
respectively. Although these areas of mathematics are beyond the scope of this thesis, it is evident that there
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are some very powerful and fundamental concepts on which stereclogy is based. Stereology provides statistical
estimates of the parameters of the structure (Nicholson, 1978), through the use of zero (points), one (lincs), or
two (planes) dimensiohal random probes on random sections, A generalization to higher planes is also possible
{Davy and Miles, 1977). The selection and application of these random probes to estimate striuctice parameters
is not trivial as is demonsirated by *Bertrands Paradox” (Papolous, 1965), where the importance of specifying
and understanding the frame of reference for geometric probabilities and models being applied is emphasized
{Miles, 1977).

Stereological methiods mnay be split into two broad categories (Nicholson, 1970). The first category concerns
the estimation of average aggregate properties such as the volume fraction V,, or surface arca fraction S, of a
particulate system, The earliest estimation of aggregate properties is the arcal analysis of Delesse (1848) to
determine the mineral composition of rock. DeHoff and Rhines (1961), and R.E. Miles (1977} give a good
introduction to stereology showing how stereological models can be built up to estimale parameters like the
volume fraction of some particitlate system under investigation. Underwood (1970), and Weibel {1979, 1980)
provide a very good background to these estimators as well. Rigorous and comprehensive theory of sterco-
logical estimators have been made by Miles and Davy (1976), and Davy and Miles (1977) present a wide class
of unbyased ratio estimators, See also Miles and Davy (1977) for sampling subregions or quadrats, Most of the
these papers deal with convex shaped particles and Miles (1984) gives sicreological formulae for

not-necessarily-convex particles,

The second group of estimation techniques js the derermination of the size distribution of particles within a
particulate system. which depends very much on shape and in gencral has been based on the analysis of diluie
systems of spheres. These technigues date from Wicksell (1925) who made a biometric examination of cor-
puscles, Through an integral equation he related the size frequency of spherical particles to thei of circular
intersections on a random plane of intersection. This result was later exiended to ellipsoidal particles by
Wicksell (1926). The methods used 10 analyze these particles ate based on section diameters, the Scheil and
Schartz-Saliykov methods, section area methods (Johnson-Saltykov), and section-chord methods {(Cahn and
Fullman), see Underwood (1970) for details. Goldsmith (1967) later developed the integral equation
relationship for sphcricgl particles embedded in a thin slice and ¥endall and Moran (1963) summarize these
frequency function rclationships. Underwood (1970} chapter 5.3 provides a detailed description of the various

me... ,ds developed over the years by various researchers for dcwmining'panicie size measurements,

Unfolding size distribution of the rocks from linear intercepts (chords) token off projections of the rocks is part
of the objective of this research, The use of linear probes was investigated as far back as 1733 with “Buffon’s
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needle probiem” { Kendall and Mowun, 1963;70), where the probability p of a line of length L intereepting a
fixed grid of pasaliel lines spaced distance d apart, L <d is estimated. Buffon obtained p z% , whick when
given L and p allows for the estimaticn of . This could be also interpreted as a random iine probing the
unknown contents of a fixe. circle C of radius ¢, where the frequency of 1he encounters between the probe and
thé fixed needle yields an estimate of the needle’s length. In fact given any curve § within € having finite
length L(S), the mean number of intersection points between S and a random probe line ! is

2L(S)

1.6
nd

E {number of intersections} =E{S i} =

Baddeley (1982) comments that it is remarkable that equation |1.6] docs not depend on the geometric con-
fguration of § within C , but does depend on the probability distribntion of ! . Equation [1.6] can be
interpreted as on estimaicr of the length of an unknown curve based merely on its intersection with random
linear probe-, This result can be extended to escompass other geometrical shapes and probes of higher
dimensions in which suitable choices of the probability density of the parameters of the probes can lead to
some remarkable expressions for some of the mean valaes associated with random lines (Baddley, 1982). Nate

that the uncriticat application of stexcological estimators can result in biased or crroneous results.

However what is important is that the use of random intercepts on geometric structures can provide information
on that structure which is the basis behind the reasoning for using linear intercepts in this work for inferring
rocksize measurements. We refer the reader to Santalo (1976), Matherou (1975) and Kendall and Moran (1963)
for in-depth discussions on geometric probability and other subjects related to stercology which are beyond the
scope of this thesis. Other references are Smith and Gutiman (19Y53) who use lincar intcrcepts to cstimate for
exampie grain boundary ares, Fullman (1953) who developed size measwrement methods based on lincal and

area analysis of spheres, plates and rods.
133 Review of machine vision and image processing

Machine vision which encompasses image processing and analysis are the methods chosen to perform this
rocksize measurcment. Forunately she basic technology for capturing and processing images has been
investigated for many, years and many machine-vision applications and image-processing techniques have been
developed, (Frait, 1981), (Gudmundsson, 1986), (Spomer, 1988), (Yang and Sengupta, 1988), {Wamecke et al,
1985). Far online applications and automated inspecticn refer to West et al (1988). We also refer the reader to
Nishihara and Crossicy (1988), Darwish and Jait (1988), Boemer and Strecker (1988) and Siew et al (1988)
all from the same IEEE PAMY issue, for examples of up to date reviews of a number image precessing appli-

cations in industiy, Not only has ithe methodology and the technology to handle and process images efficiently
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for industrial applications been established, but the advancements in digiial electronics, computer and software
engineering are accele:ating continuoucly, making the application of machine-vision in industry a viable tech-

nique. -

As the field of machine vision and its related areas and app._.ations is so vast, only those references where

applicable, will be referred to in this thesis.

134 Summary and Conclusions

A mumber of investigations have been carried ont with regard to rock or particle size measurement a3
numerous instrurnents and mathematical techniques have becn developed for this purpose. What is appareni is
thit these systems have been developed on the basis of a number of assumptions, for example assuming
spherical and convex particles, low density particle distributions, monolayers arrangements, and low scene
speeds. These assumptions make the racksize problem easier to solve, and must thus be taken into account
when evainating these systems as far as rocksize measurements are concemed, In addition most insfruments
developed do not work satisfacto,3ly on rockstreams on mineral processing plants thus providing incentive for

this rescarch.

No direct references or we, & in available literature could be found with regard to the estimation of rocksize
from rock piles and rockstreams unsing stereology. In addition, the assumptions made with regard to stereo-
logical measurements in other applications as found in the fiterature are generally not applicable to moving

rockstreams as found in the mining indastry.

1.4 RESEARCH PHILOSOPHY

The philosophy adopted towards this research has been influenced by the practical aspects of ultimately
cogineering A real instrument for installation on a plant. From the beginning, an empirical and experimental
appsoach was developed in order 10 verify certain concepts, cruciat to the measureraent, which were very much
in doubt. For example, the use of chord lengths tO measure size had to be verified. In addition programs to
develop certain infrastructure such as D lighting systerms, and camera hardware for the captwre of high quality
moving images, which proved to be a major stumbling block, ;cm initiated as the problems manifesied
themselves. | .I
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The development image processing software and hardware systems which wousw lead to a “fast" and econ-
omical implementation of a rocksize instrament for moving images was of high priority because of limited time
and finance. This resuited in an initial selection of techniques on an adhoc basis from the literature, As
experience and evidence built up, a more refined experimental program was developed in order o compersate

for the pecauliarities of the rockstream and other possible oversights.

The above approach was effectively to "take a dive into the deep end”, because without performing a scientific
and logical investigation from first principles, it was postulated that the measurement could be made. This
a.j;proach was selected, becauée from the literature surveys and initial experimentation, researchers appeared (o
be confronted with insurmountable obstacles through the development of rocksize-measurement techuiques
based on a stricily amalyiical bottom-up approach. This -hottom-up approach over the years has invoived
without any dramatic success, much effort 10 extrapolate size measurement models based on spheres to
complex shaped particles. Lueriens and co-workers (1987) state that, aithough an instrument may measure the
size of spheres perfecidy from a characteristic dimension, perfect sphercs rarely occur in nature, and any size

instrument still leaves one in doubt as to the worth of its reading for irregularly shaped particles.

Tu this research attempts were made 10 yse exisiing techniques which had imited suctess. As a esult a new
philosophy was created where it was assumed that the output of the instrument does not have to be forced to
provide sieve size directly, although the ovtput shonld be meaningful and cosrespond 10 sieve size. This phit-
nsophy opened the door to the application uand rdevelopment of some new techniques for measuring conveyor-

belt rock size because the limiting objective of sieve size was not a prerequisite.

Finally it must be noted that a full mathematical treatment and development of a model of the techniques
developed in this thesis have been tackled piecewise where appropriate. However a rigorous mathematical
treatinend Lying up all the possible factors affecting the measurement is an immense task which fails beyond the
scope of the thesis as shown in chapte 3. It is the opinion of the author that the experimenial and heuristic

evidence developed in support of this measurement is sufficient in itself,

1.5 THESIS FORMAT

Giobally this thesis is divided inio two parts, the first being the introduction, background and iscussion of the
rocksize problem, (chapters 1,2 and 3). The second part of the thesis (chapters 4,5,6, and 7} describes the sol-
utions developed for the rocksize problem, and is strucrured in a manner comparable 10 the progression of

sequcntiat ansforms regr' # by a rocksize instnument 1o transform images of rock scenes 10 size data.
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Chaprer 1 of this thesis introduces the problem of measuﬁng the ¢ 've distribntion of rocks on a conveyor belt.
The rock material on the belt, the specifications for an ideal instrament, as well as the proposed area of
application of such an instrument is described, Background is given on the definition of size and how shape is
inextricably linked to the determination of particle size distribntion. This introduces the ambiguity of this
measuretnent which is strongly cobpled to the irregular shapes of the rocks, Varioys research programs 1o
develop a rock size instrumnent i‘t_ﬁ‘« also discussed, together with a summary of literature pertaining (0 image
processing and the estimation of size from using stereological methods, iv particular lincar probes. The chapter

is concluded with the philosophy * Juring this research and the thesis format.

In chapter 2 various methods of non-intrusive measurement of rocksize is discussed, and the motivation for
machine-vision echniques is given. The theory behind the generation of images from rockstreams together
with the proposed processing to obtain size, is then proposed. This iucludes an overview of th sequence of
processing states which transforms an image 1o size information. The system structure for this ',ask as well as

assumptions made with regard to this instrument system are also presenied.

In chapter 3 the wansformation of measurements on section traces to the final sieve sizc distribution using
stereological methods is described. Traces {usually two dimensional) are of & lower dimension to the
three-dimensional objects (rocks) to be sized. Thete is therefore an inherent loss of information, and conse-
guently the estimation of 3-D structure parancters from traces becomes a difficult application of the decon-
volution problem. However it is shown that if assum;ﬁtions are made with regard ¢ the shape of partict. «, for
example spheres, then valid formulac for cize estimations can be developed. This is extended &) more
arbitrarily shaped parucies vith associated errors and limitations, where formulae for extracting size distribu-
tions from arcal and Jinear iraces are described. The use of linear probes 10 probe the traces and which give
chord-length distibutions is then motivated,

All the models described in this chapter have been derived under many assumptions. Thes at the end of chapter
3, an atiempt is made to derive an explicit stereclogical model of rockstream that does not require any
assumptions except that the rockstreamn can be a stochastic process. Derivation of this model proves 10 be very
difficuit, and it is concluded that for practical purposes such a model is pechaps superflucus in the light of suck
difficuities such as the accurate modelling of the rockstream dynamics, The problems enicountersd in deriving
the model motivaies the empirical approach and altemative methods developed in this research to solve this
rocksize problcm. -
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In chapter 4 the initial image-processing for extracting traces from images of rockscenes is developed. The
ohiective of the image processing is 1o exiract edge boundaries £ the | .ojected rock images which are valid
traces for making Iinear-intercept measvrements. The extraction process involves image-processing techniques
such as th= :ding and edge detection, which are used 10 transform and filter the rock image content into
edge pd _ {Holwever chord-length measurements on these traces t*nd 1o be meaninglesy because of the

effects of occlusion and touching which introduce rock identification errors and noise into the edge patierns.

Thos in cf'apter 5 funher image processing and analysis techniques are derived i order to currect the errors in
the edge pauems The tcchmques include those of mathermatical morphology which grerally avoid or reduce
the problems arising from the use of traditionat or classical imaging methods. The algorithms developed for

repairing the errors in the edge patterns include the “joining” and "morphological” algorithms,

In chapter 6 the experimenial set-up and some examples of results ie raw ciord-length distributions, measared
in the laboratory and from a conveyor-belt pilot-plant are presented. The sofiware uead o derive these results
are the transformations dascribed in chapters 4 and 5. Note that the images used in developing the algorithms

nsed in chapters 4 and 5 am derived from experimental rigs described in chapter 6.

In chapter 7 methiods for the transformation of raw linear or chord diswributions to size distributions are
devetoped. Existing methods of particle size inversion (some in a modified form) which include linear inver-
sion, constrained linear inversion and King’s method are impiemented. These methods are shown to provide
useful size information, but problems still remain due to the anigue and ambiguous nature of the rocksize
inversion problem. As 2 result soma reiatively simple but powerful techniques are develoged which transform
the chord length data t a form which is usefel, but which does not relate directly to sieve size distributions,
These tochuiques are termed cumulative, weighting and moment wansforms, and it is suggested that new
measurement standards are adopted from these techniques and similar techniques. A pumber of new morphol-
ogical sizing technique * are also presented which also produce "size” information as éresult of a new philos-
ophy which states that any measurement which is useful, repeatable and conforms to Matheren's size criteria
can be vsed, Thos a new standard for rock-size measmrement is proposcc!,_y'hich can be used in the mining

industry especially for control purposes.

In chapter § we summarize on the work achieved and concinde the thesis, Recommendations for further

wegearch and areas for imgrovement are also discussed.
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2 THE INSTRUMENT SYSTEM STRUCTURE

2.4 INTRODUCTION

The automatic and non-intrusive inspection of rocks 0 measure rocksize implies the use of remote-sensing
techniques whese radiation is used to examine the specimen under investigation. In general the dervation of

knowlcedge using remote sensing consists of the following scquential stages (West, 1988)

D Intesrogation. The speciten 1o be analysed is interrogated by an energy inpui.

i)  Modulation. The specimen interacts with this interrogating energy varying its characteristics and
modulating this energy with useful information.

itiy  Sensing. The moduiation is sensed and recorded for subsequent analysis.

iv)  Perception. The modulation is analyzed so as to deduce the relevaat characteristic of the specimen,

v)  Understanding. The perccived characteristics are then related to the fundameatal properties of the
specimen,

Thus in order to realize a rocksize instrament using yemote sensing, the instrument systcnn must encompass the

above five stages, In this chapter the philosophies, architecture and structure for a rocksize instrument based on

machine vision and incorporating the above five stages is selected and motivated. The energy sclected for

intesrogation 1is the visible part of the spectrum (light), and thus the method to be used for modulation and

sensing is machine vision, In order to perceive and undersiand images so that a rocksize distribution can be

derived, the mstrument must be endowed with artificial intelligence (AY) capabilitics similar to man (Maragos,

1985).

‘Two subareas of Al arc computer-vision and pattern-recognition which attempt to emulate the human visual

system in order to understand and intespret unconstrained scenes containing inany different objects in different

orientations and positions. A branch of computer vision is image processing in which image o image trans-

formations such ag enhancement, fedtuce extraction, and scpmentation are per'formc:l. Pattern recognition dis-

criminates betweer populations of patterns via a scarch for features or invariant attributes.

Technigues of remote-sensing using light result iv the creation of two-dimensional intensity paiterns from
which size distribation is 10 be inferred. The theory behind the creation of these images, and the motivation for
a data-processing siructire to infer rocksize from these images are the rﬁair. subjects of this chapser. In par-
ticular, the clementary Jow and high level tasks of image processing and paitern analysis for rock-recognition

and size-measarement are broadly outlined.
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22 NOTATION AND SYMBOLS

Throughout this thesis certain symbols zind abbreviations will be used to describe the objects to be transformied
arid the systems which purfoim the transforms. Signal processing is the central concept of where the objects
(signals) are input to and output from systems. All signals are defined to be a subset of .2 Euclidean space
unless specified otherwise, The objects to be manipulated can be either signals or sets, An m-dimensional (m-D
m=1273 ., ) function reprcsents and refers 0 a multilevel signal, whereas an m-D set refers to m-D binary
(two-level) signal, Function processing systems can accept and output m-D signals, whilst sct processing sys-
tems can only input and output binary signals. A subsct of function processing systems can input functions and

output sets.

R and 7 represent the set of real and integer numbers respectively, B=R,, o D=Z,_, is the domain set on

which signals are defined, V=R or Z is the range set on which signals take values. Capital Ietters X, I', depoie
sets, whilst points of a set are denoted by small a,b,...x,»,2 . {x:£} denotes the set of points satisfying somae
propenty P, f:A > B denotes a mapping f whose domain is A and range is a subsct of B, A ¢ertain phase X

can be represented in m dimensions by X,,. For example X, represents the phase X in a two dimensions image.

Au image is defined a collection of points on a closed domain D,= R, where 7:D, ~» V. When digitized the

image becomes [:Z, — Z. The two dimensional image 7 =I, can be also be considered a multilevel signal
{function) represeated by 2 two parameter function in the 3-D Euclidean space as 1 =/(x,y) ,x,ye D . A
profile J; , is a subset of /,, wheie fj==:Dy >V, D <D, A profile can also be represented by a function
& =g(x) where x € D, See figure 2.1,

* . 300
1'4 rangE
6y @ . V / /\/ ’\
& /:“"‘.“

(a) D, (b}

Figure 2.1, Definition of {a) an image and {b) a profile,
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Figure 2.2, Set representative mode! of the conveyor belt,

The rocks and conveyor belt will now be defined in terms of set theory (figure 2.2). The universe which
includes the conveyor belt structure and the rockstream is denoted by the universal set U= {u:u € R,} . The
rockstream on the conveyor belt is itself defined to be a three dimensional marrix Q, Q U . It is assumed
that the reckstream Q is made up primatily of two disjeine phases, the rocks (grains) X , and the air gaps
between the rocks (pores) Y, where ¥ =X, and X UX=Q X<, ¥ Q. Iiis assumed that the rocks and
air do not mix, ie X and Y are disjoint and that X nY =@ . The i'th rock is denoted by X; where X =U{4&}} .
I¢ water (X,) and wood (X,) exist in the rockstream then X UY 2 Q because (X, WX, UXUX)=Q . It i5
assumed that the quantity of wood and water on the conveyor belts is small thus both X, and X, are ignored.

It is also assumed that each rock is discemible from its neighbour ie that X;nX; =@ V i/},

2.3 JUSTIFICATION OF VISIBLE LIGHT FOR REMOTE SENSING

In this subsection the utilization of light for remote sensing as opposed to other types of radiation is justificd,
Note that the ideal objective of the remote sensing syster is to extract a full geometric description of af the

particles making up the rock stream: Q {rom which size distribution can be measured.

The measurement principie behind the proposed vemote scnsing sysiem is that the interrogating radiation
incident on the rocks () is modulated by the properties of €, . and preduces a reflecied or backscattered
radiation (7,) which is sensed as 2 7-I) indensity pattern 1, (figure 2.3). If it is assumed that the modulation
process is & function of the size distibution of £ nemely f(&2), then it shouid be possible to estimate f(D)
frqm the analysis of the sensed patterns in the image 7, .
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There sre however many different types of radiation and associated interrogation and modulation mechanisms
which could be used o implement the measurement system shown schematically in figure 2.3, The different
types of radiation include the electromagnetic spectrum, acoustics, and particle radiation such as clectrons and

nuclear particles,

The choice of radiation is coupled very strongly to the response of the various modulation mechanisms 10 size
properties of the rockstream £ as opposesd to other properties such as shape, surface texture, dielectric,
refractive, reflective, and polarization properties. The propertics of the radiation which interact wiih the rock-
stream Q and influence the sensed image palterns, include the bandwidth, ic monochromatic radiation,

intensity, source radiation pattern, and whether the radiation is incoherent, and coherent (lasers), or structured,

captured limage

inotdent Ughy

Irmdisnce

rockstream Q

Figure 2.3. Block diagram of the link between images and the rockstreans,

Thus {here are a number of radiation mechanisms with which the on-line intcrrogation and sensing can be

done, (Regtien, 1986), (Jarvis, 1983). These include,

(i} attenuation mechunisms ( eg ultsusonics) which is dependant on the transmission characteristics of the
rocks, ic path-length and hence their size,

(ii) time of flight technigues using pulsed ultrasonics or microwaves, which can allow for the height of the
rocks above a reference plance to be measured '

(iii) scattering and refructive methods where radiation | such as light, microwaves, sound, and f[ascrs

illuminate the rocksiream which reflect the radiation to a sensor and creates an image ( Ylitalo, 1986),

The selection of the most approprate technique is also dependent on

a)  The spatial density Ny of the rocks X ,

b)  the actual number of rocks that may be sampled, .
: . i
¢)  The wavelngth A of the probing radiation relative to the rocks' sizes espdtially the smaller racks, as
[
well as, ’

d)  The influence of the surrounding environment which should be minimized.
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The zocks in Q can be closely packed and the spatial densiiy ny high, aithough the opposite is also true. In

addition the number of rocks n, per unit length of belt can range from one or two rocks to a few thousand
depending on the sizes of the rocks and the mining application. High a, or low n,, imply that acoustic or laser
metheds unitizing diffraction and scattering as used with pariicle sizing methods for slurrics cannot be applied
becanse of group and environmental sifects. With high n, time of flight methods using wltrasound to build vp
contours maps are also not feasible because of scanning and resolution problems related to the beam widths. In
addition the reference height of each rock on the top of Q changes randomly with time and position as well,
Acoustic-pulse-echo methods are also not feasible for sizing rocks amiving randomly and with very sudden
changes in height (size) for on line measurcments. Ullrasonic imaging is also not feasible because for example
the aitenuation in air is quits high for the frequencies needed to resolve a millimetre, Refer to Herment et al
{1987) for more comments on the limitations of ultrasonic imaging, and Aldridge and Clement (1982) who
comment that “there is no ultrasonic equivalent of the photograpbic plate”. However Lalouche ¢t al (1989)
have performed 3-D image reconstruction, The use of ultrasoric holography may hold some potential except
that these methods rely on liquid baths and visibie light to obtain the image, Sziiard (1982 chap. 3 and 4} and
Krautkramer (1983 chap. 9.4). Finally how docs one process these resulting holograms ?

Microwaves techniques have intrinsic probiems such as absorption by moisture, and scattering and absorption
by the conveyor belt steel structure (Carr-Brion, 1987) which do not make them feasible for rocksize
mensurement, Laser ranging methods are a possibility, cxcept for expense (Lei: 1988). For most of these

methods image reconstruction and the subzequent object recognition arc common wajor problems.

It is thus concluded that remote sensing usiag a vision (imaging) system is the best method with which a
workirng system may be developed within a reazonable time and for a reasonabie cost. The advantage of light
is that the image J is casy to obtain withont thie scanning, resolution and other problems present with for
example microwaves and upltrasonics, one of the most important being multipath scattering which can be

ignored with light,

An image I is now defined as the 2-D intensity pattern produced by visible radiation reflected from the 3-D
surface of Q. The physical measurement system thus consists of an appropriate light source(s), camera for
sensing and capturing images of rocks lying on the belt, 8 frame-grabber with which to digitize these images,
and a computer where image processing and analysis techniques will calcnlate rocksize from the digitized
images. These rocksize results are then to be displayed on mouniors to plant operators or fed into

process-contiot computers.
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lighting

camera

frame grabber
computer
rockscena
an conveyor belt
Figure 2.4, Schematic diagram of the rocksize instrument based on machine vision.
2.4 THE AMBIGUITY IN IMAGES

Rocksize measureiment using machine-vision techniques is appealing from an intuitive point of view because
observations of the rocksireams allow one 10 gauge quait. ..cely the size of the rocks and how the size dis-
txibution changes with time, Part of the objective of this thesis is however to extract meaningful gquavritative
size measurements of moving rocks from conveyor-belis. The problem here is that the quantifica’ion of
guatitative patterns presented in the images, is inherently a subjective process dependant on the observer and
his powers of perception. In addition each individual perceives things differertly and as Serra (1982) states,

“we see only what wa want to {ock at”,

‘The interpretation and understanding of images which are only representations of the real 3-D world, introduce
some unigue problems especially the ambiguity of object recognaition. Serra (1982) states that "among the very
vague notions with which we live, that of an image opens up a world which js particularly rich with meaniogs,
suggestions ... and with ambiguities 1" Ambiguitics in images imply that there is more than one possible
interpretation or mapping of the image coutents. For example Pentlam. (1984) presents an image which could
be interpreted corectly as being either a crater or hill degending on what a-priori knowledge the observer has
been given. It is therefore impestant to keep in mind the fact that imar.ag and image understanding is an

inherently ambiguous discipline unless sufficicnt a-priori information is supplied.

Serra comments furthier we have "feelings” about images, and o ask one to be precise and 0 describe an image
is very difficult if not impossible, An engineer or a scienlist reguires an objective and quantitative description

from an image, a task whick can only be partislly arcomplished by :sm:ng the scope of th inlerprelation



vhapler 2: THE INSTRUMENT SYSTEM STRUCTURE

associated with an image, which is undesirable. In the same way, the machine-vision system must limit or filier
out zll objects from images which are xot related io size, in order to make the quantification of Jmage content
manageable. However an image filiczsing operation is an exceedingly difficult task becauvse there is a large
amount of information te be considered in images, and object recognition problem:s i% such images does not

preciude indiscriminate filtering.

2.5 IMAGE GENERATION FROM SURFACES
2.51 Intvoduction

The result of the remote sensing process is a 2-D image from which characteristic or statistical diameters and
hence size, will be measured, & - - er in order to make any size measurements, geometric details of the rocks
related 10 their size in the 3-D world must be available from the 2-D image. There is thus a need to establish
unambiguous links between 3-D rocks and 2-D images, showing that features in the image are linked to the
geometry and hence size of the rocks. In particutar, can 3-D information of some object be derived from a 2-D
representation of that object, especially when the 2-D information is corrapted or modificd by known and

unknown functionals, ie noise ?

In this section the geveration of a.,,c8 from surfaces is modelied with the ideal objective of reversing this 3-D

to 2-D process (figwre 2.3) so that the 3-D surfaces may be reconstructed and size measured.

These transformation and modelling processes are essentially object and information extraction processes,
which historically began in the 1940s in other application areas, and which has led to present pattern-re-
cognition theory. Charniak and McDermott (1985) comment that “fortunately we know pattern recognition can
be done, as we do it ourselves", There is thus much support and successful work being done in dediving models
for 3-D reconstruction from 2-D data, For example Pentland (1984) points out that his model for reconstructing

surfaces from images o corrclate well with the human-image perception as well as biological vision systems,

Methodologics for pattern recognition and extracting size: information from images fall inio 1wo main cat-
egories, I) full 3-D surface reconstruction methods, and II) pardal or estimation methods which use siereology
and other image-processing methods 1o extract only those features of interest, Included with the partial methods
are the recently developed morphological methods, (Scrra, 1982, 1988). None of the above two groups of
techniques is independent of the other, and the methods used to mcasure size in this thesis is based on

principles exivied o hoth groups of techniques,
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Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

Full 3-D surface reconstuction is the ideal methodology i use because it is reasonable 1o assume that sizc can
be derived from the full geometrical and spatial description of the surfaces and interfaces of all particles in the
scene under inspection. However because of occlusion, fuil 3-D methods will in generat only be able to provide
partial information of the top surface of Q . On the other haad stereological methods do not require full 3-D
geomelrical descriptions of the objects in order to derive esimates of size. These methods, however do assume

that the 2-D images are accurate represeniations of the objects under investigations,

Although full 3-D surface reconstruction is not used in this application the principles behind these methods
discussed in section 2.5,2 establish the links between the image 7 and ihe rockstream €2 and assumptions fade
with regard to image processing adopted during this research. These links also help to clarify certain probleros

experienced for example with the MSD-95,

Within the group of 3-D surface-reconstruction methods are a number of sub-groups of techniques (Terzo-
poulos, 1988). These are : i) skape-from shading - Pentland (1984), Fermie and Levine (1989), Penna (1989),
Frankot and Chellappa (1988), ii) stereoscopic methods - Marr and Poggio (1979), Hu and Ahuja (1989),
Herman ¢t al (1984) iit) structured-light techniques - Shrikhande and Stockman (1989), Wang and Aggarwal
(1988), Hu and Stockman (1989), Stockman et al (1988), iv) shape-from-texture and v) shape-from-motion.

152 Shape from shading

Shape-from-shading methods establish the relationship between the image irradiance and the shape of the
scene-surface from which the intage was generated. It is the information resulting from this interaction that any

sizing technique must handle,

Shape-from-shading methods are posed mathematically as variational principles or partial differcntial equations
and establish the foundations on which most image processing work is bascd, In discussing the relutionship
between £ and [ it is assumed that the intensities as measured in image / are cqual to the imradiance of the

scene under obscrvation, ic that the sensing does not distort the image.

Let I{x,y) be the observed image intensity pattern and 2y =2{x, ) the unknown surface funcuon describing

the top of Q in terms of {x, y)} in the euclidean space. The relationship between image intensity and objects’
surfaces is shown is equation {2.1] (Frankot, 1988) where R is some function, z, x% s By =~:’; , p is the surface
albedo, V the direction of the viewer (camera), and L the direction of the ligﬁt source,

1{x, ) = R(z,,2,, 0, L,Y) 2.1
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It is assomed that R is spatially invariant and that any point (%, y) on the reflectance map / ig a function of a

single poimt on the (x,y) plane, ie muitiple reflections are ignored. An exact solution (z) to equation 2.1 does
not always exist, and the problem is ili-posed (Terzopoulos, 1986b) or may consist of an infinite number of
solutions (Frankot and Cheliappa, 1988). Ferre and Levine {1989} point out that although practical experience
indicates that surface z can be inferred from local analysis of shading, mathematical analysis supporis the
oppusiie. Both Pentland (1984), and Ferve and Levine (1989) continue to state that shape-from-shading tech-
niques require considerable a-priori knowledge of the scene, and thus cannot be applied vo an unfamiliar scene.
Even tho relaxation of the requirement of exact image recovery, to a qualitative description, still requires the
setting of constraints and assumpiions. For example because Pentland’s technique assumes no a-priori infor-
mation, the image recovery is necessarily imprecise. However most rescarchers conciude that analysis of
shading can provide useful descriptions of scene properties, for example Terzopoulos (1988) has developed

some useful algorithms for shape detemmination.

Pentland (1984} derives a similar model to equation 2.1 to describe image formnation. Consider figure 2.5 in
which a single light source (no secoadary illumination} at L imadiates an clemental surface with unit normal
N. Assume funher that the surface has a Lambertian reflectance function ( Pentland, 1984). The intensity

tecorded at each point in the image is given by
I=pn(N-L) : 52

where 1 the intensity of the idlumiipant. This simplified iradiance equation is a function of six urknowns,
because each unit vector (E,N,L) is d{‘_(‘ined by two parameters, for example ! should be written 7(x,y) , Both
Pentand (1984) and Ferrie et a (198§3i-§lt)ave used different methods to reduce the number of unknowns, For

example, one can assume that L is knowii;f\or one can use constraints from differential geometry (Femie et al,
1989}, “

Figure 2.5, The modei relating the imadiance 1 ag captured in an image to the surface z of Q and the

illuminating light.
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Chapter 2: The INSTRUMENT SYSTEN. STRUCGTURE

If a small homogeneous region is being sxamined then it is reasonable to assume that L, p, and A arc constant.

This allows us to calculate the first and second derivatives of I with respect to {x, y) whiclt is denoted d =~;‘-f:;

and where

dl= d(pleiaN + L)
= dl=pn(dN+ L) 2.3

and

dT=d’{pr(dN « L))
= d¥=pr(d"N+ L) 2.4

Equations {2.2], {2.3] and {2.4] demonstrate that there is a close relationship between the measured image
intensity pattern (I) and the surface (z) of the scene being investigated, Not only does the image intensitics
depend on the surface nomals {2.2}, but the first {2.3} and second [2.4] derivatives of the image intensitics
depend on the first and second derivatives of the surface normals too. These rclationships are significant
because they establish some means with which the location of certain geometric features of the rocks may be
determined. If the edges of the rocks ace assumed to be surfaces with relatively high curvature or large changes
in dirsction, ie gradients, then the location of relatively similar gradients in the image furction should corre-
spond to the physical location of the rocks” edges,

However many assumptions are made with regard to these models [2.2, 2.3, 2.4] of which cognizancemust be
taken, for example local sphericity, Pentland (1984). Factors such as imperfect knowledge of the light sources,
observation esrors, occlusion, multiple souress, and roflections ete, as found in piled rock have also been
ignored. Thus the application of the above models to real images will result in ambiguiries and probiems which

are very difficult to solve in practice (Frankot and Cheliappa, 1988).

Aside from shape feom shading as discussed above there are the stereo-imaging and structuresd Light techniques
for 3-1) surface reconstruction. Stereo-itnaging technigues, Hoff and Ahuja (1989), Herman et al (1984) also
have great potential for building up 3-D surfaces. However large processing times, as well as the ambiguities
pecutiar to these techniques does not make them suitable and affordable for this online application. According
to Shrikhande and Stockman (1989), structured-light technigues provide as good or better accuracy than
shape-from-shading and are inexpensive, However these methods generally provide only a sparse density of

surface norroals and have long processing times,
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253 Partial surface or selective feature recovery

The objective of this rescarch is to reconstruct  given /; and !, . Thercafter the subsequent size of the rocks

will be derived from the model of the surface z, of the rockstrcam . However this reconstruction
methodology is not really viable becanse of the large computational burden, and the fact that this type of
transformation is based or models which are approximations and 10 certain extent ambiguous, as was shown in

section: 2.5.2.

In addition to the massive computing and other problems associated with surface reconstruction techniques, we
need tr ask, "is the accurate recavery of the 3-D surface 2z a necessary requirement to measure rock size 77 It
is hypothesized that a partial tecovery of zo from which some size parameter could be extracted anu which

requires less computation, coultd be sufficient for the estimation of rocksize.

The ab we hypothesis is argued as follows. Shading analysis and reconstruction stifl only atlows for the
reconsiruction of the fop surface of the rockstream, which is only a sample of € , Thus the estimation of the
rest of the size distribution of the coﬁsnituents ié\reliam upon statistics. The inevitability of statistics together
with recognition that true reconstniction is pracilcglly i”mpossiblc: and that it has its own problems, makes
alternative methods such as stereology, which only tequires partial information as provided by sections, a good
candidaie for rocksize meaé;\,\;.rcmenc 1t is hypothesized further that selective feature extraction is 2 more viable
image processing objective, z‘i’s,fsuming that the features relating o size can be extracted and that the cost thereof

is less than that of full image élyface reconstruction,

AN .
I

\:I'l
It is thus suggested that a balanced methodology falling between the very complex (full image regonstruction)

- and simple (sclective feature extraction ; techniques, should satisfy the requirements of this measurens . sys-
s -~

terrt, which at least is 4 measurement every few minuies on a powerful PC. Figure 2.6 shows the trade-off
besween a complex solution requiting a farge amonnt of prpeessing 1o achieve Jow errors versus the simple

solution requiring [ess processing.

Figure 2.6. A conceptuat relationship between processing time and errois versus the complexity of the
_methodology required for extracting a surface from an image.

i3
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2.584 Caonclusion

A number of techniques f - modelling the process of illuminating a scene wit: light to sensing reflected
intensities i an image were discussed above. As found inthe  *»ture most of these techniques have generaily
been applied 16 scenes of simple objects, or single objecis 'of relatively complex shape, eg a rock or face
against a simple bac&ground, (Pentland, 184). Thus the response of these techniques 1o scenes of complex
objects igél_;;‘.nlcuown. In addition it appears fromn the literature that most shape-from-shading techniques have
been ufied in awﬂemxc applications, where the large amount of computation required precludes Lhese
techniqﬁés from use in cost-cffective realtime appliczions, although Terzopoulos (1986a) has developed faster
algorithms,

The probability of accurate estimation of the surface geomelry of ~4 the rocks using 3-D modelling technigues
is very small because of fundamental loss of information when transforming from 3-D to 2-I, and phenomena
such as occlusion. As a conscquence, a compromise between an accurate solution with low ervor requiring
large processing times and expensive hardwar, and a real-@%me system requiring less expensive hardware and

producing less accurate resulis, saust be fonnd in owwer 1o a realize a workable instrument.

Noting that the accuracy of a system is only as good as its worst part, it must be asked whether the effort
required for the accurate 3-D recoﬁstfﬁ'bﬂgn of images is justified ? The principle of operation of the MSD 95,
which is the simple 1-D image-pmcessiﬁg sapports the thedry (nat no accusate reconstruction is required.
Howevqr';he problems with this instrument argues for the empl'éymem of more complex processing such as

2-D image processing as opposed to gne dimensional processing.

1t is finally concluded that a solution oF partial surface recovery or sefective feature exiraction from rockscencs

which falls between 3-D and 1-D processing is the most practical and viable method with which to recover size

information from images for size estimation.
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2.5 2-D VERSUS 1-D IMAGE PROCESSING
2.6.1 Infroduction

Although the use of machine-vision is justified, the preference for two-dimensional image processing as
opposed to one-dimensional image processing still has to b~ justified, In this sebsection the use of the full 2-D

image to obtain more information and knowledge for better rock identification. is motivated.

As mentioned in chapter 1, a commercially-available rocksize instrument, the MSD-95, uses onc-dimensional
imuge processing Lo gauge rocksize, The measurement technique used by the MSD-95 relies on the assumption
that the reflected light intensity represents the presence or height of the rocks above the belt as given by

equaton {2.5}, Brighi areas are rocks X , and dark areas the voids ¥ in between the rocks, .

zoo:[ 2.5

Howsver as is given in equation [2.1] and {2.2], the relationship linking the 1mage and roukstream surface is

maore complex than that shawn in [2,5].

2.62 Thresholding of Profiles

As part of the motivation for the ﬁﬁlization of 2-b images, this subsection examines 1-D profiles in order to
reveal the limitations and ambiguities arising from operations such as thresholding., The profiles ;x) arc
extraced from images taken off the top of Q where by observaiion the rocks can be identified with almost a
hundred percent certainty, Sﬁbjectim_z the profiles to a ihreshalding operation effectively emulates the operation
of the MSD-95,

Thresholding classifies g(x) into two classes "7 means of threshold value ¢ =a which gives rocks X, =X,{g)
and the non-rocks X°¢ = X%(g} where ..
X@={rs Pgx)2t} —eo<t<+e 26

Xi@)={xe D)<t} ,  —o<i<4o 27

as shown in fizure 2.7, A linear-intercept (chord-length) distriiwetion p(L) is ther catculuted by estimating the

length £ of the i'th rock [X,(g)), where L, = L{X,(g)], and {Xig)], « X/{g) . See figure 2.7.
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Figure 2.7. Calculating chord-length distributions from 1-D profifes.
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2.63 Separate and Piled Rock Piles

Although the objective in this subsection is to justity the use of 2-D images becanse of .ccrtain inradequacies
with 1-D images, thresholding of 1-D proiils should not be rejected totally out of hand, There are instances
when prafiles provide sufficient infommanc fur vatio »~ accurate rock-idengification. This only occurs when
the rocks X' are not piled together and e spatis* .dci-;;_.ity Ny is low, ensuring that the rocks don’t touch each
other. A homogeneous background of sufficiemly ditferent contrast to the rocks also improves the validity of
this operation making the rock identification process trivial as shown in figure 2.8(&)_ and 2.9(a). Both the 2-D

image and 1-D profiles can be used for unambiguous rock identification.

However when rocks are piled up or at least touching as found on the rockstream, probability of false-rock
identification is increased as shown in figure 2.8(b) and 2.9(b). It can be seen in figure 2.9(b) that the
unambiguous inference of the presence of an individual rock is more difficult with profiles than with 2-D

images.
The main causes of errors resulting from the use of 1-D profiles from piled rockscenes are that

(1) The sensed iradiance from the rock scene ie image /{x,y) is not always directly proportional to the
hieight of the rocks above the belt z,(x, +) . In many cases with non-touching objects the assumption that
1(x, y) = z¢(%, y) is valid and eunsformation and X,(g) =X is fairly accurate. However this assumption is
rendered fulse when rocks are (a) piled together causing their height above the belt to vary randomly,
and (b} their sarface texture is rough, not always concave with geomeiric protrusions and indentations,
For example, a shadow occurring on a rock’s surface that is physically high above the reference surface,
is nsually sensed as being below 2 selected threshold and is herce ciassified as non-rock Y splitting a
single rock into two as shown in figure 2.10(b) and (c).

(2) Tiw chord-length measarement L[X{g}] is very dependant on the selected threshold ¢ (see figure 2,13),
but because the level of irradiance varies across and along the lepgth of the bely, ie is a function of x

and y, biases are introduced when thresholding,
(3) A single 1-D profile taken from the centre of the belt only samples a small portion of the rockstream Q

and the rovks on eithor size of the rockstream centre are ignored. Because the distribution of rock across
the belt is generaily not homogentous, the measurement will bave an inherent bias. In order to reduce
this bias more chord lines should be sampled. See figure 2,11,
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(a) {b)
Figure 2.8, Image of {a) scparated and (b touching rocks. The tonching rocks in figure 2.8(b) are the
same rocks as . figure 2.8(a) except they were pushed together,
240 1 ; 240
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Figure 2.9, Profiles taken from row 100 in figures 2.8(a) 2.8(b).
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Figure 2.10. Examples of how ridges and other features on the surface of a rock may cause a rock to be
o split (segmented) into fragments when threshoiding. Original image s shown in figure (a).
Figure (b) shows z vertical profile column 121, and figure (¢) shows the horizontal profile
row 40. Both profiles have been threshold at ¢ =120 , and possible voints for erroneous

splitting are shown gs thin dotied lines, while the irue points for spliting are shown as heavy
‘dashed lines,
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264 Advantages of 2<D Images
Two dimensional imapes provide two distinct advantages over the use of 1-D profiles.

I Two dimensional images provide preater access to the material or the conveyor belt, thus removing

some of the bias caused by sampling a small portion of the surface area of the belt as the MSD-95 does.

(Poiut 3 in subsection 2.6.3).
I  Two dimensional images provide for less ambiguous id»m:Fication cf rocks. This stems simply from the

fact that higher order dimensional data provides moze infe ‘metic a ind insight.

I MORE SAMPLING - LESS BIAS

'A'2.D image allows for the conveyor belt to be sampled over ifs full width tirough the use of a number of
paratlel or orthogonal probe lines, See figure 2,11, This rauitiple sampling includes more rocks into the esti-
maticn process, as well as increasing the number of chords processed, both facters which will reduce the bias

and varianeces in the measuremernts (chord lengths) to be made.

f-':::. B comeyoerbeit
R

Figure 2.11. Multiple probe lines sampling of all matesiat on the conveyor beli,

I MORE INFORMATION - LESS AMBIGUITY

Two-dimensional images provide mere information to resolve the ambiguitics associaied with rock identifica-
tion, As a first step towards demonstrating the usefulness of 2-D images, it will be shown that probe lines
adjacent to the main probe litie, extends the knowledge avaifabie by forming a psesdo 2-D image, where
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a-priori the ohserver can corroborate the existence and cdges of a rock. The need to use g-priori knowledge is
unavoidable, for example it is known that rocks cannot have isthmuses, holes or be perfectly square, thus fea-

sures implying such structures can be filtered out.

Consider a single probe whicli returss a profile gu(x) taken from the 98°th horizontal row in the image

2.12(2)*! as shown in figure 2,12(b). The locations of the perceived "true*®” rock edges in X,(g4) arc shown at
the bottom of figure 2.12(b). Note that it not the absolute position of the these edges to the x-axis that is
important for size measurement, but rather the relative distances between the edges of X (ge) because it is

assumed that the length measwrement function L() is linear, ic L{yX)=YL(X) so that for a size distribution

p(OYL) =Yp(L) where % is a scalar,

Gray level
3 8 B B
%

(a) (b) Pixel position

Figure 2.12. Example of a profile exiracied from an image for the purpose of 1-D rock identification. (a)
Sample image and (b) gray levisl profile go(x) taken from jmage and perceived rock edges.

~

The threshold rock profile X(g) is strongly dependant on the threshold ¢ and this is demonstrated by comparing

P . 2 T

the two profiles X, .q(gw) 2nd X, _ .20} shown in figure 2.33(b) and (=%, «hich do not correlate very well
with profile X,(ge) shown in fig. 2.13(a).

. 21 This image was taken off a pilot plant conveyor beit syatem moving a¢  0.5ms™ . Q consists of quantzits in the size range
oY ) 13-39mm. The image presented ix & sub-image {200x200] pixels of an origina [312x512] imsge.
' 22 The "true” rock position is identified by hwman visual inspection aid analyzis Lo which there is no equal as far as ALis con-

carned, Thets rock boundasizs are located becanse of a priosi knowledge of the expeciad shape of the rocks and prior examin-
ation ang learpisg of the racks in the full 2-D image.
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Figure 2,13, (@) The ideal threshold X,(g) (0} X,-w(8s) (©) X, -100(258)-

This dependence on 1 is illuctrated funther in figures 2.14(a)-(f) which show binary images extracted from
image 2.12(a) by the 2-D threshold opermor which is simple extension of equation (2.6 and 2.7] and is given
in equation [2.8] where it is assumed that white=X, black=X“ ,

Xl (D ={(x,y) e DxD:i(x, )21} { °°"-'-f<oa}

Ix,»)eV 28

An imporiant difference arises when analyzing the 2-D and 1-D images and profiles respectively, This is that

= erroneous features can be identified and described with less ambiguity in 2-D images than from 1-D profiles. _
This can be seen in figure 2.14 where the rocks are almbst upambiguounsly identified even with the \

segmentation t;TOrS. This reinforces the conclusion that given piles of rocks, the topology is almost impossible

) esiinhate accurately or with confidence from a single 1-D profile and that the 2-D image will be more usefal

/ as shown in figure 2.14(z). The imporiance of a-priori knowledge is demonstrated clearly in figure 2,14 where

| the threshold images (¢)-(h) cod;d be identified as being rocks or for example a close up view of sponge pores,

in which cases the joining between the features in the itmage is justified.

There are 1wo main type of rock identification errors that arise from thresholding. These are (1) thw connecting
- bridges between rocks, which merge perceived areas of one tock with another, and (2) the cavities or holes in
the interior of the rocks. See the threshold images in figure 2.14 and the errors in figure 2,15, ?

A
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1t is known a-priori and hewristically that the narow connecting bridges between rocks as welr as holes cannot
physically ocrur. Yet these bridging and hole errors ar~ difficult to resclve given only a one dimensional
profile, With 1-D profiles, it is difficult to differentiate between erroneous bridges and the true continuum of

a real rock, and holes and genuine gaps are often identical,

It is snggested that these ideniification mbiguitics are the major cause of emcrs in the measurement of
chord-lengths, especially when simple thresholding is used. It however the size range and shape of the rocks
are known a-priori, then the approprizie 1-D filtering may be applied in order to derive the particles of known

size. (But if the rocks size is known, then why make the measurement ? )

However fuspection of adjacent profiles can reduce errors and ambiguities when identifying and predicting the
shape of a rock. For example, inspection of adjacent profiles gos(x) and g,,(x) in fig 2.16 reduces the
unceriainty associated with the classification of gog(x) into rock X and non-rock ¥ especially with vegard to the
oscillations of gy in the vicinity of points A in figure 2.16. A possible measure of how well adjacent profiles
iit together conld be dene by cross-carrelating the profiles locally or piecewise to confim or reject a local
classification. This is esseniially a pattern recognition and matching process where it is assumed {a-priori) that
the shapes of the near adjacent profiles cannot change too much from the profile under inspection. Ideally we
would thas like to inspect all profiles, and in the limit the set of all adjacent profiles becomes the continuows
2-D) image, equation {2.8], whicl pravides much more knowledge {or a better understanding of the contents of

the signals,

I,y ={g,(0) € Vix.y) € Dy} 28

Witk 2-D signals the corsefation beiween neighbouring parts of profiles around a point in the image is extended
to the consideration of sub-areas of the images extending radially outwards from the point of interest, Thus a
noise impulse wRicl in the 1-D cross sectior looks like a valid boundury between two rocks is casy to identify
if the surrounding area is identificd as part of the continuous surface of a rock, see figure 2,1 7. This 2-D
knywledge can be utilized in more complex manner dy allowing for Al rules based on heuristic or a-prior

knowledge to be formulated for . mproved rock identification and hence rocksize measurement (Berg ir, 1985).

Despite.the advantages of 2-D processing, there will always be uncertainties with object or rock identification
because the third dimension is stiff lacking,

45

R i e S




Chaptaer 2: THE INSTRUMENT SYSTEM STRUCTURE

AEETT RIS - ini

[

180

160 -

1an2) sl

— .

100

40

20 140 160 180 200

1

0

Pixel positio,

Profiles gos(x) , Boa(X) » &%) showing how they extend the knowledge about an area in

Figuie 2,16,

the image. In arca A there is conformation that 2 rock is present. In area B profiles go4(x) ,

nfirm that there could be a rock but profile g, (x) indicates thav this part of

the image could be the edge of rock or that there is noise in this part of the image.

2

and gyx), ¢

B LAk L)

46

Dl Jemn



Figure 2.17.

Chapter 2; THE INSTRUMENT SYSTEM STRUCTURE

b
®
<.

40 -

0 - "

(a) 0 20 40 €0 80 100 120 140 166 186 200
Pixel position
pussible spikes

4
2
o
&
@

‘o -

0 " v

) 0 20 4 60 8 100 120 140 180 180 250

Pixel position

Original images (a) and (b} and corresponding proiiles. Profile (a) is column 121 from
image (a), and profile (b) is row 20 from image (b), °

47




et mn o

- L
‘/--.-.__ AL R A e
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265 Acute angled lighting to improve rock identification

In order to racdvce the ambiguity of rock identification designers of the MSD-95 use acure-angled lighting to
enbance the shadows between the rocks. This shadow enhancement technique effectively fosces the gray level
of the areas of image-function associated with the spaces between rocks 10 be lower, thus increaring the

probability that such voids will be classified as non-rock when thresholding, Figuare 2.18 shows the setup for

lighting ‘ camera

implementing this shadow strategy.

rockscene

Figure 2.18. Setup for low angled lighting for rock edge enhancement,

However as mentioned pre;.-iously, the surface of the rocks as found! on conveyor belts are in general not
convex and are highly angular with sidges and hillocks, Thvs low-angled Yight wiil amplify the shadows caused
by these surface featres in addition to the gaps betwreen rocks, subseqaently increasing the incidence of false

edges which counteracts the advantages of using acute angled lighting for emphasizing the rocks’ boundaiies.

Thus there are optimum or critical angles of illumination to be chosen. Figure 2.19 shows scene and corre-
sponding profile changes as a functior the angle of the light intensity 8°. (The angle is measured from the
herizontal.) Note that the apparent shape and size of the rocks change with 8° where the rocks become smaller
and the vatleys become larger. This canses biasing in the measprements which is evident in figure 220 vhich
shows the average chord length measured as a function of 9° . Figure 2.21 shows how the gray-level histogram
changes with @ as well, In the gray-level histogram the pixels are shifted away from the bright to dark which
corresponds {0 shifting parts of an object to background hence decreasing the size of the rocks, This
dependence of rock shape and size is demonstrated further in figure 2,22 which shows the cross correlation

daci Sinient R, between a sample profile 2'(x) illuminated with light at 76° and the same profile illuminated

with lower angled light, ie 8 <76° .,

48

S o et SN
e S O e




Rt
PR

"*
(1

A A o - o, A e R P

Figure 2,19,

Images and corresponding profites g%(x) taken from row 100 for various sngles of lighting
8=78%66°55°%47°,36°,30° going from top to boitom

@° For the ghove images
repsectively.

foval

Gray losel

Giesy level

Gray isvel

Gray lovel

Grey lowel

. M

Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

: 3/'WM

o 20 40 &0 B 10 12 (40 10 160
Plyel pasldon

240

18

0

%% B0 B 3010 140 10 1R
Pixsl posiion

240 |

150

0

TR W & 100 120 m THee 180
Hnlpuluon

240

" '

»

°S T w womuomuo
nmm

240

180 {A’ (“

E‘A

0% " —40 .wmwmuo
Phntpnlton

280

H R0 4 80 MW 100 ¥ 1K 180 1)
Phusd positon

49

P <




i o 8 TNUE Ml ALV AN NI @ o8 o e WS fmmmeeces @

Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

42 1
© »

% e

= .. ,
t [ *
2 x P
2 ’ L
i i
3 -
e 2 ’ -
g "
g -
> e'.'.
z 2 L.
L
1 -
"..f‘
14 T v . " Y
) 50 70 '
. | \ Angle of incidence '
. Figure 2.20. Plot of average chord length measured from all possible probe lines in the horizontal

direction versus different angles of incidence 6°,

800 -4

800

Frequency {mumber of pixels)

400
i
ewd
D
NS
e e
X _.,,_,,-‘.,.-.n-..m.n..-:-i‘.'."f:.rﬁ“““"‘"
[ 0 4 ' : " r . Y
0 AL - 00 120

Gray lavei

Figure 221. Gay level histograms of an image illaminated with light ai three angles of incidence. Each

histogram curve has been smoothed with a 3-point moving average filter,

i

ks

50




Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

0.50
0.85 i
0.80

R.75 =

.
Nay
..
N,

.
.
Ve,
.

N M

0.70

canralation coefficient

0.65 - e

SO

0.80 |

8.55 T T T T
4 : 20 : 40
Difterence in angle of incidence

Stan angle « 78

'; ‘ Figure 2.22. Graph showing the "deterioration” of the comrelation coefficient R,, between the profile at
76° and the same profile taken at lower angles of incidence.
2.6.6 Conclusion

Although the image and its profiles are in general niot contour maps of the rocks in th> image, they are closely
related. The above ob:. vations don’t prove but reinforce the intiticn that 2-D images do provide more

knowledge with which to reduce the ambiguities associated with rock identification, Obviously if 2-I} image

ﬁ processing is to be introduced for rock identificr™ n, it must be efficient and obtain the apraopriate results with

: reasoriabie accuracy in order to justify its application over the simpler a . less costly 1-D processing.

1t is also concluded that angled light is useful in separating touching rocks in rock-piles because the true rock

;::_ edges are accentuated. As a result slightly angled light wds used during this research 0 enhance edges.

7 However the increase in errors caused by the amplification of "false edges” on the rocks surfaces offsels the
advantages of clearer edge detection, Obviously rocks or objects with smooth surfaces will benefit from thié
scheme,
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Chaptar 2: THE INSTRUMENT SYSTEM STRUCTURE

2.7 SAMPLING THE ROCKS - A STOCHASTIC PROCESS

271 Introduction

In section 2.5 it was established that accurate recovery of the surface geometry of the rockscene is difficult and
will not i» pursued. In addition it was shown in section 2.6 that there are many ambiguities ~~-nciated with the
identification of the rocks evin with 2-D processing. Because of the erratic nature of the flow of the rocksiream
{2 any quantitative measurew.iat made on the images feaiures will vary not only from image te .- ¢, but
within an image as well. Therefore any measurement on £ must be statistical, and will be a fuisctios. o random
spatial as well as temporal parameters. This implies that the rocksize measurement will consist of esimates or
expected values with related biascs and variances because as is shown in section 2.7.2 the rockstream is

effectively a stochastic process.

Physically the measurement process will consist' of taking a snapshot of portion of the rockstream at a
particular time, analyzing the image and measuring size data which will be swatistical and have errors
associated with it. This measurement process is 10 be repeated continuously to produce an online measurement
gvery tima interval AT where { = ATi and i is the i'th time interval to give fR{D,ATi) where £ is an estimate
of f . Consequently the rocksiream must be sampled appropriately to reduce common problems associated with

sampling these being, bias, large variability, or low confidence in the output data, (Larson, 1982},

Therc are three main groups of sampling reswictions or limitations that affect the measurement of parameters
from rockstream images, These are, (i} observation restrictions, (i) hardware ¢r digitization restrictions, and

(iii) frequency response limitations, discussed in subsections 2.73, 2.7.4, and 2.7.5.

2.7.2 Developing a statistical model of Q

A rock of size 2 passing a point on the belt ot time 1 is a random cvent with some measure & which has a
probability Pr associated with it. The set of 2ll xocks over all time of all sizos D 0<D S0, 15 the set E of
all possible events which is certain and has a probability of occurring of 1. All subsets of = are events too, and
have probabilities of Pr <1 associated with them, In reality, only a mendser of tocks pass a point on the belt at
time ¢ to give a set of events {,.5..} c:.':-.', which has an associated rock size distribution fo(D) for that particular
moment. Thus as the rocks pass by a point the rocksize distribution f,(Dy will vary randomly wilh time

because the elementary events of rocks of certain sizes being sampled, varies randomiy, Thus the rockstream
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can be modeted as a stochastic process (Papoulis. 1965) £,(D, ) with the r.ndom variable of interest being the
xocksize qistribution which vari4s "randorsly” with time and where D is some equivalent-size or characteris-

tic-diameter.,

o T T

Wy Moy wey Wy o4

rno A

)/

p(D..B)

®) o

Figure 2.23, {a) Measering chord-length distributions f(D,¢;) at intervals froma the rockstream which is

_  a stochastic process. {b) Showing a hypothetical joint probability distribation p, for a size
N histogram of twe classes, D; and D,.

The stochastic process is shown schematically in figure 2.23(a) where a sample of the size-density disiribution
| folD, 1) is measured every AT intervals. Note that the size-density distribution f,(D, £; is a continuous function
and is itself not a probability density distribution. However cach and every single point f{D;) on the distribution
JolD, 1) is refated every other point and a jeint probability-density distribution function py(...D; ., D, D 1.}

exists where 1 <1 < n and n is the number of points in a rocksize hissogram (D, 1) .

For a continuous rocksize distribution (D, ) the number of points is infinite and the joint probability dis-

tribution p, is of infinite dimensions. Figure 2.23(b) shows the joint probability distribution for a two pu’nt
4 histogram where the axis of p, {(p(D,), piDy} comes out of the page. The function pp{(p(Dy), p(D)} is a 2-D
susfase, If either D, and /2, are kept constant then either probabiiity density diswibutions p(D,} or p(D,) asso-

ciated with 2 two class size histogram mzay be derived.

It can thus be secn that in order to characterize the size distribution of the rocks on the conveyor bels fully, it

Wt

is niccessary 0 determine the statistics and,'or probability distributions for an infinite or large number of points
associated with £;{D,#) , which is impossible because the tools of mathematics are incapable of handling such
a problem, (Barker, 19%0). The point to be made heto is that the rocksize measurement process of a rockstream

2 is inherently limited, and at best the stotisiics or probability density distribusions of only a finite number of

53



Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

points associated with £(D, ) can be determined. It must also be noted that statistics assceiated with the size
distribution such as average-rock size f(D) , or the variance G(D) in rock size. are also dependent on the joint

probability densivy distribution py .

Note that all these bmbability density functions eg pn(D) and associated statistics, arc nor necessarily

stationary which complicates the measorement process even farther.

273 Observation restrictions

This restriction occurs becanse only portion of the reckstream  can be observed, In particuiar only the surface
of the top layer of rocks facing the observer is semsed due to the opacity of the rocks, and portions of an
observed rock are likely to be hidden from view due to occlusion, figure 2.24. This restrictions limits the exwent
with which the instrument is able to probe the interfaces between the rocks X . This limitation is undesirable
because the jdeal sofution to the measurement problem is based upon the assertion that total knowledge of the
relative spatial relationships of the surfaces of each and every }ock, will allow for the unambiguous identifi-

cation and estimation the size of each particle, and hence the full size distribution.

obeerved mck susfaca A

LSS o

/ partlatly okserved rock surgce

rock not obasrved

Figure224.  Limitations of machine vision

This observational-sampling problem poses & fundamental question, ¢:f whether the restricted view or subset of
the rockstream £, & L2, can provide valid information for estimating the size distribution of the rockstream Q.
1t is hypothesized that €3, will alfow for the estimation of certain properties of the size distribution of Q,

Jo(D) through the use of stereological methods, but within limits (chapter 3). This asscrtion is unique only in
the: context of thoso rocks ana é(;nveyor belt. This is because stereclogical methods have already been applied
to a multitude of geological, metallurgical and biological problems where the size distributions of the particy-
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fates of a larger body have becn estimated from their sections or their projections, see Weibel (1979},(1980).
In stereclogy numerous mathematical models have been developed to cope with each particular application.
However the rocksize problem is unique and different in a number of ways, which makes modelling the

rockstream for the application of stereclogical techniques difficult, In particular

i)  No sectioninj} can be performed on the rockstream.

ii}  Qnly the mp layer of the sample can be seen which is inherently a nonhomogeneous and non-isotropic
particulate system, (The assnmption of the homageneous dispersion the particles in a structuze has been
Justified in many other sizing problems.)

iti)  The number of samples to be dealt with in an image is very low compared to microscopic and other
sizing applications using stereclogical methods.

iv)  The spatial deusity My of the rocks is very high which results in occlusion.

A ﬁéssible solution to avoiding this restricted view problem is to ensure that L2, — £2. This could be donc by

mechanically rearranging the rock feed on the belt into a sparsely distributed mono-layer, with low Ny . This
would allow each individual rock 1o be unambiguonsly represented in the final image with no overlap and
occlusion, Hence accurate statistical or equivalent diameters may bz measured, for example projected area,
perimeter or ferret diameter, See appendix A. However this solution is not feasible because the rcdesig'n’v"and
reirofitting of the required mechanical hardware is not {inancially justifiable. Speeding up the conveyor belt
can spread the rocks out into a sparser distributicn, however the possibility of mechanical breai:down is
increased Gramatically, and the Joading from hoppers eic must be smcoth and continuous which is almost
impossible to achieve, Rﬁduccd mass-throughput as well as mechanical wear and reliability are other reasons
for concern here. It is Ltré)fact that the rocks are piled togethier on the belt that creates the unigue measurement

problems addressed in thig thesis.

274 Digitization reéerictions

/

/Fhe next set of zampling restrictions is due to the limitations of the hardware. The rockstream £ muss be

sampled in three prthogonal directions where the distance along the belt x ig a function of time x =x(f) Sce
figure 2.25,
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Figure 2.25. Sampling the rockstream

An ideal system wiil capture an infinite number of sequential images with no part of the rockstream left
unsampled. Each image would span the full widih of the belt, and each pixel will be infinitesimally smail with
infinite resolution. Obviously this is not possible beca=se of finite memory and processing speed of compuier

hardware,

Thus two sampling decisions must be made, These are (i) The number and spacing of images to be captured,
and (fi) pixel resofution, ie the ratio of millimetres (o pixels which is the proportion of the belt scanncd for a
fixed amount of computer memory. Pixel resolution is 2 major point of contention as shown in figure 2.26, In
2.26(a) there are more larger rocks of coarse resolution available with little or no possibili y of resolving the
smaller rocks. In 2.26(b) the smzller rocks are resolved but there is little possibility of sampling the large rocks
fulty. A possible solution to this problem is to sample portions of the belt at high resolution using a number of

image systems operating in parallel, an undesirable and expensive solution.
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Figure 2.26. The problem of pixel resolution versus the propostion of the belt sampled. In (g} the full.
width of the belt is scanned, In (b) only 2 small portion of the delt is covered providiag finer

resolution,
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278 Sampling restrictions

Associated with the hardware restrictions are sampling restrictions which affect the frequency response of the
instrument and the bandwidth of the output signal f,(D,r). Scenes of Q are captured at finite intervals and
proressed at finite processing speed resulting in a sparse sampling of <2 . In addition the number of rocks per
image on average can be very low which leads to a large variance in the statistics of the rocks per image. A
itnportant sampling objective is thus (a) to try and gather as many samples of rocks together in order to
decrease the variances of the measurements by taking advantage of the law of large numbers and averaging,
and (b) to decrease biasing caused by insufficient sampling, ‘This is done by scanning the full width of the beit
and capturing as many images 23 quickly as possible to be processed. The outputs from each processed image

are then combined together 10 give an estimate of the average rocksize distribution.

In order to facilitate this averaging scheme to reduce the variances it is assumed that the stochastic process
FfalD, 1) is stationary over a short period of time, ie that £,(D,¢) and fo{D, ¢ +£) have the same statistics for a
period of time £ <7, . If the sampling time is 7, and the time delay betwesn images being captured is AT then

the number of images » processed and averages is given by

,,:51 AT <& 2.9

D §! P and o, are the average size and variance of the size distribution associated with image /; , then the mean

and the variance for n images in a sampling period of € is given by

old 2.10
| = 1
Fe m.uupf

— 1 s 2

Oigﬁ-ii%l cﬂg 2.11

because i, =it;,, and 6, =0;,, fori=1.n-1. It is also assumed that the covariances are zcro, ic the image

samples are independent of each other,

Two sampling methods for collecting images nd averaging their resultd can be implemented, (i) a continuous
periodic sampling method, and (if) a periodic batch sampling method, where groups of images are captured on
a relgtively continuous basis for a short period of time, pericdically. See figure 2.27,

57

s
f
1
A

=

E3



S

A

! “fl. :

Chapter 2: THE INSTRUMENT SYSTEM STHUCTURE

tde: sampling

Convavor balt ; ( a)

Continuous sampling

!
| i
! !

araa of rockstream ¥
coverad by camers processing lime (b)
for ene image
T,
It >
|
; batch sampling
o
R imagesr - processing time for
capturad n images
Figure 2.27, () Diagram showing idea! time sampling of the rock stream passing under the camera, and

(b) the two actual mcthods that can be implemented given the restrictions of hardware.

1n addition to sampling enough rocks by capturing enough images, it is important that the image sampling rate
of the instrument be fasr enough to ensure that the changes in the rocksize distribution f(D,¢) may be
ooserved with significant resolution { re Shannon sampling theorem, Stanley, 1975) . fi(D, 1) is a function of
time and it is the dynamic behaviour of f(D,1) that is of interest as well as the absolute measurement of
fo(D. 1) . Averaging the average rocksize outpat from a nvmber of successive images I(z) to reduce variances
has the undesirable effect of Jow-pass filtering the output signal, and reducing f* where

= 3fa(D,0)
Fa—tie 2.12

Note that the highest resolntion of the dynamic behavicur of the rocksize distributi ms - “so dependent upon

the maximum size of rocks in , which determines the minimum size of the im-ge cquired and thus the

distance between successive images and hence the sampling sampling of measured rock parameters,
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2.8 DATA PROCESSING AND FLOW

From the previous sections it is corciuded that the task of the rocksize measurement system w'li be to relawe
the raw input data (image) to parameters of the physical events (size properties) that caused the image, Given
that this measurement will be based on machine vision, the flow of data through the system conceptually can
be broksn down into an acquisition siage (which includes interrogation, modelation and sensing), followed by
three sequential stages of image and knowledge processing in order to understand and derive knowledge as

shown in figore 2,28, These stages are:

1) Acquisition where the refiected and modulated light is recorded as an image.

1D Image transformation which includes the identification and extraction of characteristics from the images

of Q which are uniquely related io size.
) Measurement of these characteristics

IV)  Interpretation of these measwements to a form readily understood eg a transformation 1o sieve size.

We can represent stages II, III, and IV by the following

L= 213
pMy=n() 2.14
JD)=Y [p(M)] 2.15
where { is the image as captured by a camera
i, is the transformed image
v is the image transformatinn
i3 is the measurement process

p(M) s the population of characieristic diameters or parameters M related to rock size
JD)  is the required size distribution

A if the process to calculate the full size distribution from the parameters

The input to ¥ is the raw image 7 and the oatput is a binary image f,. The objective of process ‘¥ is to abiain

a compact description of the size related properties in image / which should be complete ard meaningful as far

as tock size measuremenis ate concerned. This is essentially a filtering task which removes or suppresses image
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features not related to size (Williams, 193%) and amplifies or isolates thnse featurer; related to size. This filtering
is required because in general Al and machine-vision techniques are in a primitive stage of evolution, and the
more complex the contents of the image to be analyzed, the larger and more difficuit the computing task, which

is not always deterministic,

<:H AW IMAGE >
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TRANSFORMATION

’ IMAGE OF SIZE
CHAMACTERISTICS
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>
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SIZEe
TRANSFORM
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Figure 2.28. Block diagram of the three stages of processing to transform images o size knowledge.

From the analysis of the rock images (section 2.5) it is hypothesized that the size-related features to be
extracted are the vock edges. This is based on the assumption that the physical edges of objects are
fundamentai descriptions of the objects and that the rock edges do relate or project to transitions in surface

orientation or texture, (Chen and Medioni, 1989), (Marr and Hildreth, 1989).
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Chapter 2: THE INSTRUMENT SYSTEM STRUCTURE

The edge detection stage ¥ can conceptaally be broken down into two interlinking wasks of low- and high-level

machine-vision. The {ow-level tack is the detection, Iocalization and characterization of edges in the imnage

Yunction, These resultant primiz.ivé. edge sets are imperfect and contaminated with noise. There is thus uncer-

tainty with regard to the validity of these edges for size measurement because most local edge .detection algo-

rithms cannot discr sinate classes of edges classified syntactically, in particular between rock edges which are

due to surface aberrations and those which are due 10 the rock’s perimeter. There is thus a requirement For the

higher level tasks to classify edges into perimeter edgos and other edges construed as noise. Refer to chapiers j
4 and 5.

Qiuntitative meastrements ] are then made on the size dependant pattems in /, to form a distribution of
parameters p(M) where M =M, is a characteristic of the geometric properties of the rocks of dimension i eg,
length, surface area or volume. For this research lineal intercepts were chosen as the required parameters,
where M = L; . (The motivation for chord-length distributions is discuzsed in chapters 2 and 4), Although the
measurement i which renders p(M) is presented as separate entity from ¥, the combined process pf'¥; may

be conceptually or algorithmically inseparable,

The last stage is the wansformation W, of p(M) 10 a required size disiri~ation f(D), where for traditional

reasons f(D) is required to be sieve size, (Allen, 1981). The ransformaiion W, is not a trivial problem and a

myriad of other transformations similar to ‘¥, can be found in numerous other areas of science and engineering,

The wransformation ¥, is by nature ambiguons, and epitomizes the essenice of stereology. The parawmcter dis-
- tribuiion p(M) as measured from /, is of a dimension lower than the distribution required, which is volume or
sieve size. The proble  with this transformation wil be wiscussed in chapter 7 where it is hypothesized that
a modified p{M) may be adequate for mill or crusher control, and that a final conversion to sieve size may not
be required.

When developing a svsiem as depicted in figure 2.28 it is obvious that some means mysi be available for

monitorizg the progress of information flow and extracdon. It is also importane to gauge tha impact of onr

system parameter on the final output. This is a very difficult task. The ability of ¥ to ampiify size Yeatures
while suppressing other features not related to size cannot be measured directly, and at preseni only caalitotive i

observations can be used io gaugé;‘f'its efficienc:.. This is similar to other but not all image-processing tasks

discussed in the literature .which are generally developed on an ad-hoc basis with their performance evaluated !

from observations. _
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Because of the stochastic and non-stationary nature of the rockstream, the iimages are coustantly changing,
Thus no universal method exists which aitows for the prediction of an image or edge pattern based on past
images for the validation of a presently processed edge patiern. At best only data such as the parameter dis-
tribution p(#) or estimates of the size distribution (D) (which is unrcliable) can be predicted. This monitoring
problem can be likened to the monitoring of a signal of large-dynamic range and wide bandwidth through a
range of filters where the behaviour of the filters with regard to the signal has not been properly characterized
or tested, This is because the large range of test signals (images) to the system cannot be determined or
adequately synthesized for proper testing. Rockstreams with 2 raower range of sizes and shapes will help to

alleviate this monitoring problem, because the "signal" bandwidths are narrower,

Again it mnst be emphasized that the above knowledge processing structure ignores the vealitics of a reul
instrument and assuraes the following. (i} Unambiguous images of the rocks are captured. This implies that the
captured images arc of good enough quality for imag... processing algorithms without having to resort (0 com-
plex imiage restoration algorithms. (i) The analysis of the rocks of £, will allow for the estimation the size

disiribution of alf the material lying on the belt,

29 CLOSURE

A simple model of the mechanism linking the rock scene on the conveyor belt to a visual image has been
proposed, because the disadvanteges of other methods of remoie-sensing justifies the use of machine-vision for
the rock-size measurement, and in particular 2-D image processing, The data processing consists of, extracting
edges from captured images, measuring chord lengths, and then converting the chord lengths o some
ey tivalent size distribution, eg sieve size. The rockscene images to be procossed are naturally ambiguous, and
this raises the following questions, "How accurately can size data be recovered from the images. and wha level
of processing complexity is sufficient conzidering the real-time specification 7" In addition, "How docs one
keep track of the flow of dina through such a system when so many intermedialé stages can only be cvaluated
subjectively by inspection, This problem is compounded with sampling limitations especially occlusion which

limis the caount of rock to be seen and processed,

In this chapter it is hypothesized that rock-edges are the best features 1o extract from the images in order to
derive rocksize. In chapter 3 the relationship between: object size and lower dimensional sections will be
derived in order to justify the objective of rock edge extraclion, the methods and techniques which are then

described in chapiers 4 and 5,

62



o — - Az e

Chapter 3: MEASUREMENT OF SEZE FROM CHORD LENGTHS AND AREA

3 THE MEASUREMENT QOF SIZE FROM CHORD LENGTH AND

AREA

3.1 INTRCDUCTION

In chapter 2 it was hypoihesized that subsets of size-re’~ted features in the images 7 of the rocksiream surface

Q. are sufficient for inferring the size distribution of the total rockstream Q . These subsets ace rock edges or

boundaries from which chord lengths or areas can be measured.

In this chapter relationships for estimating size distributions from areal or chord-length distributions measured
from 2-D images which have lost their "depth” information, are discussed. These relationships are not unique
to this thesis and have been developed over many years by other researchers in other applications. However the
derivation of these relationships are given or derived so that the probiems and difficuliies unique to the trans-
formation (¥,) of chord-lengu'-:_ to rocksize for this appiication can be understood and contrasted against the

instances in the literature where such sizing transformations have been successfuily apr ied.

In pacticular the well known and classic case of estimating sphere size distributions from sections is discussed
as a demonstration of ihe principle of stereology, which is the foundation upon which most measurement

techniques and rclationships that link section data (o size have been developed.

What becomes apparent with stereological sizing techniques is that the analytical models as developed in this
chapter are really only applicable 10 particles of krnown shape. For exainple, as the partic.es’ shapes deviate
from sphericai or cubic, the estimation of the size disiributions of arbitrary shaped particles from lower
dirensional information can only be accomplished through models of urcertain validity (DeHoff, 1983).
Although the models described here are for ideal particle systems, they highlight the stereolegical problems
peculiar to the rocksize problem, that modelling the rockstream is extremely difficult and thut existing tech-

niques only apply 1o ideal or limiting particle systems.

3.2 BACKGROUND TO STEREOLOGICAL METHODS

Stereology (introduced in chapter 1) is a body of methods which atlows for the inference of spatial geometrical
structure upon the basis of partial informarion such as plane: sectiong or projections onto planes (Miles, 1977).
Stersology means literally "the knowledge of space” and allhough these methods are based on usually simple
formuias, they are often derived hy rather complex mathematical ressoning (Weibel, 1980). Although
stereology has traditionally been dedicate to the extrapolation of two- to three-dimensional space from sec-
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tions; methods for examining any r-dimensional struciure with an s-dimensional probe (s<s), have, and are
being continually developed (Miles, 1972). Stereological relationships exist only for populations of many
particles, and any measurement made on a single irregular particle can only be considered a sample of a
random variable. Stereological methods are thus statistic al in natere and measurements irom profiles obiniied
on samples by a section or probe, yicld estimatzs which are averages and are affected by sampling errors. Thus
much effort is reported in the literature for deriving unbiased stereclogical estimates, (Miles and Davy, 1976),
(Crnze-Orive, 1980).

In stereclogy sections ars taken from samples of a body structure, eg an aggregate of particles or a biological
specimen, which are then analyzed by measuring probes. The probes veturn distributions of parameters, which
are converted to estimations of the 3-I structural properties of the body by mcans of ‘the theory of geome-
tric-provability and integral-geometry. Data mieasured from the section traces couid be for example, (i) the
cross-section area, (i) the perimeters, or (ii) the maximum-chord fength of the profiles, There are numerous
approaches to solving stereological problems which are reviewed by Underwood (1970). These are based on
factors such as (a) the number of pg iicles 10 be examined, (b) their amangement in space reiaiive 1o one
another, {c) their shape, (d) the metkod o) sectioning or sampling, and (¢) the desired parameters to be

nicasurerd.

There are limitations 1o stereological methods, A plane section through a large number of randomly shaped
particles without any assumptions regarding their shape and dispersion can only give estimates of for example,
voluine fraction, whilst serial-sectioning on the other hand can allow for the estimation of size distributions, or

the pumber of particles { DeHoff, 1983).

3.3 SECTIONING THE ROCKSTREAM Q

In this subsection we introduce the fundamental stereological operation of sectioning so that populations of
poaramelrs measured on one or 'wo dimensional sections can be related to 3-D parameters, This lays the
foundatian for the application of stereological principles to the rocksize problem which is presumed to be the

only method of tackling this rocksize problem.

3.3.1 Sections and Traces

In this subsection we introduce the concept of particle sectioning and the resulting traces. Consider a
prlyhedral particle in cubic space which is characierized by its volume V, the surfac. area of its faces A, the
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length of its edges £ and its corner points p, as shown in figare 3.1, A test plane intirsecting the particle
results in a2 frace which will be a polygon surface with area A°, circumference L’ and comer points P, (After
Weibel, 1980).

In terms of integral geometry (Santalo, 1976), a particle can be considered a convex solid or a closed point set
because it has an outer surface. We can thus define four sets of points which make up the particle or the
polyhcdron above. X; Are the points internal to the object X, where X, ¥ and X,o<V. Similarly X, are the
poinis on the surface of X where X,ecA and X, ©X. X, are the points forming edges where XL and X, cX.

X, are points on the comers where X},cX and X =X,uX,UX;UX, We also define the measurement of °

volume, area and length measures of a particle X as being V =VIX] A =A{X] and L = L{X] respectively,
where V,A and L are positive and increasing functions. We also define the boundary of particie X to be oX

and its interior X, On a 2-D projection plane as shown in figure 3.1(c) 0X is the edge and X the projecied arca,

AL P
fi ~Fer /l | intertor
Etin A i
o ] = ;
- ) e | x { houndary

" g - )1 /

oy T i
LY
’ -
Xy X, projection
(a) (b) (v
Figure 3.1, {a) Ezample of a structure consisting of a polyhedral in a cube. A plane section exposes the

polygton profile of the pariicle. (b} the sets X,, X,, X,and X,. (¢) The boundary and interiors
of 1 3-D and 2-D object.
The trace Z{X) of structure X afier intersection with probe T is given by Z(X) =X AT, Fer a plane probe 1,
A’isatace of V and L’ is a trace of A. When sectioning a solid, the dimension of the trace Z is aiways smaller
or equal tn the solid’s dimension. Table 3,1 and 3.2 (Weibel, 1980) summarizes all the possible intersections

Z=XnNT of 3 3-D solid X sectioned by probe T rigourously proved by Miles (, 1972), together with their
dimensionst relationships d{Z) = 4(X nT) respectively,
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Table 3.1 shows the relationships that exist between the metric properties of an object, and its trace. For
example sectioning an object of volume V will result in a tiace of area A’ which is a 3-D 10 2-D mapping,
Table 3.2 shows that sectioning a body of dimension d(X) with a probe of dimension 4(T) produces a trace of
lower dimension d(Z) which generally obeys the relationship d(Z) = d(X)+d(T) —n with the limiting condition

d(X)+d(T) 2 n where n is the dimension of the Euclidean space.

Table 3.1 Table of traces and corresponding parameters caused by the intersection of structure

X with seciion T

Secton T
Object V(T A(TY) L{Y) P(Ty)
VX, V(XnTy) A'(GAT) LXnT) PXGnTy
Al A'anT) LTy  PE,nT) o
LX) L'X,NT) PGNT) @ @
P(XD P(XnTy Q@ @ %)
Table 3.2 Table showing the relationship between the dimensions of traces Z, abjects X, and
corresponding sections 7.
a(r)
3 2 1 _ 0
3 3 2 i 0
d(X) 2 2 1 0
i i 0
L 0

In the same way that the particle shown in figure 3,1 was sectioned to produce traces, the idea behind this
research is that rocks on the conveyor belt will be sectioned to produce traces as shown in figure 3.2, It is
iniended to use the population of measurements on these traces to estimate the 3-D size parameters as required
in this rescarch. However it is obvious that a whole variety of traces or population of traces can be generated
which dzpends ot\m the geometry of the probe and , .xticles and their relative positions. Thus if it is assumed that
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random distributions of particles arc intercepted by sections the need arises 10 study geometric probability so
that populations of messurements on traces can be related back to 3-D parameters as was given in the example

in chapter 1.3.2.

77 trace 1
- trace2

“ : section plang
Figure 3.2, Using twe plane probes T, at different orientations to section a rock particte of (a) spherical,

(b} rectanguiar and (d) random shape.

Because the rocks in the rockstream cannot be physically sectioned as shown in figure 3.2, the traces for size
measurements will be obtained by using methods described in section 3.3.3.
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3.3.2 The Ambiguicy of Unfoldiag Size Distributions

The ideal goal of this rocksize measusement problem is to derive a model which maps populations of 3-D
objecis with certafa properties ie sieve size distributions, to populations of traces (profiles) resulting from
sectioning as presented in figure 3.2 ahove. It is then required to invert this mapping so that the properties of
the 3-D particles may be estimated. This invesse mapping is ofien referred to in the literawre as the 1econ-
struction of particle size distributions by unfolding the measured profile distribution. Unfolding is conceptuaily
difficult to understand and in most cases is mathematicaily iniricate and statistically unstable (Gundersen,
1986). In particular Cruze-Orive (1982) comments that departure from particles of relatively simple geometric
shapes, leads 1o inractable models or even indeterminate ones for the unfolding process. This Jeaves one with
the unpleasant choice of having to choose between unrealistic modeis, mathematicaily complex ones, or 6o

solution at all. Gundetsen also questions whether classical unfolding techniques are really worth pursuing

because of the many assumptions which are made to make the problem more manageable, but which produces '

less credible results. For example sectioning a non-convex™ object is inherently ambiguous because more than
one trace may be produced as shown in figure 3.3, and unless high density serial sections are taken, nnthing

can be inferred about the topology of the objects sectioned, (DeHoff, 1982), (Weibel, 1980).

s v
/ ) /
/ 7’
4 7/
e /
Ve () ~
’ (@) .
/ e
NN
J".'I i
Figure 3.3, Sectioning a convex (a) and non-convex (b) particles showing the poiential for ambiguity in

estimating ihe number of rocks from sections.

31 Anobjectiv convex if and only if # line conipcting ay two poinis in the ohject remains entirely within the object,
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3.33 Moadelling and Sectioning the Rockstream

The rocksiream needs to be sectioned in order to create populations of section profiles from which parameters
can be measured and then linked to the size distribution of the rockstream. Physically it is not possible to
section (or slice) the rockstream Q as is performed on biological and metallurgical samples for obvious

reasons, {t is thus hypothesized that

In order 1o estimate rocksize distribution, the principies of stereology can be applied to the images of top
surface Qg of the moving rockstream 8, where the image of the top surface S can be assumed to be the

result of a prefection of the 10p surface Q, onto plane.

A general set-theoretical model will now be developed, which relates density distributions p(M) of properties
or parameters M measured on a section of the rockstream Q to the size diswributions of rocks X;. For this
exercise we will consider the property area A of the projections. The objective of this modelling exercise is thus
to refate p(A) measured from a sample of the rockstream € to the rocksize density disuibution p(D)*2 It is
important to note that p{D) is fixed sampled property of the rocks which gave rise to the image being analyzed,
whereas p(A) is assumed to be the probability density distribution of the area of projections or intercepts arising
{rom projection or iatercept of randoml;: distributed rocks in space, Instead of p(A), other distributions such as
p(L) can be .acasured too, The size of arock D can be any equivalent size parameter defined by the user which
is appropriate to the application, for exampie sieve diameter or equivalent-volume diameter. We thus define a

sizing process & which when applied 1o a rock X gives s(X)=D.

In developing the model the rockstream 2 is assumed to be infinite in extent and the plane psobe T'=T, is

assimed to be infinitesimally thin, Assume that a rotk X of size D or volume V is intersected by T 1o give a
profile of area A. If an infinitesimally small part of the rock dX of volume @V is assumed to be sliced by the
thin 2-D plane and results in a trace dZ = dZ,, then

dZdXy=dX T 3.1

However this intersection is conditicnal on the event that the plane hits the rock elementie 7' T X where " T°

denotes hits, therefore dZ =dX nT |T T dX.

The area of the intersection is dA = A[dZ] and thus the total profiie area of the rock X is given by

32 £{D) can be either a volume or pumber distribution.
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Az{A[XnT]IT'TX}f-I{A[dXﬂT]lTTdX}dX 32
X

In order to derive the areal density distribution p(A)=T${:?}§;, the probability of measuring an area of A over

the whole range of possible areas must be evaluated. According o probability theory { Papoulis, 1965)
measuring the frequency of occurrence n, of a ceriain event A over the total nomber of experiments N cau
provide an indication of the probability of that event occurring ie that Pr{A) = We will now refer to prob-

abilities in the assumpiion that frequency df occurrerces are valid indications of probability.

Pr{A} is dependent on (i) the rock being present in the rockstream, (ii) the rock being intersccted, ang (jil) the

profile being of area A, noting that all these events are dependent on one another as is shown in equation {3.2].
Thus the probabilities of the three events above must be evaluated over the whole rockstream Q ie for all the
rocks in order to derive p( 1), To measure p(A) is the same as measuring p{A[X AT}|T T X) because A cannot

be measured if T~ X =, For convenienice & =A[T NX].

Let the probability of a rock X of size D being cut by the probe be Pr{T T X,} =Pr{T TX |s(X)=D}. dlso

Iet pytD) be the probability distribution associated with the occurrence of a rock of size D which can be
assumed (0 be equal fo the size distribution of all the rocks in the rock stream, ie p(D)=f(D), Now from
probability theory (Papoulis, 2965), Pr{A} = ¥ Pr{A | B,1Pr{B} = ZPr {4 1 8}p(B)dB. Thaus the probability of

an intersection of the test probe with any rock in £2 is given by
2@ TX):fpr{T wa;m:fpr{r TX |D}p(D)dD 3.3
e [+}

Similarly let the conditional probability of a profile area A being measured be given by p(A |7 T X, 1 D), and

the proba_bility of a rock of size 2 being present and being hit by the section probe and the profile being of
size A be denoted by p(A,T T X, D). Now from probability theory (Papoulis, 1965)

Pr{AB)

Prid|B)= FriB)

=  Pr{ABy=Pr{A|B)Pr(B) 3.4

and by using the fact that Pr{d} = ZPr{A |B}p(B)dB we have
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pAT TXD}=,[P'{A-T TXD:”}dQ:IPr{A \T X, | D}YPPT T X, b \ p(D)aD 35
n 0 :

Now from equation [3.4] we have

ATTX
pAITTX,) =~*£§,—(:;-ﬁ;;’—)

and now substituting equations {3.3 A 3.5gives

J.p(A.T T Xy, D)dD
[1]

= pAITTX) =

!pa" 1 X,,D)dD

[ @177 %0,0) PriT 1%, 1019010
= plAlITTX) =" = 36
[oa@ 1%, 129030

Equation [3.6] links the frequency distribe.ion of profile areas p(A | T T X,) resulting from plane intersections

of racks, to the frequency distributions of rocks p(D). Equation {3.6] does not necessarily have to be derived
from areal profiles resulting from plane probes as was done above. This basic equation also holds for a probe
of any dimension and associaled profiles as listed in table 3.1. In this research it has been found be

advantageous t0 measure intercept lengths L resulting from & linear probe intersecting a particle (figure 3.4)

instead of areas A (figure 3.5).

However measuring chovd-length distributions directly in space as shown in fig 3.5 is difficult to achieve

practically, A useful result shown in section 3.4.3, is that provided certain rules are met with regard to IUR
sampling, linear-intercept measurements made on two dimensional profiles (images) which are in tm sections
of a 3-J) structure, provide the same data as linear measurements made directly on the 3-D structure, see figure
3.¢. This two stage probe scheme provides some flexibility for measuring intercepts on rocks that cannot be
sectioned. It is thus from chord-distributions profiles measured from projected plane sections, that e size
distribution of rocks was estimated in this thesis. See see figure 3.7,
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sactioning plane

araal sections |

Figure 34. - Measuring areal distributions of @ number of rocks using a hypothetical thin section 7,
3
linear intercept
s“f‘ ..‘.c"
(TR R ————
T, o
Figure 3.5, Measuring chord-fength disiribations of a number of particies using a hypothetical section

T,
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K

' ’ chord intercept o
chord probe

"

Measuring chord-length diseributions with a two stage sampling scheme of applying T,

Figure 3.6 :
and then T,.
projection \
linear intercept probe
T1
Figure 3.7. Measu: '..}g chord-length distribution using the two stage sampling . heme a3 given in figure
3.6 except in this case the ‘hord lengths arw measured on projected areas of the rocks.
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3.4 DERIVING THE SIZE DISTRIBUTICON OF SPHERES
3.4.1 Introduction

The synthesis of formmize from eguation 2~ for "unfolding" relationships between populations trace
paramelers and 3-D properdes of irregudar particles under reafistic conditions is a difficult if not impossible
task espeeially as far ac making unbiased estimates irom single sections is concerned (DeHoff, 1982). This is
because the probabilities of test probes intersecting the particles p(T T X), and the probability of mezsvring 2
parameter of a certain vaiue resulting from the test probe intersecting the particle, has to be evaluated --:.'-:ing

geometric probability which requires a describable object.

However with idzal particies under ideal conditions it is possible to derive analyiical solutions relating the data
from 2-D sections to the 3-D structures because the required geomeirical probabilities for example Pr{T T X}
can be calculated. An ideql particle environment which allcws for analytical solutions te be formulated can be
assumedt to be one of sparsely distributed (difute) and non-overi., <+ 2 spheres (Cruz-Orive, 1982), (Nicholson
and Merckx, 1969). Although the derivation of these solutions are well researched in the iitee:* =~ it will be
explicitly demonstrated how such formulae are derived and why such analytical solutiors cannot be applied Lo

real arbitrarily-sized and shaped particles withont making any major assweptions which are quite inappropriate

© @ far as rocksize measuréments are concermed.

A clrilical assumption made in the derivation of enalytical size formulze or models cr werns particl> shape. The
derivation of size distribution technigues frora single sevtios (as opposed to muitipic sections) is very
dependent on the shape of the particles, and most of size estisasion work generally assumes specific particls
shapes, eg spheres, ellipsoids of fixed axis raties, and certain polyaedrons. Although work has secently been
extended 1o raﬁldomky shaped particles (Miles, 1985), {Gundersen, 1986), oth~r assumptions sech as convex
particles, or shape which is invariant with size (King, 1982} are still required. Recently much work has also
been done in making unbiased estimates of average stereological parameters such as Vy, and o} of volume

distributions isrespective of shape, (Miles, 1985), (Missiaen and Thomas, 1989), (Gundersen and JTensen, 1985),

Thus the mapping of populatioas of parameters measured from profiles of random particles 1o higher dimen-
sional ¢ata such as vo.urre size for spheres is well established. The next subsection demonstrates in detail the
mechunisms of this mapping which will be -used to reveal the Iffoblems to be encountered when one deviates
from this ideal, sparsely distributed popalation of spheres, to the randaialy shaped and overlapping rocks as
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found on conveyor belts, Athough linear intescepts is the methed chosen for this rocksize problem (justifica in
chapter 4 and 5), both areal end linear intercepts of spheres are discussed, because both measurements are

feasible with machine-vision systems.

342 Areal profile distributions from spheres

Consider a sphere of radins R centred at the origin and intercepted by a thin horizontal section T, parallel to

the x-y axis (fig 3.8). Each section will produce » circular profile whose radius r depends on the position of

the section from the centre of the sphere along the z axis where

r@)=\ri-2z* 3.7

PR U 1. 2,
dz

Figure 3.8, Sectioning a sphere of radius R to gives a profile r(z).

The size distribution of profiles is determined by the probability dersity with which a profile of radius r; falls

into range r >, >r—dr. Because the sectioning plane is free to move up and down the z axis with no
reastriction,____the probability measure taust be related 1o dz, thus the probability of having r; in the class 7,r ~dr

is

_|dziR  for rsR
Prir>r>r-—dr} —{ 0 jor r> R} 38
Now if dz = z(r —4r)=2(r) then by [3.7] and ;2.5] we get
. . d: ='¢Ra .{r “&)S*JR;G-“-:
=  Prir >r,.>(r-dr){R}.—.%[\lkﬂ—(r-ar)‘—\m*-r’} 3.9
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If equation [3.9] is differentiated 1o give dz/dr then the probability density ¢ becomes

v
O |RYr =t 310

whu:q depends on both » and R. Integrating equation, 3.10 between limits r,r ~dr gives
Prir,r—dr}= J o(r | R)dr = Prir R} 311
~er

The probability density function for &(r | R) is giver in fig 3.9 below. The above analysis shows that aithough

all profiles are equaily likely to occur, the probébility density of profile radii varics with profile size, with 86%
of ali profiles fikely to be greater then -;5. It can be shown that sectioning a large number of raadomly

diswibuted spheres that are not overlapping und of identical size will yield the same result as equation. [3.10].

2
2
¢
-
£
i
it
radius of Intercopt {r) R
radius of sphere
Figure 3.9, Prohability density function ¢&(r | R) for a sphere (radius R) sectioned by a planc,

Although in this analysis the particle shapes have been restricied to spheres of a single size, the real world
requires at least the analysis of groups of spheres of differcar sizes. We can assume g priori that the profile of
sections obtained from a mixture of spheres of different sizes will be influenced by (i) the volume density of
the number of spheres m each size clatii i Ny, (ii) the probability of hitting a sphere of a certain size, and (iif)
the frequency distribution of profites §{» | R} that can be derived from each class of spheres, With spheres of
different size both £ and r vary and we have F(R) and f(rj are defined here to be the number size-density

distribution for spheres and sections respectively,
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The relationship between populations of spheres and random areas will be developed by calculating the con-
tribution of a discrete size class of spheres to the population of profiles detected. Assume a volume V' contains
spheres of equal discrote size class R;=j-AR,j=1.m, where R, is largest sphere. _’Ihe aumber volume
density of spheres in each class j is g’wen by Ny;. A section T, intersects volume V to give a number of profiles
with radivs r; =i+ Ar,r =1.n with numerical profile density N,;. We will now use @ result from stereology
{DeHoff and Rhines, 1961), (Wcibel; 1980). Assume a given volume contains a large number of convex par-
ticles with closed surfice, randomly distributed so thal, all orientations are equally tikely, we can expect that the
number of profiles fourd per unit area of section is directly proportional to the product of numerical particle
density azxd the mear: tangent diameter, i¢

N,=N, H 3.12

Thus for each size class jwe get

Hyy= Ny Hy= Ny, 2R, 3.13

]

and for a whole population of spheres where R is the average sphere size we have

Ny =N, R 3.14

The profile radii on the section falling the size range r, ¢ ~dr contributed by spheres in the size class j is given
by
NA;("):Nv,“ZR;‘P"{'IRj} 5.15

Thaus the total contribution of all the spheres to the profile of radii r,r —dr is given by
Ny)= N, () 3.16
= .
The number frequency for spheres o size R, is

Ny,
F(R;)':‘ﬁ; 37

- where Ny== 3. Ny, Similarly the number frequency of profile radii is given by
4

[ e
Fr) = —ene 3.i8
_ "; Ny(rydr
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Substituting [3.15] into {3.16] gives

M (r)= _i! Ny 2R;-Prir (R} 3.19
J =

Dividing {3., 19] by {3.14] gives

NAO'): iij'mj'

=L Prir|R;
Ny i=1N, 2R rir R}
inm
= f(")”?j};lF(R,)-Rj-Pr{rIRJ.} 3.20

Now let AR — dR becoming infinitesimaily smatl, and noting that only spheres of size R > r contribute to the

profiles in size range r,r ~dr transformns equation {3.20] to give

R”
f(r)=%! F{R)'R - Prir |k iR 321

Substituting &(r } R) from [3.10] into {3.21] gives

1 f”» dR
] FR e ——r——23 3.22
Ar) 7). (®) =

which was first derived by Wicksell in, 1925. Tatlis (2970), Unaerwood (1870), Weibei (1980) are amongst the
many authors that derive and discuss of this formula. This formula relates the distribution of profiles f{r) to the

size distributions F(R) of spheres.

The whole problem of estimating the size distribution of particles from areal cross-sections or traces revotves
around solving for F(R) in equation [3.21] given f(r} for some ¢(r | R). This deconvolution problem is made
more compiex because in many cases &(r [ R) is nsually not known, or is of a rature which makes the inversion
very difficult. For spherical particles the analytical relationship is as given in [3.22] and is the Volterra integral
equation of the first kind, The solution of this equation will be discussed further in chapter 7.

343 Chord length distributions from spheres

Consider a single sphere of radius R = D/2 which is intersected by a random line 2 number of tinies figure

3.10. The intersection of the probe line T, with the sphers results in a cherd of length /; contained within thie
sphere, whevs

L=2YRi-g? 3.23
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and ¢, is the distance between the chord and the centre of the sphere, All chords lying on a ¢ lindrical radiua

of d; around the spheres centre will have the same length £, aud forther more all chords lying within this
cylinder will have a length 4, </, < 2R,

] L7 7 1
@ (o}
S
Figure 3.10. (a) Tue intersection of a sphere of radius & by a linear probe line resulting in a chord of .

length f, (b) Cylinder of radius d; within which all intercepts / will have a length
dSL22R.

The probability of 2 random line hitting the sphere is proportional 10 its projection arca 7R, and the probability

that this line falls within the cylinder of radius d; is n4”, Thus the probability of an intercept of / 2/ is

wd? D*—1? .
Fr{! 2l S*Tn'l—e"i:"——Dz 324
* Similasly for I 2 4;_,
. | e 1‘2«1
p rril 2!.-_,1}=“—-—5:;*" 3.25
i - Now snbtracting [3.25] from {3.24] gives
. i Pril}=prril <t<l}=Priizi}-Pr{il2]_}
> - ‘.2—- 2
;’j =‘c II-I 3.26
3 D?
If we let AL — di then
N _ Prl =2l 5= 3.27
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and if we let df > 0 then we get the probability dcnsity' function of the intercept length through a sphere

2! Jor 1D

£ 1DY={D? 328
{G  for I>D
which shows that for a sphere f{J | D) is linearly proportional to {. Thus each class size of sphere of sizc D \.
yields a trianguiar distribution with a maximuem at D, See figure 3.11. The same sesult can be obtained by «{

| considering a probe line intersecting a population: of spheres of the same size dispersed randomly and

uniformly.
> "
§ / %
" 3 k'
S b .
. > Tt
R ]
g 4
' langth of linear intercept (1) D
Diamater of sphete
Figure 3.11; Prabahility density function for intercepts lengths through a sphere of diameter D.

Consider now a population of spheres with varying diameter D and where a lincar-intercept probe traverses the

space containing these spheres as shown in fig 3.12. The resuling chord-length distribution depends on (a) the

probability of intersecting the spherc which is proportional to its projected area, and (b) the positicn of the

intercept relative to the sphere centre.

As a particular example consider four classes of spheres, uniformly distibuted in space with numerical class

. densities Ny;, My, Ny, Ny, The zesulting chord distributions will be the sum of the contributions of cach class

* : {3.291, shown graphicaily in fig. 3.12(b) where N,.() ==32;l,- 10 give

N(l)= il N0 3.29
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‘\.\

LY

o \ p, D, D, D,

S Yy
V4
relativa frequency

»
random probe Intercept length
(a) ' &)

Figure 3,12 (a) Intersection of a polydispersed system of spheres with a random probe line. (b)
Hypothetical chord-length distribution resulting from the linear intersections occuring in

{a).

The deconvolution of the intercept disiributions to the size diswibutions can be done either graphically or

analytically, (Underwood, 1970). We will now derive the Cahn-Fullman (1956) integral equation which relates
the distribution of chord lengths to the size distribution of a polydispersed system of spherical particles. The

following derivation of this relationship is based on a methodology developed by (King, 1978).

In order to obtain a linear intercept of in the range /,d! the following cvents A8 and C must occur. Lo
i) A the sphere in the diameter range D, D +dD must be present,

(ii) B the tost lice must intersect the sphere, and

(i) C the length of the intersection must be in the range /,4l,

The following conditional probabilitiss are known :

Pri{C18,A} =-’50—'§"~ if event B occurs or

PriCB,A}=0 if B does not occur and I > D ;_-\;
PriB |A}=22

And Pr{A} =f(D)iD, where f(13) is the particle size-density furction, The number of chords in the size range
Idl is p(Hdl = Pr{C}. Now
' Prob{C B A} =Prob{C | B AYProb{B | A3Prab{A} 3,30

PR

and

()l = Pr{C}= f fPr{CBA}dsaA : . 231
A S
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Combining equation, {3.30] and equation. [3.31) and taking into account ali possible outcomes as listed above,:
ie only intercepts which hit a sphere are of consequence (event B)‘ gives

a2l 7D
D¥ 4D,

POl =Prob{C}= |  f(D)dD

Dﬂ
= p=F=[ rom - 332

Again the objective of the last stage of particle size problem ¥, is to solve for f(D) given p(?), ie inverting

equation [3.32].

344 Lineai analysis of spheres and IUR probes

In the above two sections 3.4.2 and 3.4.3 relationships were developed between arcal (lineal) distribuiions, and
the volume distribution of spheres. The rockstream will be sampled by capturing a 2-D image which is
projected onto the plane, essentially providing a areal section T,nXq. It will be shown in chapier 4 Ihat
accurate areal calculations are costly and difficult o achieve with low error and minimal computing. There is
thus reason to use linear intercepts despite the fact that unfolding methods based on random secants are
o ording 10 Cruze-Orive (1982) inferior to ones based on diameters or areas. Although it is also difficult in
practice to arrange for a linear intercept through a 3-D body, a two stage sampling process is a viable and

practical method of making measurement on the rockstream £,

An important question is thus whether an intercept Iength distribution measured on random section profiles has
the same probability density function as that of intercepts generated by random test line in space. King (1978)
provides a proof showing that random sectioning followed by random chord testing does provide the same data
as randem chord testing through a sphere, Weibel (1982) also states that the above is true provided, (1) the
spheres are sampled with the section plane in proportion to their diameters, and (2) the population of samples
is sampled with a test line in proportion to the profile diameter as is shown on the LHS of equation, {3.29,
‘These two conditions ate naturally satisfied if isotropic uniform random (IUR) .samp!ing of both the structure
and the section is perfarmed.

LK ATy T) =LK,AT) 3.29

An JUR test probe is a probe in space where all orientations and positions are egually likely which is difficult
to achieve in practice (Weibel, 1979, 1980).
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3.5 DERIVING THE SIZE DISTRIBUTIONS OF RANDOMLY SHAPED PARTICLES
351 Introduction

In section 3.4 matherativ.ily exact formulae were derived linking areal or linear intercept distributions to the
size distribution of spheres. The derivation of these analytical relationships depends upon certain assumptions,
the most important being (a) the ability to sample all the particles unambiguously and without bias which
implies no overlapping and a sparse distribution of unifcrmly distributed particies in space, and (b} that the
particles are spherical in shape. Unfortunately the determination of similar mathematically-exact formulae
linking the size distribution of non-spherical particles which are not assumed to be arranged in space in a
certain manner, to populations of measurements on random sections or traces, is a complicated problem if not
almost impossible, (Weibel, 1980: chapter 8). However methods have been investigated for the estimation of
particle sirss of regular shaped particles other than sphercs such as plates or rods (Fuflman, 1953), clliptical
bodies (Tallis, 1970).

To overcome the difficulties in deriving relationships for arbitrary shaped particles, the formulae derived in
section 3.4 for spheres are sometimes applied to arbitrarily shaped particles, especially if one can use "volume
equivalent” measures for non-spherical pasticles. The crrors resulting from the application of spherical
formulae to no-spherical particles may become predictable depending on the deviation of the particles’ shape
from a sphere. Weibel (1980) states that for high order polyhedrons, errors resulting from applying formulae
derived for simply shaped particles to irregular shaped particles are small, but for cubes and cylinders these
errors become much larger. Thus when applying spherical solutions to irregular shaped objects it may be
necessary to use parameters such as shape factors (Allen, 1931) in order to compensate for particles irregularity
Naumaovich et al, 1982). However in geixer?l it has been found that for very imegular shaped particles such
methodologies do not work very well. Foxf/c:xample, in a reiated problem of estimating number densitics Ny,
DeHoff and Rhines (1961) comment that very large errors occur if clongated or flatiened particles are treated
as spheres. More complex shape modelling can reduce these errors, for exampie modelling particle shape with
shapes such as tetrkaidecahedrons and dodecahedrons give better results for grain modelling and size dis-
tribution estimation because they approximaie real particles better than spheres (Bodyako and Nauwmovich,
1980).

It can thus be sarmised that ideally we would prefer to have a relationship between rocksize distribution and
parameter distibutions measured from images that are free from any of the gross assumptions required to

minimise the complex and usnally intractable mathematics arising from handling complex particle shapes, The
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next sub-section presents a well known analytical solution for handling iregularly shaped particles, thai ends
to handle some of the somplex mathematics in a rather ciever manner which precludes the use of unreasonable

assumpitions conceming particic shape.

3.5.2 King’s Method

King (1982) has developed a very useful theory relating the distributions of measured parameters from traces
to the mesh (sieve) size distribution of particles free of the limiting assumptions regarding particle size, The
only assumption with his model is that particle shape is invariant with partice size. No other shape limitations

are necessary. In this subsection an abridged derivation of his result taken from his paper is presented becaunse

By S .

it provides a useful anaytical sofution to the estimation of rocksize disi-ibution while at the same iime avoiding
i2 -5t of the other assumaptions. More importantly it reflects the trade-off between the need to make assumptions

to simplify the mathematics, against realistic and useful stereological relationships.

g

Let the measurement on a profile returned by a probe be A4 where M is for example cross-sectional arca, or

S chord lengths which are random variables. The probability of obtaining a measurement M depends on the
& following events, (i} A a particle in the size range D,D +dD is present, (ii) B the sampling plare or line hits
' the particie, and (iii) € the resultant measurement falls in the range M, M +d¥. It is assumed that conditional

probability densities p{M j #) as well as conditional means exist. This allows one to use equation {3.26].

Given the above events and tiie probability equation as derived in [3.6] we obtain the fundamental equation

relating the probability density of the observed parameter M to sieve size D, which is given by

fp(M 1T TX,D)Pr{T TX |D}p(D)dD

POA T T XY =S 5.34
o [ txiopem
.'_‘-__.-. IL B " 3
o see King (1982). The objective is to calculate p{2) which is size-density function for mesh size D. Using
* i geometric probability { Santalo, 1976, Kendail and Moran, 1963) Pr{T T X { D} can be calculated to give 5,
Y K and 1, for an TUR line probe, TUR plane probe, and projected area probe respectively. Defining the v *th
{ moment of the measured varisbie M as
4 "y
w= [ mrpana 335
n
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and combining the above resulis of equations {3.34] and [3.35] together with the results that Pr{T TXiD}=1
for a projecied area probe gives
u, [ P 1 DY @D

p(M)=—"> 3,36
Mpp(D)dD

Ok-—j‘

where M}, is defined as M}, = [ M*p(M | D)ID . p(D) which is a number distribution is converted 0 a volume
distribution with ihe following

Dy =r2PP)_ 347

J'vnp (DD
®

Combining equation, {3.36] and [3.37] and assuming that M/V,, is invariant with D then gives

I D)
= D)rmet D 3.38
p{M) 11‘.‘! pM D)=

]

which is the basic convolution equation relating projected area profiles with the size diswribution of not
necessarily spherical particles. Note the similasity between the functional form of equations [3.38), [3.32] and
[3.211. h

In pacticvlar equation [3,38) can be derived to reflect the relationship between sectional areas and particle size
(King, 1984) which is
w12
pr=E [ paina 339

and for neasurements of random chord length (King, 1984) is

] D)
pL)=L i p 1Yl | 3,40

The solving of the atpve equations [3.38-40] for f(D) requires the cvaluation of p(M | D), 1, and M}, which

must be measured experimentatly or calculated. Because My, and p( | D) both require shape dependent
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information even King’s methed is not totally frez from the effe . . of shape. Note that no aliernative analytical
relationships could be found in the literature which relates profiles measured trom sections to size distribution,

where the shape of the particles can be totally disregarded.

In the nexi section discusses the significance and evaluation of p(M [D) so tha. the above formulae car be

applied.

3.6 PARTICLE INTERCF™™ ™STRIBUTIONS

As mentioned in section 3.5, equations [3.38], [3.21], [3.32} all have a common condiJjonal-probability dis-
tribution ¢(r [R) or p(»7 | D) which relates the probability density funciion of measurements (0 a particle of
size D. These conditional probability density functions are tofally denendent on the shaps of the particle, and
it is errors associated with these functions together with experimental errors in the determination of p()
(chapter 7), which cause the ambiguides and problems associated with the estimation of f(D), (King, 1982,
1984), and (Naumovich and Warren, 1978).

Different populations of nomothetic particles have different functional forms for p(M (D). Homothetic
particles have the same single reguiar shape and which only differ by 2 scale factor as the size changes (Serra,
1982). For example, the areal intercept distribution for spheres is exponentially shaped, and the linear intercept
distribution for spheres is linear irrespective of size, section 3.4.1 and 3.4.2, These are however ideal cases,
because the shape and size distributions of the irregular particles as found on the conveyor belt are complex

and can change with «ime hus changing p(M | D).

King (1984) comments that the key to the successful application of the deconvolation equations for the esti-
mation of size distibution is a satisfactory knowledge of p(M { D) which can be determinesi Uy a number of
methods. The first is to screen (sieve) the particles with meshes that are closely spaced and then to measure
random intercept distributioss from these monosized samples, essentially a calibration procedure. King states
that "the preparation of a monosized calibration sample is inconvenient and may be impossible”. In addition he
states that the particles being examined must be separated from one another which is laborious. The difficulty
of this calibration is accentwated when one considers the practicalities of handling and accurately sieving the
large rocks as found on conveyor belts, An”altemative method i to perform Monte Carlo simulations on a
computer where particles of known shape are generated and intersecied by random lest prokes or sections,
(Wasten, 1985), (Naumovich and Kriskovets, 1982), (Pau!, 1980), (Naumovich and Warren, 1978), (Warren
and Naumiovich, 1977). The simulation of irregularly shaped particles is not really feasible because modelling

randomiy shaped rocks which nevertheless fall inlo certain shape groups is very difficult,
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In the next two subsections several areal and lincar intercept distributions for particles of knowu shape as well
as particies of irregular shape as found on the conveyor belts feedmg maieri:l to the mines, wilf be presented.

The porpose is to show the functional complexity of the intercept distributions p(M {D) of conveyor-belt

rocks,

3.61 . _iaear intercept distritutions of Partirles of known shaj.e

Consader fignre 3.13 in which areal-intercept distributions p(4 | D) of vatious particles of different shape are
shown, (after Paul, 1980). In figure 3.14 are shown the chord-iength distributions p(L [ D) for polydispersed
systems of deformed cubes (Naumovich and Kriskovets, 1982), and in figure 3.15, olipsoids, cubes, and a

prism (Naumovich and Warren, 1978).

LV
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Figure 3,13, Areal intercept distributions of various perticies after Panl (1981). These particles are (1)

B-tuiakaidecadron, (2) cube, (3) trencated octahedron, (4) dodecahedson, and (5) sphere,
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Chapter 3: MEASUREMENT OF SIZE FROM CHORD LENGTHS AND AREA

The following observation can be made with regard to the shape of the distributions and the particles shape.
For both linear and area distributions, rounded particles without any sharp corners or ¢dges, eg spheres,
produce a peak near the maximum diameter of the particle which tails off towards the shorter lengths. As the
particles become more angular, the number of short chords and small arcas intercepts measured becormes
larger. Particles with a number of (parallel ) facets result in peaks in middie of the distribution, which holds for
both linear and area intercepts. The reader is referred 1o Naumovich et al (1978), Paul (1980}, Naumovich
(1982), and Warren (1987), for more details concerning the dependence of the functional form of p(M | D) on
pariicle shape,

The rocks as found on the conveyor belt reflect alf the above rock-shape cha_ractcristics. It is thus predicted that,
ihe chord distritwtions for these rocks should be complex. However as will be shown in sub section 3.6.2 the
large variation of the rock shapes and hence linear-intercept distributiont tend to average out to a relatively

simple functional shape, given a larpe enough number of intercepi length samples.

Recause the chord or areal distributions for a single size class of particles tend io spread themselves out from
the origin to some maximum value which is related to the maximum diameser andfor areal section, distributions
of data originating from the sinaller particles tend to merge with the data of the targer rocks. This is shown in
figure 3.16 in which two hypothetical size distribution of two sizc classes of particles which are Aomothetic are
combined. Ohservations of the resultant distdbution in fig. 3.16 show that chords belonging to the smaller
particles become "lost’ in the smaller chords resniting from the larger particles. It is thus obvious that the
unfolding process which atiempls to separate the populations of the chords contributed by each particle size

class according to their number of mass, is inherently ambiguous.

From the problem shown in figure 3,16 with regard to the smaller chord lengths, it is concluded that the ree-
ognition and unfolding of the smaller-sized particles could be a major problem, cspecially whcre the function
form of p(L | D) is irregular or unknown, In chapter 7 it is shown that resolving the smaller sized particles is
a significant problem as predicted here, and that resolving smaller sizes of run-of-mine rock material is
exacerbated because the functional futm of the measured linear-intercepts is distorted by image processing and

segmentation errors.
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Figure 3.16. A hypothetical resultant chord length distribution of two classes of deformed cubes, where
the one class is twice the size of the other and that there are equal quantities of particles in
cach class,

3.6.2 Lirear intercept distributions of Arbitrary Shaped Particles.

In this subsection we present linear-intercept, distributions p(L} which can be assumed 1o be the chord-length

density distributions p(L | D) of iregularly shaped particles in a given narrow size range. Chapter 6 provides

a full description of the experimental rigs and procedures employed to derive these results,

The rock samples ased for deriving p(L | D) consist of dry quartzite taken off a feed belt to an autogenous mill

in a gold plant. The rock was classified into size classes by hand sieving. The chord-length distributions were
measuted from scenes of rocks “randomly” laid out by hand on a dark surface wﬁich contrasis with the lighter
colour of the racks. The rocks were laid out so that they did not fouck eacl: other allowing for global thicsh-
olding to be used for unambiguous and fast rock idcatification and segmentation. The swtic®? image of the rock
scene of non-ouching rocks was captured and transierred to a frame-grabber and globally threshold (chapter 4)
tn give a binary representation of each rock against the background. Adjacent chond-lengths were then
measured in a direction parallel to the image horizontal axis. This process was repeaied for a number of image

33 Static ax opposed to dynamic or moving itnages a found o maving coaveyor bels,

flis 0. ENTH
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scenes {2040} where for each scene new rocks are introduced and jumbled around 10 random orientations with
the only unnatural inerference being the separation of touching rocks by hand. After the ensemble of the chord

distributions per size groups was measured, they wém averaged to produce an average disiribution

The ideal TUR linear sampling probe 1o pecform the above chord-fength measurements should be selected by
randomly chosing & point in the image plane, and then constructing a line through this point with an angle
which is also randomly chosen. The probability of both the co-ordinates of the point chosen as well as the
angle of the probe line must be wniformly distributed, ie must be equaily likely, otherwisc a bias will manifest
itself in the distribution, Care was thus taken to orientate the rocks as "randomly” as possible, with all potsible
orientations of rocks ocourring with equal probability which should emnlate the IUR linear probe. However
this procedure does not rule out any possibility of bias. For cxample, all the rocks rest in their most stable
positions thus presenting their largest surface projection to the viewer or camera, thus biasing the populations

of projected areas and chord-lengths to larger values.

Fig 3.17 shows the chord-length distributions for sized groups of ron-touching rocks where each rock X; can

be unambiguously identificd. Fig, 3.18 shows the linear intercept distributions from the same rocks except they
have now been pushed together and are fouching, ic the trace of cach rock X, has merged with a number of its
neighbours. The reason for zilowing the rocks 12 touch is to illusirate the influence of erroncous rock identifi-
cation on the intercept distributions, which is more realistic as well. These crrors manifest themselves as a
smearing out of the chord distribution across a broader size spectrum, which can be considered to be analogous
to the sampling effect in the Fourier domain where impaises are smeared out due to sampling and windowing
effects. In other words combining a number of particles of different size into a conglomeration can be likened
convolving the size distdbution of rocks f(D) with the impulse response of the cach size class effectively

p(M | D) which has an overlapping effest in the size domain,

Examination of figures 3.17 - 3.18 shows that the basic fonctional form of the unit diseibutions p(L | D) does

change 2 little with smail changes in rocksize. The ratio of the centre peak to the "width" of the distribution
changes with rocksize which can canse problems in stereclogicat models where p(L | D) is assbmed to remain

consiant with rocksize,

Figwe 3,i9 also shows how the mixing of two different sized group of rocks creates a mixed chord-length
distribution, which is difficult {0 reconcile g_;ns_-::".bigﬁimsly back to the original and separate chord-length dis-

tributions, i
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3.7 DERIVING AN ANALYTICAL MODEL FOR THE ROCKSTREAM
3.71 Introduction

In section 3.3.3 a stereological model ( equation {3.6]) based on geomciric probability theory was derived
which relates the distribution of parameters measured on section profiles (o size disuibutions. In scction 3.4
and 3.5 this model is reduced to analytical expressions for spherical, and irreguiar shaped particles. All these
models assume some form of ideal world, far removed from the sitwation on the conveyor belt. Significant
assumptions are that xhe particles are uniformly and randomly dispersed throughout the velume. In addition it
is also assumed that the particles are sparsely distributed so that there is no overlapping, and the probes used,

planes T;, or lines T, , are IUR probes and infinitcsimally thin,

Although these assumptions render these models unseitable for the conveyor belt rockstreams, they serve a
critical purpose in that they prove that lower-dimensional measurements can be used explicitly to ¢stimate

higher-dimensional properties, subject 1o certain assumptions or limitations.

However the use of the spherical or King’s model (equations {3.22) [3.32] and {3.40}) are restricted because a
vital component of these expressions is the unit conditional distribution p(M | D) is difficult 10 derive. in
additon experimental data is presented (section 3.6) which shows that the functional shape of p(M | D) for
canveyor belt rocks is very different for separated or touching rocks, and as will be shown in chaplers 4 and
5, very prone to ¢rror because of rock identification problems in the images. It is also shown (section 3.6) that
unfolding and resolving the lower sizea particles is a difficalt problem because of the functional shape of

plL\D).
These points raise some fundamenial guestions, which in a way form part of the rescarch objective.

I)  Can the stereological problem for rocks on a conveyor belt be solved for the totalky general case of

arbitrary conglomerates of ircegular shaped particles ?
2)  Ase models needed for estimating size diswibution ?

Considering the complex mathcmatics, and the assumptions made, is it not more prudent to disregard a
rigosous analytical or statistical description of these stereological mapping, and rather formulate empirical
models through experimentation that fulfil the application requirement 7 In particular can simple models such

as those derived from spheres be used ?
v
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DeHoff (1982) comments that the use of the spherical model as an approximation 10 the real structure is open
to serious question in the absence of independent procedares for assessing the spherical models. Thus a more
realistic model or closed analytical solution to the rocksize problem based on much fewer assumptions is

required.

In addition, because no stereological model has been found in the literature which relates A(D) to p(L) without

any assumptions, and in an attempt to answer the above questions, this section formalizes the cvents and
requirements for a complete and totally realistic stereological model which links chord-length distributions

p(L) measured from processed images of conveyor-belf rackscenes, to rocksize distribution f(D) .

372 Modeiting the measurement process

The model, whose function is to link the measurement of a chord length in the range L, L +dL 10 a rock of size

D,D+dD , is based on a probabilistic approach and methodology borrowed from King (1978). Concepiually
q;e model can be broken down into twa paris. The first is the link between the image / and the rockstream £,
where the image is considered to be the result of projecting the top of the rockstream £2,,, onto a planc T, The
second past of the model is the linking of measurements from the lincar-intercept probes T) Yo the projections

in projected plane image. Thus in terms of set theory, a chord-length measured by the probe is given by
L = L[{Qppy N TYNTY) 341

where the rockstream £ is a fonction of the size distribution /(D) of the rocks X and L is the measurement

function, The measurement L can only take place once ceriain events have taken place, For example the linear

probe T, can only intersect a areal projection of a rock X, if and only if X, is hit by the probe, ie T; T X,

To model the rocksize problem is to reduce cquution 3,41 to a furction of (D), which has 10 be derived in

terms of probability theory because only the probability of a rock of size D being detected and measured can
be estimated. As given in chapter 2, the measurernent of the sizs distribution of the rocksiream passing a point

is considered a stochastic process where it is assumed that the statistics of the rockstream can be determined.
In order for a chord length measurement to occur, the following events must take place.

A.  Arock in the size range D, D +4D must be present in the population of rocks in Q.

B,  The test plane 75 must intersect the rocks, or the rocks must be projected onto the test plane,
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C.  The resultant areal section of a rock in the test plane must have a “diameter” in the size range
DD +dD,,
A test ling must intersect this rork’s section.

The intercept length must fali in the size range L,L +dL.

These series of events are similar 10 the those presented by King (1978), (1982). However there are differcnces

to some of these events which result in the unique prob! :m in this research™,

Given all the above events it could be possible to calculate the probability of a chord of length L being

measured given that rock of size D is present. However as mentioned in chapter 3 every point on the chord
length distribution kas some probability funcuon associated with it, and similary for the rocksize disiribution.
Thus the continuous rock-size distribution (D) and chord-length distribntion p(L) each have an infinite set of
probability distributions which are related in some way. This modelling excrcise agtempis to reluie only one
chord length to one rocksize through probabitity theory, which then should be extendible to more points in the

size distribution.

Spliiting the probability of events into dependent probabilities

The final objective to this model is to fit all the above events together to derive the probability of measaring
a chord-length in the range L,L -+ dL ie Pr{F} which is given by
pLydl.=Pr{¥ }=Pr{L < chord length measured <L +dlL} 342

The probability of measuring a chord-length in the range L, L +dL is dependent on the other events A,B,C and

E occurring. So that summing over all the probabilities of A,8,C, and E gives

PriF} = f f f fPr{FECBA} dAdBACEE 3,43
ECB A

Now
Pr{FECBA}=Pr{F| ECB..IQ} Pr{E|CBA} Pr{C|BA} Pr{B| A} Pr{A} 3.44

where

PriA}= f(DYD is the size d'siribution,

as In order not 10 coofuse, I Pag bot been used to label an eml.bmm D roprosents cksize (sieve size),
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Pr{B|A}= is the probability that the rock in size range UJ,D +dD is intersected by thick
section T, or projection onto the plane 7.
Pr{C}BA}= s the probability that the size of areal projection of the rock in size range
D.D+dD is D, D +dD,.
Pri{E|CBA}= is the probability that test line Tintersects thy ireal projection given that all the
above events take place.
Pr{F -{._EC’EA} = is the probability that the test line measurcs a chord in the size range L,L +dL

given all the above events take . ace.

‘The final model relating chord length to the size distribution is given by
pLydl = Pr{F}

=j J ,r f Pr{F|ECBA} Pr{E|CBA} Pr{C{BA} Pr{B}A} Pr{A}dAdB dC4E 345
FCHRA

‘The final siep is 1o substitute expressions for all the conditional probability distributions in equation {3.45), and

then to cvaluate equation {3.45] for all the possible outcomes of cvenis A,B,C and E,

Deriviitg explicit expressions for the conditional distributions in [345] is non-trivial task and is discussed in

the next subsections,

Event A : A rock of a cartaln size exisis In the rocksiream.

Event A that a rock in the size range D, D +dD must be present, is dependent on the size diswibution and i 2.
ie

Pr(A}=f(D)dD 3.46

where f(D) is the size distribution density which is random and a function of time too. Wa't f(D)=£(D, 1)
implies that the insigntaneous measurement of a size distribution £(D,#) at time ¢ cagnot be considered a valid
indicatior of size, but is only one of an infinite number of sampies of /(). It is only the statistics of (D, ¢)

such as J(D,t) or Oy, which are acceptable assuming that the infinite number of probability distributions
associated with /(D) ean be evaluated in the first place.
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Event B : The plane section intersects the rock.

In event B the test plane must intersect the particie of size D, D +dD, or in the case of an image capiured by

a video camera the , cle in the size range D, D +dD must be projected onto the plane 7). This projection
plane for the rock stream is peculiar in that it is certain that it will sample all rocks on the surface of the
rockstream irrcspective of the height and position of (.e individaal rocks above the conveyor belt. This test
plane is thus very different from the test plane as uscd by other researchers, because the "plane” is a thick
section of wicth 7 which is dependent on the vertical catiper diameters of alt the rocks in the image, as well as
their height in the rockstream above the coniveyor beit. If for exampie, only one rock is captured in the image
then the section is the F2ight of this rock above the coiveyor belt surface,  the caliper diameter 4 of this rock
lying in its most stz'de position in & direction perpendicular io the belt surface, sce figure 3.20. I[he  rer
many rocks ave piled on portion of the Lelt, then the projection has a levelling effect which tends to "pull” all
rocks in the image into 3 plane with thickness 2 function of the vertical calip 2r diameter H, and the physical

arrangement of the rocks as shown in figure 321,

1hick saction

image

Figure 3.20. A conceptual thick section for a single rock.

Thus the outcoms of event B is dependent on the probability of a rock in the size range D, D +dD being

present on the surface of the rocksiream detenrines, and the position of image frame over the vockstream, If
the rocks have their centrer wiformly 2nd sparsely distributed over the wace of the conveycr belt, i a
homogeneous distribution, then 1 probability of rocks of a certain size beihig observed is 1, assuming the
whole surface of £ is sampled. Note that the definition of homogeneity. T the rncksiream is open to ouesiion
because homogeneity must be defined and measured and is a function of the scope of observation (Wiencek
and Hougardy, 1985).

However the disiribution of rocks on the conveyor belt s neither sparce, nor unifcrm and the spatial
distribution of the rocks v the surface of Q is dependent on many factors. These factors influence several

classification mechanisms which separate the rocks spatially, These factors include rock shape 2nd size D, the
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thick saction B

conveyor bell

Figure 3.21. A thick section for piled rock . »wing how the image fends to sarnple only surlace rocks

and pull them into a thick section.

size, shape and speed vy, of the conveyor belt, the mass flow sitg of the rock from the hoppers onio the con-
veyt” helt, and the geometry and physical avangement Z of the toad chutes relative (o the conveyor belt. Thus

the probahility of rocks being cut by the test planc T, or alternativily being seen in the image is givten by

PriB}=1 for uniformily distrbuted rocks _
or PrBYy=0(D,Z, s, Vaup ...) for other distributions 347
i

where © ig a fuaction of all the above {actors asd a number of other factors, for example the visee |5sity of the

slurry covering the rocks. !

The loading coufiguration of the belt is an importaat factor. Two common loading conﬁgurati?ns whick
influence the distributicn Jf rocks on the conveyor belt are showa in fi.gure 3.22. In 3.22(a) thu],mcks are
loaded from a vertical hopper resuiting in the smafler rocks rolling to the sides and thy larger rc:k:ks being
deposited in the middle. In figurs 3.22(b) e rocks are loaded from the side, resulting in a clabsification
process due 1o the rocks iQrua and momentum. The larger rocks fall near the chute while the smalleliones fall

away., Another important mechanist whick infiuences the arrangement of the rocks on the belt ar} the beli
T
1
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vibrations which result in a figging effect which causes small rocks to percolate to the bottom of the
rockstream. This piocess is also assisted to a limited extent by the impacts caused by large rocks falling onto

the belt from the chute,

In addition to the size and shape of the rocks, other properties such as moisture content, or the amount of slurry
which covers the rocks, ulso plays an important rofe in determining ihe spatial arrangement of the rocks. Slime
and shurry cause the rocks £o stick together or o conglomerate to form what looks like large rocks, The more
angular and aon-spherical the shape of the rocks, the more interlocking that occurs between neighbouring
rocks. A large amount of interlecking implies that the rocks will not re-orientate themsejves e sily into stable

positions, resulting in possibly large voids which can be filled by the fines or smaller rocks,

' == loading shutos

{aading shutes

convayor bel/

. &

c. q / i

L t " direction of

[ ﬁ 3 0' |
s fmavenent

L 1) '. s ) %

8 »8

) L |

the
large rocks in canier farge rocks an the side.

(e &)

Figure 3.22, Influence of the physical arrungement of a loading chutes relative to the conveyor belt of
the spatiaf distribution of recks on the conveyor belt, {2) Verical loading, (b} Side loading.

Thus an exprossion for £r{B} Lased on the above factors is difficult to deteomine, because some factors such

as g are random variables as weil and the derivation of analytical expressions for the sorting mechanisms on

the beit are beyond the scope of this thesis,
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However instead of deriving analytical descriptions for deriving the distribution of rocks on the belt, it can be
assumed thai the rocks have some deterministic spatial distributions over the belt. For exampie, observations of
the rocks show that the size distribution of rocks can be assumed (i) to vary parabolically with the width y of
the belt, (i) vary linearly with keigbt z, and Zii) he on arerage constant with the length ic x =x(¢) for a fixed

F(D). Sce figure 3.23 and equation [3.27] where ® is sore tunction.

PF(B} = e’[xm yDIZD}

=D£(ayz+by +c){a’z + b 3.48

z‘ /x
.
o, 6 5.

Figure 3.23, Assuming a spatial distribution of rocks over the conveyor belt.

This assumption of o spatial distribution { not necessarily the above functions) can be assumed to hold for
rockstreams whici .+ evenly faden and consist of a "namrow” size range, However this assumption will in
general not hold for most antogenous-feed streams because the randommess of the rockstream f{low towally

precludes the use of such assamptions.

This difficulty in modeiling the clagsification process on the beli agein reinforces the concept that an empirical

or experimental approach may be betier suited for certain engineering applications than an analylical approach,

Event C: The rock section has a certain diameter.

The probability that a rock section profile captured in the test plane (image) has a ceriain size or equivalent
diaweter in the range D, D, +dD,, is dependent on the skape of the rock sampled, the amount of overiapping
from neighbouring rocks. Overlapping in turn is dependent upon the density of the particle distribution as well

as the relative size of neighbouring rocks and their spatial arrangement,

In the next fow paragraphs it will be shown that overlapping is one of the most inhibiting factors to be dealt

with in this model and makes the deterrnination of Pr{C} almost impossible,
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The umbra U of an 2-D object or curve f(x) in space defined as U(f} = {(x,y,1) € DxXR:f(x,y) > ¢}, Maragos

(1985), and the domain of support is shown in figure 3.24. Thus the projection of a particle onto a plane for a

given crientation (8, )>* is assumed to be equal to the domain of support § of the umbra of the particle. This

is equivalent to the area of a cross section of rock with a very thick section where for a given orientation the

thickness of the section is greater than the caliper diameter H(X),,, in the dircction (9, ) see figure 3.28,

4
H{x}
-t - X -
domair of support
Figure 3.24, The umbra and domain of support of an object or function in one-dimension, .

Figure 3.25(a) shows ihe projection a number of sparsely distributed pariicles. For denscly disiributed particies
the arcal projections hecome the domain of support S for the union uf the umbras of a number of particles,
figure 3.25(b). In the linit the projection of a pile of rocks as found with the rockstream is the union of the
domain of support of the umbras of all the particles. Recause of overlapping or touching the resoltant
projection of a pile of rocks is a siagle area with no means for distinguishing between umbras comiributed by
individual rocks. See figure 3.25(c). From figure 3.25(b) and (c} it can be seen that the derivation of Pr{C} is
thus heavily dependent on the correc: identification of combined profiles which depends largely on the image
processing, However from chapters 4 and 5 it was ‘_shown that the idestifying and extracting each umbra cor-

rectly is an exceedingly suspect process and prone to errors.

«

(a) (b} {c)

Figure 3.25. The resuli of projections of (a) sparscly distributed particies, (b} overiapping particle, and
{c) piied rocks. .

35 Sphierical co-oedinstea
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'Thus, because in the first place it is difficult (o identify unambiguously the areal section of irregudarly shaped
rocks, the derivation of algorithms for compensating for overlapping with thick sections of irregular shaped
rocks is assumed to be a futile exercise. The effect of overlapping and thick sections is discussed in the
literature by Hillard (1962), Underwood (1967), Underwood (19703, Exner (1972), and Cruz-Orive (1983).
Underwood (1970) comments that overlapping of only the simplest of particic shapes within the subset of
convex particles can be considered. He adds further that when the number of overlaps extends beyond twa, the

mathematics becomes intractable, In conclusion no analytically correct expression for Pr{C} can be derived,

Evom £ : Tho test line must intersect the areal section.

Assuming that arcal projections in the size range D,, D, +dD, are available, then the linear probe T; must

intersect this areal section, This is dependent on the relative spacing or disiribution of the linear probe lines on

the image as well as the size and shape of the a gal projection.

T. : probe lines chosen are wsually paratlel probes regularly distributed across the test piaue or image. However
there are other meihods for distributing the probes 7, on the test plane T,, which gives rise to different types of
randomness and thos different probabitities of Pr{E}. In general only convex particies are considered because
the occurrence of non-convex rock particles is highly unlikely, but nevertheless possible, Observations of the
rocks on the conveyor belts fucding autogenous mills have shown that the very large rocks have higher prob-

abilities of having a concave surface,

As an example consider a probe intercept arrangeme: . of a grid of equidistant paraliel probes as shown in
figure 3,26, If the window is of size W and the probes are spaced a distance d > H{X),,, where 1/{X)p,, is the
maximum caliper diameter of any possible areal section, then the probe line can only intercept the section once
(figure 3.26(a)), and

HX)

PriE} = 3,49

See Underwoed {1970), Weibel (1979) and Weibel (1990). HOWCVCI: the scheme shown in figure 8.7(b) of

clusely spaced probe lines is the one required to obtain a sufficiently large number of intercept measurements.

Thus the probability of 2 test line intersecting the rock is anc, Pr{E}=rr{T,; TX,}=1.
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probe fines

/N

(a) o)

Figure 3.26. (8) The correct spacing of probe lines for a rockscene. (b) Closely spaced probe lines used
to obtain more intercepts..

Event F : The injercept lengih s of a certain size.

Pr{F} is the probability that the resuliant chord length measured is in the range L, L +dL. Pr{F} is dependent

on the shape and size of the areal cross-section intcrsected by T, and generally is difficult to determine.

In section 3.6 these distributions were evaluated for a single linear probe intercepting a given sphere, which
gives rise to a distribution p(L | D). These distributions have been worked out analytically for objects of simple
shape such as spheres and cubes, (Wicksell, 1925), (Underwood, 1970), (King, 1978), (Weitel, 1980).
Intercept disaributions for other irregularly shaped objects have also been measured experimentally or by Monie
Carlo simulations, (Naumovicit et al, 1980), and (Naumovich ct al, 1982),

Sampling the rock more than once

However with this work adjacent-lincar probes have been used wiiich results in a given section profile being
inuaﬁcpted more than oncg, and the icsoltant chord-length distribution p(L) must be modificd to take into
account this over-sampling. The eifect of oversampling is that p(L} is influenced by the full range of possible
chord lengths that can be measured in a given direction on a single rock. We must thus introcduce a new cvent
G which is that a rock can be linearly sampled # times, Thos the final ontput distribution is niot simply (L)
but a modified chord-length disiribution which is a function of its maximum caliper diameter of the rock
(profile) in a direction perpendicular to the direction of the probe, ie H(X),,,  and the shape of the rock ic
pL | D). H(X ), is also a function of the size and shape of the rock relative to the probe dircction, as shown
in figure 3.27.
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probe fing

Figure 3.27. The number of churd measured per rock is a function of its maxinium caliper diameter
" H{¥)msy, In a direction perpendicular to the direction of the probes T,

Thas the final chord-length distribution p{L} is given by equation [3.50] where Pr{G} is function of the width

of the image window W, the linear probe spacing 1, as well as H (Hog}m! and other shape factors such as
- plL | D).

ALY = fpr{c}do 3.50
G
3.73 Deriving a final expression

The final stage to derive this mode! is to combine all the above conditional probability distributicns equations
into equation [8.5], However the protbilities for events B, C and E are very difficult to cvaluate without
making any major assumptions, and in the case of event F the expression has to be determined experimenially
(King, 1982, 1984). In particular, the probability distributions B and C, require a rigorous understinding of the
packing and arangement mechanisms of the rocks on the conveyor belt, which is a formidabie task beyond the
scope of this thesis, Thus to reduce the equation [3.46] to an analytical equation which is solely a function of

D without any assumpiions is near to impossible,

Compoonding the above difficulties with deriving a final expression are the realities of image processing which

are naturally error prone, (discussed in chapters 4 and 5.)
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3.8 CONCLUSION

In this chapier stercological methods for estimating po ulations of 3-D parameters such as size from
populations of 2-I pararneters were discussed. In particular, in section 3.7, the problems assoviated with trying
to develop a sieeological model without any assumptions were shown ic be extremely difficult if not
impossible, The émpiexity of such methods tend to sﬁggest that the answers 10 the guestions at the end of
section 3.6 should be that an alternative method or philosophy should be explored to derive rocksize. This

empiricai and experimental approach is presented in the iemainder of the thesis.

Thus in the absence of realistic analytical models, the philosophy embraced has been to experiment in 3 logical
and scientific manner, exploiting the stercological techniques to test sizing hypotheses based on established
techniques without first developing a model. "Thus the development a compiete model linking the rockstream,
images and chord-lengths measured to rock size is 7ot @ prerequisite of this measurement process. However
the development of such a model could possibly provide the means of verifying the empirical process
deveioped in the rest of this thesis and highlighting stercological errors or omissions, thus improving the

measurement,

On a more practical note it is finzally concluded that in order to measure any parameter of a rock, cither the
boundaries of X denoted 39X, or the segmented regions X of the prajected images the rocks of Qp, be
extracted. Thus the objective of the image processing and analysis stages of the instrument should aim o

extract cither 9X or X, Recognition procssses for these purposes are described in detail in chapters 4 and 5.

107

7"/_;‘\



Chapier 4; INITIAL IMAGE PROCESSING FOR ROCK BOUMNDARY DETECTION

4  IMAGE PROCESSING |: ROCK BOUNDARY DETECTION

4.1 INTRODUCTION

In chapter 3 stereological relationships for measuding the size distribution of spherical particles were
developed, where it was shown that the size distributions of the spheres can be estimated from measurements

on their sections. The measurements are for example areas or lincar-intercepts measured from projections or

areal intercepts of the spheroids, also known as waces. It was then assumed that these stereclogical methods

can be extrapolated to particlss of arbitrary shape, eg King's method, Common to all thes2 stereologicai tech-
nigues is the need for undistorted and error-free fraces. It was concladed that the traces for rocksize estimation

should be particle-boundaries 0X, or the projected-areas (interiors) )? of the particles (rocks) X.

The objective of the image processing and analysis stage ¥ is thus to focus the contents of the raw image /

into useful entities and symbolic objects which form an image of the rock boundaries £y, Or projected arcas

E).c, via the transformation Ey, =¥({), or £, = F{{), namely trace images.
X

In gencral there is a wide gap between the raw image and the required trace image. To bridge this gap therc is
need for a range of intermediate steps which simplifies the Lransformation into manageable steps, For this
rocksize application, the transformaticn ¥ is broken up inte two main sequential stages ‘¥, and ¥, where
Y =¥1¥,] . The objective of the preliminary stage ¥, is to perform primary rock-boundary detection and
object extraction which is developed in this chapter. In chapter § post-processing methods ‘¥, are developed,
which modify and correct the incomplele primitive-patterns derived in this chapter which are then combined

into the final outprt, which can sither be £,y or E’.‘.

4.1.1 Image Processing Terminology

The goal of the transformation ¥ which employs computer vision techniques, is to generate scene descriptions
for image understanding. Image understanding 1s the antomatic processing and interpretation of imagery or
natural scenes from which knowledge is inferred. This char 3r together with chapter 5 discusses he
computer-vision techniques incorporating image processing and image-analysis for deriving scene descriptions

which are the boundaries 89X or the projected areas X of the rocks. A vital pact of this image processing is the

108 L |

w2 g S yndae
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idemiifi  *»q of each individual rock and extraction of their properties {traces) which requires image under-
standin . . 1 this research the measurements made o the traces in order io derive size distribution can be

considered an extension of image understanding,

4.1.2 Notation and Cenvention for mage Processing

The image processing stage ¥ requires digitized irﬁages for numerical processing as opposed to the continuous
image ag defined in chnpt»:.r-z. We thus define the discretized image / as cavtured by the frame-grabber,
denoted I, .10 be a matrix of samples in the continuous three dimensional Eu;,clidian space R, where the 2.D
domain is given by (i, /) € Z xZ which are the co-ordinates of the centre of the elements (gixels) in the matrix,
For convenienee it is assumed that the imsze is square and of dimension NxN, ie contains NxN J ixels*'. Each
pixel is assumed to be a sample of the corttinuous image at the co-ordinates {, j) where cach element (pixel)
within the image denoted /¢/, j) <an take on the values of 0,1,2.K e Z where K is the maximum®*? gray level
(brightness) it the image. Each pixel is assumed o be square*? as well, with the gray level within each pixel

representing an intensity sar gle of the real image comresponding to the position of the centre of the pixel.

The convention used in this document s that the korizontal direction of the image is represenied by distance x
and the index i, and the vertical by y and the index j. See figure 4,1, We atso define the histogram of /(i, j) to
be A(g) which is the number of pixels of brighiness g=/{(i,j} 0<g<X and where 0Si<N -1 and
0SjEN-1,

Each rockstream is denoted £2, , and provides a series of rockscenes which are captured as a series of images

where the p'th image is denoted lLwherepeZgeZ, w<p<e,g=12,..1.Se figure 4,1 (b).

L& &
& W & o

rockstream Q-1 / l»m
. rockstream
Figure 4,1: (a) Discretized representation of the image with address conventions of the pixels, (b)

Rockstream q providing a stream of images [, , .

4.1  Thisis not necessaty and the image may be of dimension N x M where N 2 ¥ .
42  For the hardware used during this sesearch each pixel was represented by a byt thuy the gray levels ranged from 010 255,

43  Dusto the nature of the hardware vesd for experimentation, the aspect rmtic of the pixels was not aquare. The gignificance of this
is discuszed imlchapurﬁ. pest e “ &
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4.2 SEGMENTATION OF ROCKSCENGS
4.2.1 A conflicting requirement for "generic” and " custom"” algorithms.

The measurement procedure consists of capturing, wansforming and analyzing a number of sequential images
1,., of the rockstream ¢, from which a a series of discrete-size distributions f, (D) =Y ¥, J1 —oo,p <o,
is to be estimated. Each different rockstream €, presents 2 large variety of image scenes o the observer, with
image characteristics such as texture and gray level statistics varying with time and space. The image i
processing ¥ must cater for these changing rockstream characteristics which are unigue and differ substantially

from other scenes processei i many other applications, I'. particufar with these scenes, ;

} 1) The objects {rocks) to be identified, touch one another,

. 2)  Many of the objects (tocks) overlap and occlude (obscure) one another, i

3) There is ¢ften no discemible background (conveyor belt), but somelimes large areas of background are ;
visible in the image.

: 4y The varied angles of the rocks’ surface normals caused by their rough surfaces results ir a large range

- ) - of intensities to be reflected from a single area that should be classificd as one object. The effect of such

reflections from the whole image results in broad and gencrally unimodal gray-level histograms which

are undesirable, Most industiial imaging applications rely on bi- or muiti-modal histograms which case _ ,

the task of object recognition. The functional form of these gray-level histograms also changes with

time, which compli .2s matters further. ’

5)  The rock scenes are scenes of "natuoral” objects which exciude all regular geometric shapes. Although

the shape of these objects (rocks) do fall within certain broad shape groups, they do vary a great deal.

f 6)  The sieve size rénge of the objects (rocks) can vary from a narrow range of 19 to 25mm, to a range

' varying from less than a metre to tens of microns, .

7) A positive point is that the group rock features although random, are unigue, ic do aot have straight

lines or smooth curves, and are generally convex.

The above points together with e fast that existing imaging techniques are gunerally unsuited fur rock
imagee, implies that the extraction of either aX or }:’ will be based on heuristic and application-specific pat-
iemmogniﬁon algorithms. The argument for custom image-processing techniques is sirengthened further by
the fact that no generic computer-vision system has been developed that can handle any image (Rigaut, 1989
and in particular the rockstream images. o
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From observation, the characteristics of images of a rockstream ¢ from a particular mine or mill will generally
differ from another. Thus each rockstream forms its own class of images, and an algorithm developed for one
class of images generally does not work for another, (Harttey, 1982). This again implics the customization of
imaging strategies on an ad-hoc basis, whese the software must be tuned or cus‘omized te the particular rock-

stream (Q,).

The rockscene characteristics change randomly with time and space. Thus a sequence of images captured from
a given rockstream £ can be considered a unique but broadband signal from a stochastic process. It is
important therefore that the rock-edge detection algorithm be generic or broadband 1o ideally aliow for the
processing of a wide range of imaz. s from a given rocksiream, so that all the traces in each image may be
extracted successfulty, Unfortunately this is not possible because of the limited power of computers and refe-
tively primitive state of image-processing technology, The ideal requirement for perfect object cxtrac_tion aver
a large range of images, can be iikened to the quality factor {, of an efectric circuit (fig. 4.2) where we have a
trade-off between accurale object-extraction (gain), and rockscene-variations (bandwidth), Generally only a
custom algorithm can perform perfect image-processing, thus a conflict exists between the requircment for
"generic” and "custoin” algorithms, Therefore in this thesis a compromise is sought in which the edge detection

algorithms developed, perform “acceptable” segmentation for alf rock images, of a given rockstream Q.

Dagros of successaful [v\ image with a nanuw
} 4—————  rafge of cbjecis
segmentation " Y
] \. image with many

t /" diverse objects

Bandwith of rackscene

Figure 4.2: Q filter analogy for segmentation performance versus the variety of scenes to be segmented.

Associated with the development of image-processing strategies for this * ~ject are a number of other inherent
iimitations or problems. Firstly algorithms developed for a given rockstream will nor be generic, because the
development of the algorithm for practical reasons must be undestaken on a relatively small number of image

samples, thus biasing the algorithm towards these images. Secondly, the suitability or success of an algorithm

frr size measurement cannot be predicted on the basis of the ouicome of processing 2 finite number of images,
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Chapter 4: INITIAL IMAGE PROCESSING FOR ROCK BOUNDARY DETECTION

but rather only after Jong-term testing on a real conveyor belt, where a large range of images can be processed.
A positive note is that a myriad of image prucessing and analysis techniques exist which are available for use

and customization, atdWwhich will be reviewed briefly in the next subsection for possible usc in this research.

4.22 Review and Introduction to Segmentation technigues

Before a possible structure for a rock-edge detection system is proposed, it is “~zuessary to review existing-i-
maging iechniques in anticipation of the need for a broadband system, ic a system which can provide “ac-
ceptable” segmentation of @ wide range of rockscenes for a given rocksiream £, . In agrecment with Chassery

an( Darbay (1984), it must be noted thet the widespread proliferation of scgmentation techniques precludes a

comprehensive sw ey ~f alf such techniques.

One objective of the image-analysis or machine vision is to perform object-recognition, which in this rescarch
is rock ang rack-edge detsction. Common (0 most object-recognition systems are the segmentation or
image-partiiionin, .tocesses which concenteate the contents of the raw image into entities for understanding
by higher-devel processes (Dunn, 1989). The development of segmentation processes is stiil @ major @ “oblem
in machine vision, and the lack of progress in image segmentation is retarding the applicaiion ol automated
image-processing. As a result Riguat (1989) emphasizes that “new ideas or a significant brezkihrough in
automated image segmentation” is a major objective in the field of machine vision. Alinough he was talking
specifically about applications in biological microscopy, his comments co apply’to most other secgmentation

applications, including convey r-belt rockscenes.

Tu this research the author classifies segmentation methods as being cither "classical” or morphological. Strong
links cxist between morphological and classical imaging techniques {Maragos, 1985). Classical segmentation
methads can be sorted into three classes, namely (i) characteristic feature extraction, (ii) edge detection and
(ii), region extraction, see Fu and Mui (1981). Pratt (1978}, Farag (1978), Nakagawa and Roscnfeld (1978),
Hartley et al (1982), Garbay (1986), and Beaulieu and Goldberg (1989), are amongst the many authors who
discuss various segmentation algoritiuns. Most segmentation algorithms are designed for caly one class of
image, whilst others are more broadly based to handle a larger variety of input signals, Many aigorithms
employ feedback from high to low level processes, are iterative or adaptive ( Kelly, 1988), or are statistically
or spatiaily based (Rosenfeld, 1979). A number of segmeniation techmiques should, and do, make use of
a-priori knowledge of the characteristics of a given class of scenes 10 be processed (Rosenfeld, 1979} which
results in application-spesific algorithms. A-priori knowledge is also often vsed to control the convergence of

lerative techniques (Garbay, 1986), which can take a long time 1o process.
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A-priori segmentation algorithms can generally only be developed if the objects car be modelled. Tie

extraction of man-maa s and regulariy-shaped objects lend themselves to model-based object extraction pro-
cesses becanse ¢he objects can be described. Easy object description results for example. in template matching X '1\
imaging systems, which are utifized in quality-control or industrial-inspection systems wiere boitle caps or o
labels are checked on-line. However natural scenes which are exceedingly complex, impose a key consteaint
on the development of algorithms based on explicit models or a-priori knowledge, because common objects
such as trees, clouds and rocks are difficult to describe in a formal manner suitable for nachine recognition
(Firschen, 1988) (Mandelbrot, 1990). A possible solution is to use fracials (Mandelbrot, 1983). Even the
analysis and modelling of what appears to be conceptually simple scenes may be exceedingly difficult because oy
they contain a vast amount of detail, (Bergholm, 1987). If however predicates or conditions of, for cxample,
the convexity or circularity of naturally occurring objects can be established, then control strategies can be

developed for the sepmentation process of complex scenes (Chassecy and Garbay, 1984).

Man, through expesicnce and inference can deduce and understand the contents of an image. This, together

with the diversity of control mechanisms and other factors affecting image segmentation, as well as the rcliatce

on heuristic proceuural algorithms, has led to the development of knowledge and rule-based segmentation i
systems encompassing astificial intelligence and expert systems which ultimately try to emulate the human, |
Nazif (1984) and Stansfield (1986), Nazif (1984) comments that rule-bascd segmentation lechniques produce
partitions that smealtaneously maximize the many aspects of the segmented image, whereas specialized tecl-

nigues maximize cne property at the expense of another. )

For this rocksize problem it is very difficult fo create an expert or rule-based system that can take cognizance
of the many possible rock patterns and still process the isnage within a reasonable time-frame, (Berger, 1983),

{Wigeson, 1987). However Wigeson (1987) developed rule-based systems to analyze and segment rock scenes

using some a@-priori knowledge which processed rock images in much less iime than Besger's system. This is

a positive indicator of the viahility of rockscene segmentation, where 2 prudent choice of rules incorporating a

variety of modified classical techniques, can provide a solutiun.

What becomes apparent with many segmeniation techniques discussed in the literature, is that (i) they often

strive for near-perfect segmentation, for example edge detection to sub-pixel accuracy (Tabatabai and Mitcheil,

w——

1984), and (ii} the varicty or numnber of images processed by the algorithm is small, contrary to the requiremeant 1 ’

of #x. rockscenc segmentation algorithms, Striving for good and accurate segmentation, as well as dezails such

as the precise location of an object is still important to this application, However the siochastic nature of the
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rockstream implies u..t 2 stochastic approach to rock recognition and segmentation algorithms can alse be
considered. A stochastic approach is usefut in that such methods suggest defining a tolerance for errors rather

thai eliminating them completely.

A significantly large number of images with different characteristics can be generated from a single ek scene,
although rock scenes form a very tiny subset of the universal set of image scencs. This, togelher with he sto-
chastic nature of $ implies that uncertainty is an integral part of the measurement and cannot be eliminated
(section 4.3). Thus the philosophy adopted with regard to the development of rock-cdge detection algorithms

is,

{a)  to utilize the many useful scgmentation and image-processing techniques available, avoiding the need

for laborious fundamental algorithmic development, and

(®) not 0 attempt the development of the perfect system, but rather to find out fow ba .y classical or
existing methods perform, with the objective of selecting a combination of these techniques which work
at an acgeptable level of unceriginty. The minimisation of this uncertainty is a long term goal to be

pursued ziter the estabfishment of the acceptable system,

4.2.3 Comibining Image Processing Processes

Examination of past work (Berger, 1985), as well as experimentation with a number of classical and well-es-
tablished segmentation technique: as applied to a series of conveyor belt rockscenes, shows that in isolation 1o
single scgmentation aigorithm cua perform satisfactory scgmentation, this is & result of the fact that most
imaging techniques are not being designed for the peculiarities of rockscenes, see section 4.5 for specific

examples. RBrink and De Jager (1987) also similacly conclude that in general, no single algorithm is likely to

- provide the best result for all applications. This has Jed to the conclusion that instead of developing an iniricate

custom algorithm for accarate rock-recognition (Berger, 1983), a combined system utilizing a number of rel-
evawt tecimiques should be used for rock-edge recognition and extraction { Matik and Maydan, 1989). A
comixined systern will allow {or the best features in each method to be used to support or refuic the presence
and location of a rock edge, ic " a democratic system", The architecture of such an image processing structure

is shown below in fig, 4.3,

Euach branch of the structure given in figure 4.3 can be considered a modified classical pattern-recognition
strategy as discussed in the litesature. These strategics usually consists of a number of well defincd sequentiat

processing stages (Coleman and Andiews, 1979), usually called the low and high level processes, or as Farag
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Figure 4.3: Block diagram of a simple parailel image processing architecture.

(1978) discusses, the extraction of micro and macro information. The first part of these strategies (after image
acquisition), consisis of the low-leve! processes which extract focal features of the image in a non-semantic
way. Following this are a cumber of high level propesses which group or classify these local features {entitics)
imo meaningful relationships ot sets, which could consist of homogencous iegions of defined shapes (seg-

nmcniation).

For the global strategy advocatrd here, the image pattern from each parallei branch is then fed to a final
contbining stage, the conirol of which is stili an aica for concern because it involves contextual understanding

of the contents of an irage, a critical area still 10 be researched (Chassery and Garbay, 1984).

There are many other models in the literature other than the those in figure 4.3 for dealing with image under-
standing, maost which have been developed for a specific application. The question of which low-level feature
extraction and bigher-level segmentation algorithms should be used for rock-scene analysis will be discussed

in section 4.3,

43 ROCK BOU*DARY DETECTION OR ROCK EDGE DETECTION - ASSOCIATED
ERRORS

The 2-D boundary or projected arez of each rock is assumed to be all that is necessary for rock size detection
{chapier 3 ), which implies that segmentation algorithms shoukd be geared towards rock-region or rock-boun-
dary identification and analysis. Object-boundary d=tection is based on the analysis of discontinuities in the
iroge gray levels, whilst region analysis can be based on a number of criteria, one of the mast comimon being
the homogeneity of groups of pixels (Fu and Mui, 1981), Both methods can be used and the decision of
whether to use region or boundary analysis is dependant upon
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(i) which pattern (edge cr areal) contains e most refiable and usefie] information ?

(i) the complexity of 1. algorithms required to process the cntities, which affects the speed of the
measurement. ie which pattem is the casiest to generaie in the shortest possible time ?

(iii) the relative amount of segmeniation errors produced by each method pr« image and the cumulative
effect of these emors on the final size measuwrement, This is rclated to the complexity of a wchnique,
which unfortunately has been found (subjectively) to increase exponentially with the decrease in erors.

(iv)  which patiern requires the least amount of correction and how quickly can this be achieved ?

Boundary and region analysis arc very closely related because boundarics can be considered edges of seg-
mented regions. Thus both boundary and segmented-area data should ultimately pravide the sume information
with regard to size although it appears intuitively that areal patierns are the corvect pattems (0 use, see fig, 4.4,
It is assumed further that a segmented image can be convered to an cdge pattern, and vice-versa. What is
common to both patierns in the end is that the traces for each rock must be unambiguously identified and
separated from its neighbour, { For convenicnce and clarity X; refers (o the interior ()}l of the 2-D projection

of the i'th rock X; .)

The two possible image patiemns £ that can be derived from the input image via ¥ are shown in figure 4-.-4,.
which are either projected areal patterns X or boundory patterns 0X . With projected areal patierns
X= ?,(;}J = ,Z(X,.) , the - :ck arcas are of phase ¢t X ,, and the background of phase Be X’ The total rock
area is given by the set of subssts X = {X,,X,,...X,..X,} where the {'th rock X; is uniquely labelled {(Berger,
1985) &, and where 2 is the number of rocks in the image, thus giving an image function. Edge or boundary
patterns oK = g(BX),-. are connected together to iwem a dinary set whese o represents the edges and 3 non-
edges, Ideally e (X nX'=3X =0X") and P e {X UX’},ic B includes the .mieriors of the rocks as weli as any
exposed surfaces of the conveyor belt. Note that if the rocks are not louching or overlapping then 2X can
consist of uncoupled binary sets. waevcr with overlapping rocks the edge patterns interlock and afl the

boundaries can have the same label.

For areal patterns tho transition™ o> B or‘Y,u—> X; i#j and vice-versa, indicates the edge of a rock section,
Therefore a chord length for cxample, can be measured as the distance between the two transitions - X, —~ B
or X~ Xy, = Xy see fig. 4.5(b). The area is measured by counting pixels of phase o of a unique labei A,

where the bount' ics ate given by the above transitions,

4.4 A spatia} transition {or displacement) acioss the image is degoted  —.,
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(a) {b)

Figure 4.4 Example of synthetic entities from which size is to be measured. (a) Segmented regions of
the rocks where each rock-region is given a label. (b) Edges or the boundaries of the rocks,

With cdge patterns, chord lengths are measured as the distance between the two adjacent trnsitions
8 — o — B, whereas areas of traces would he measured by counting pixels of phase § provided that o ¢ X. See

figure 4.5,

The fact that edge paiterns are binary is a major advantage over segmented patterns which are essentially
functions because of the labels A, where A, > 1 and A; & Z, and consequently requirc more memory and take
ionger 10 process. However edge patterns do have a disadvantage, this being the finite width of the edges oX
where 0X <X or 9X —X’, which disiorts the measurement. Figure 4,6 (a) shows how edges of finice thickness
affect the measurement of chord-length resulting in ervors L, ranging from L, = L,,,, ~Liy,, t0 L, =Lter = Lprue -
Labelled arcal patterns on the other hand are less ambiguous with regard to the definition of b undaries,
hecause labelled regions can lie next to one ancther with concepiually infinitesimds thin edges, fig 4.6(b). See

Serra (1982) Chap, 1 B4 tor more on boundaries and their definitions.

' A segmented ares, of a rock or rock boondary should define a closed homogeneous area. However definition of
a ¢losed homogened. s area with respect to pixel groupings on the discratized plane and its associated wdges is
a problem, This is essentially a problem of connectivity, where on a rectangular discretized plane a pixel can
be connected to 4- or 8- neighbour: see fig, 4.7, (See Serra, 1982 for mor> on hexagona! grids.) Connectivity
"- is significant becanse the edge or areal patterns derived will be eizuncous with, () "heles” in areas, figure
4.8(b}, (i) gaps in edges, figure 4.8(db), and (iii) bridges or connections between areas, figure, 4.8(a), or edges

cavsed by noise components, The conuectivity of a group of pixels defines these errors and the methods

required to repair them,
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rock edgeas
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labrlled areas

(L)

Schematic diagram of portion of () an edge patiern, and (b) a segmented arcal pattern of
rocks (synthetic), showing how chord-length measurements may be made on both types of
patteras,
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For labelled area patterns, errors stem from (i) merged adjacen areas (if) isolated islands and (iii) broken up
areas. Merged areas resuit in a measured area A" ané hord length L* being larger than the true value A and L
,le

A=A VX > ALX) 4

L =L{X;UX}>L{X} 42
"Holes" qr islands on the ather haud result in for example

AT =A{X,-Y1<A{X} 43

L'=L{X ~Y)}<L{X} 4.4

where Y; is a island in X, . Splitting, figure <.8(c), results in the same error as given in [4.3] and {4.4] cxcept

that the hole ¥; is replaced with a valid rock X; . The problem of merging is the more significant error for lavger

rocks, whilst smaller rocks are affected more by holes and spurious noise.

With edge patterns, the similar errors as shown above will occur, with merging resulting from gaps in the
edges, and false edges causing holes or isiands. However a third type of error also occurs with edge pauerns,
and these are vaused by the finite width of the edges, These errors are more significant for short chord length
and area measurements witen L(3X) = L(X) and A(0X) = A{Y) . The measured chord length and areas are given

by equations [4,5] and {4.6] where ¥; is a false edge or island. See figure 4.8(d).

L'=L{X}-L 1’3";} ~L{5X} 4.5
J

(2
A=A} -A{ 3T} -aex) 4.6

In the next subsections we continue to diccuss various segmentation techniques for exiracting the projected
areas or edges of the rocks in the images, in the anticipation that both sets of information will not be error free,

but together cauld piovide some redundancy which can help to reduce errors for rock recognition,
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__(_a)

Getacied rock taundaty
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Figure 4.6: {a) Close up view of an edge pattern showing how edges take up finite space and can distort
a chord measursment to give a chord length ranging from L., to L, (b} Close up of
segmented regions showing that there is no ambiguity with regard to the edges and a
chord-length measurement.
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! Figure 4.7: {a) 4- or 8- connectivity on a rectangular grid. (b) Example of a string of pixels forming an
edge in 4- or 8- connectivity. (c) Example of pixels forming a closed region with 4- or §-
connectivity.
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Errors

(a) meiging

(b} islands

gaps

Correct image

Figore 4.8:

Errors in size measurements on labelled area patiems due to {a) merging, (b) islands, (¢}

splitting, and {d) gaps and islands, in an edge imaye.
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4.5 THRESHOLDING FOR RCCK REGION EXTRACTION

The rock-identification task can be thought of as classifying each area of the image as belonging 10 a unique
rock which can be labelled unamabiguousty, ie a segmentation process. There are many meihods that have been

devised for segmentation, one of the most common being thresholding.
4.4.1 (lobal and logal thresholding

Thresholding is conceptuaily the casiest and simplest segmentation method to implement, and is thus e {irst
method to be investigated for primery rock segmentation. Binary thresholding is the transformation uf the gray
level image F(x, ¥) to the binary image G{x, y) where object {rock) pixels, and background pixels arc relegated

to one of two classes. Global birary-thresholding is performed over the whole image and is given by

@ I FeneT) 47

Glxy ’={b i Flxy)<T

where T is the threshold value chosen and ¢ and b are any values, traditionally 1 and 0. Thresholding in

general can be extended to produce G{x, y) consisting of more than two classes, eg Berger (1985).

There are many different types of thresholding algorithms depending on, methods for sclecting T and the

number of classes required, (Rosenfeld and Smith, 1981), (Weszka, 1978), (Weszka ct al, 1974}, (Ridler and
Calvard, 1978), Lee and Jurkevich (1989) remark that not all images can be successfully scgmented because
the image does not always contain distinctive classes. Most segmentation techniques based on thresholding
assume that the images have a histogram #(g) with two or more distinctive peaks (bimodat or multimodal). The
background usually consists of vne peak, and the obiects the other peaks, and the threshoid values are typically
selected from the valleys. However many images, inchuding most of the conveyor-belt rock images have broad
and “near-unimodal” gray-level histograms, with which it is very difficult to distinguish unambiguously
beiween different peaks and hence segment the images, éee figure 4.10. The problem associated with images
having unimodal distributions is discussed by Bhanu and Faugeras (1982), where a relaxation process fer
segmenting this class of image is presented. However this technique is not suitable for this application, because
of the Jarge amount of computation rzquired and the wnpredictable convergence vate for relaxation schermcs
which are a problem for realtime processing. Lee and Jurkevich (1989) have also ¢:verr. - 1 an unsupervised

method for segmenting the unique speckled SAR images with unimodal histograms,
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Although much effort has been spent in developing algorithas which artificially reclassify and redistribute the
pixels 50 as to form distinctive peaks in the gray-level histogram, these thresholding techniques do not work
very well with rock images as found on conveyor belts, where the yocks arc overiopping and touching
(occluding). This problem confirms what has been discovered in practice with instruments based on thresh-
olding { eg MSD-95 which is a one dimensinnal thresholding system), in that the gray levels in an image / do
not necessarily represent the 1opology of the physical scene from which the image was crcated, although it is

closely related, (sometimes but not always £~z , sce chapter 2 ).

However, thresholding of rockscenes consisting of 2 mono-layer of separate rocks does produce acceptable
segmentation, A separate arrangement of rocks forms an image of gray or light-coloured objects on a darker
background, which results in a bimodal histogram as shown in fig. 4.9(b). Figure 4.9(¢) shows the
unambiguous patiern of areas of rock X and non-rock ¥ resuiting from the plobai thresholding of the

rackscenes in fig. 4.9(a),

On the other hand consider figure 4.10(a) which shows a rockscene of overlapping rocks, the gray-level his-
togram in figure 4.10(b) and the result of global thresholding in figure 4.10(c). The histogram in fig. 4,10(b) is
not bimodal and the segmented image does not consist of unambiguously segmented rock projeraons. There

are three main reasons for the merging and splitting of the rocks as shown in fig. 4.10(c).

1) The intensity valley between two individual rocks becomes more shallow as the two rc",':ks are brougin
closer together causing merging. Similarly and in 2n opposite sense, ridges or irregularities on the rock

surface cause shadows which splits up a rock’s area into separated individual rocks,

2) Except for the background and shadows between rocks, there are ro features in piled rockscenes which

produce homogenecus areas that can be relegated unambigucusly to a particular object.

3)  The facets on the surface of the rocks have a relatively wide distribution of surface normals which

reflect light "uniformly" over a wide intensity range.

The above factors combine and result in a unimodal histogram with broad peak which creates difficubiics in
selecting ihreshold values for unambiguous or exror free segmentation. As a result, global thresholding requires

time-consuming post-analysis in order to separate merged regions, (Berger, 1985).

Amnother reason for global thresholding not segmenting rock scenes progerly is that the average gray level often

varies across the captured image because of the practical difficulty of illuminating a relatively large scene
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area*® cvenly. However local-thresholding techniques can be used to compensate for uneven illumination
where the threshold values T, ;) in different parts of the image are adaptively adjusted in sympathy with the
local increase or decrease it groy-level and hence illumination. The local threshold value T(i, f) for each pixel
is calculated by comparing both the global gray level statistics, to the gray-fevel statistics of a local window
W I of N elements surrounding the pixel to be threshold. The principle behind using windows on 2z image
is that the group of pixcls within a window is usually spatially correlated and that the 1llummauou can be
considered to be constant within that window, For example given an image F(i,j) , T(, j) can be calcuiaz;d by
comparing the local average sray val.;lé F(i,§) to the global average gray value ¥ , as shown in equation (4.8}
and [4.97%, |
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Figure 4.9: (a) Example of an image of a mono-layer of separated rocks. (b) Gray level h:stogram of
(a). {c) The rockscenes after global thresholding at T=90 .

'

45  Typical arcas covered by a camera vory from 0.2 m *to i m?,
4% There other schiemcs that mey be used ingvead of equation {4.8] and [4.9).
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Figure 4.10; (a) Two examples of images of overlapping and occluding rocks from Q , (b) Histogram of
the images. () Resoltant segmented images, with threshold at T’ = 120 for both images.
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Fex 3 Fl.j) 4.8

1
Nijew

TG ) =T, +kiF -F(, )} 4.9

The problem with local thresholding as with many other similar algorithms employing windows, is the choice
of window shape and size, as well as the large amount of comput- ioa™ required to cafculate #(i,/) . The
shape of the window over which F(i, j) is calculated in this research was made reciangniar instead of circular
in order o ease the processing time, Hov.cver rectangular windows introduce a certain amount of directional
bias, because pixels at the comers of the rectangle at a distance dy are “consutted”, while pixels vertically or

horizortally placed a similar distance 4, away from the central pixel of interest are ignored,

An altemati#e to tocal thresholding is (o optimize the lighting to give 4 relatively constant itumination over th
rockscene i be analyzed thus climinating the need £ costly software compensation such as Jocal threshoiding
and analysis. The optimization of lighting and other hardware to avoid soltware overheads (section 2.6.5), is an
obvious and recurring theme in Lhis research which is usually restricted by hardware costs and the practicalitics

of insizlling the cquipmeant in a rough environment.

Figure 4.11{¢) and (d) shows an example of local thresholding over a 20 by 20 window {image is 200 by 200
pixels) which can be compared against global thresholding figure 4.11(b). For all threshold images
T =T, = 100. From figure 4.11 it is obvious that Jocal thresholding provides a mich better scgmentativn pattern
with less merging althotugh more splitting and islands but on a micra scale. The oniy reason why such methods

X were not finally used is the extremely large computation time,

rd

4.7 The calculation of local-average rray leveld in & window of 20220 in a 200x200 image using a non-optimized algorithm takes
approximately 1.5 10 2 minuies .1 5 20MHz 80388 sechine with an 80387 with a 64Kbyte eache,
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(¢) (@)

Figure 4.11: Example of using local thresholding to segment rock images, equations 4.8 and 4.9, )
Original image. (b) Global thresholding at 7=100 . Segmented images using local
thresholding with T,=100 and (¢) £=0.1, (d) &=0.5.

128

<y
S T U U S - 4



Ladr s RIS S & S

Pl

.

o, D e AR P

I3
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443 Histogram-tail thresholding

Although the gray-level histogram of belt-scene images are near unimodal ag shown in figure 4.10(b), they still
contain valuable information. As obsetved in {ig. 4.10(c), global thuesholding still provides a reasonable first
estimate of the Iocations of areas rock and non-rock, des, ite the merging and hole errors which vary temen-

dously from image o inage.

It i3 thus prudent to iry and exploit thresholding, in particular, global thresholding, despite the errors generated,
From observation of hundreds of rock images, it is hypothesized that the pixels velonging to the high and low

end {ails of the histogram have a high probability of belonging to either rock or non-rock 1 spectively, Very:

dark pixels are highly likely to be conveyor-belt rubber or the shadows between the rocks. Similarly very
bright areas are highly likely to be rocks. Between the tails is the “gray arca" which consists of roughly 80%
of 2l pixels. The decision as 10 whether these pixels belongs to X or X” is relatively uncertain and as a firs
appmximalion depends on the pasition of the gray level of the pixel in relation (0 the rest of the histogram.
This classification scheme of global thresholding at two values at the tails to provide initial estimates (seeds)
for rock and non-~rock arcas, and has heen incorporated as part of the overall processing strategy (chzpter 3),
almough it must be kept in mind that such lechniques cannot be used alone and that other tecaniques must be

used o correct the esrors resulting from sach thresholding*®,

Tail thresholding is thus performed at two gray levels 7, and T, (fig. 4,12 ) which segments an image into

the following three areas ¢

I Areas with a low probability nf being rock, F(x, ¥} ST,
IT)  Areas which do not a have a very high or low probability i being rock. T,,, < F{x, ¥} <7,

)  Areas with a high probability of being rock. F(x, ¥} 2 Ty

The values of 7,,, and T, must adapt to the changing images and corresponding histograms; thus a heuristic

method was developed to which adapis T, and T}, to the changing statistics of the gray level histogram &{g)

of each image / . 7, and Ty, 18 calculated by
Toigs = Kuiph * Boaxiiinyt 4.10

Ty = hipn 85, 411

4.8  Tn chapter § segmentation through thresholding will be used to correct edge estory, which is opposits to this scheme of other
techmiques being used to correet thresholding crors.
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where k,,,, and k;, are some constants selected through experimentation, g, is the gray ievel at the peak of

the histogram, and 8H,) is the gray level at the p'th percentile of the cumulative histogram where
Ho(g")= g h(g) (sco figure 4.13). Figure 414 shows a typical result of tail thresholding.

Note that in many cases during cxperimehtation it has been obsetved that this classification scheme (tai!
thresholding) often renders false segmentation, For example, areas of belt covered with a thin fiim of waler
often reflect light very strongly to give bright areas in the image, whilst shadows on dark rocks formed by

indentations on the rock’s surface are not part of the belt.

Instead of the ad-hoc method described above, other ron-heuristic threshpld selection methods based on, for
example, criteria such as maximum separability, Otsa (1979), and second~ord;ér gray level statistics, Ahuja and
Rosenleld (1978), can be selected. Brink and De Jager (1987) provide a good discussion on various other

threshold selection techniques and conclude that the selection is application specific, as is the case with rock

" images. This scheme of assigning probabiliics to pixels (whether or not they belong to a certain segmeniation

group) can ba extended. further to more than tiw classifications using relaxation methods which are iterative in
nature, and which require large amounts of processing time, which is nog-.';mircly deterministic. Berger (1985)
used a multi-class classification schaine usiug thresholding techniques to reduce the gray levels in the image 1o

6 classes,

In summary it has been shown that thresholding rocks, although ambiguous, can produce useful thresholding
results on piled rocks. Although the final rock identification process is to be based on cdges detection, which
is siill t¢ be discussed in zection 4.5, tail threshelding can complement. the rock recognition and extraction

process.
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Chapter 4: INITIAL IMAGE PROCESSING FOR ROCK BOUNDARY DETECTION

45  ROCKEDGE DETECTION USING CLASSICAL EDGE DETECTION METHODS
451 leinj Edge detection to Complement Thresholding

In the previous subsection it was shown that thresholding can provide initial estimates of the location of rock
X and non-rock Y , However these “projected areas™ produced by thresholding are not very accurate, with
merging of adjacent rock-projections being a major source of errors. There is thus a need for additional
information on the rocks in order lo merge or split these projected areas. For example, consider the merged
projections of two rocks in figare 4,15(b) resulting from a thresholding operation on the image 4.15(a). The
application of a sensitive edge defector should reveal a valley between these two blobs shown in 4.15(c),
_allowing the merged regions 1o be split*”,

Figure 4.15: (&) Original image of rocks. (b} Threshold image of the image T =100 . (c) Resuit of a
Laplacian edge detector (section 4.5.5 ) on image (a).

Originally edge detection was to be used as a support for thresholding which would be the primary operator, ic
to divide over-merged areas as shown above'. However with time and experimentation the roles of
thresholding and edge detection were reversed, with thresholding being used as a support for edge detection.

This sub-section thus discusses edge detection as the primary segmentation technique.

4.52 Edge Detection and ¥mage Filtering

An edge is defined in the Concise Oxford dictionary as (i) the crest of a narrow ridge, (ii) a sharp dividing line
with which two surfaces meet abmpily, or (jii) a relatively thin terminating border, all which define features as

4.9 The are other methods gock as mathematical morphology for performing thess split and joining corrections, The application of
morphologicel methods in zddition to the more taditional ones will be discssed Iner in this chapter 5.

410  Comection 6f threshold images can be perfonmed by other processes for example, curvatre analysis of the boundaries of the
abjects in tha threshold image (Berger, 1985), This is & costly process in temms of processing time and requires many wiles to
cster for thy large variety of shapes to be expectad.

Yo
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as foond in xocvscenes. In compuier vision an edge ushaily refers to a point between two regions (L and Jain,
1989). Therefore depending on the objectives, an edge car have many different interpretations. An interpreta-
tion of edges which describes their essence is that edges should form part of the primal sketch of line drawings
(Marr and Hildreth, 1980), which is easier to work with than a full image because it contains less data, but
which conveys almost all the information that a full image would, and which means something 1o ihe obscrver,

{Charniak and McDermott, 1985).

Technically edge detection atempts 10 characterize alt Lhe intensity changes in the image in terms of the
physical processes that originated them (Torre and Poggio, 1986). In the context of this research the parpose
of the edge detection is to locate entities retated to X and to output a binary image patiern Ly which should
be a primal skeich of the rockscene, The edge detection pracedure is thus a filfering process from which details
of input signal I not related to the rock cdges ai' must be filtered out, This edge detection or filtering process
is however a complex and wrtually impossible task to perform on a computer, whereas for own vision systems
coupled to the brain with its knowledge and inference powers, this recognition is carried out quite correctly and

very efficiently,

An image / is characterized by bandwidth and dynamic range, where bandwidth and dynamic range refer 10 the
spatial frequencies and image intensity respectively, Ait image with a farge size range of very angularly shaped
rocks iz considered to have a large bandwidth, whilst an image of spheres of a single size, is a narrowband
signal. It iy advantageous to try and reduce the bandwidih of an image which implies reducing the image
content and classes of objects to be processed. However no steps can be taken with the rock scenes Lo reduce
the bandwidth and in fact, the pursuit of rocksize is an afiempt to measure a form of "handwidth” of the

image.

Dynamic range or contrast zefers to the range of brightness in an image. Part of the objective of the image
processing is (o ensure that the images are of sufficient contrast to ensure that the filiering or edge detection
can be carried out efficiently, ¢ it is difficult 10 see in the dark ! However, contrast in a rock image depends
on how the rocks cover the belt, and their colour, which is affected very strongly by moisture or water content
as well as lighting or illumination. Observation of the numerous rockscenes shows that low contrast is a serious

problem, (consider processing images of coal}.

There are, however, many methods available for coping with Iow conirast, the simplest which is to inciease the
power of the lighting and increase the sensitivity of the camera hardware. There are also image enhancement

techniques (section 4.5) which usually precede the edge detection process which can be used to increase con-
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trast. Image enhancement techniques such as histograrn modification (Rosenfeld and Davis, 1978) and equal-
ization, as well as a number of other enhancement algorithms (Pratt, 1978) can be used, hut are avoided
becanse of the processing cost™. In general image enhancement techniques only provide for the subjective
improvement of images as viewed by man, and methods for exploiting the subjectiveness of image

enharncement procedures in computer vision have yet ta be developed.

453 Two stage Rock Edge Detection Algorithing

There is a traditional belief in computational vision that edge-detection cannot be reached in a single swep and
at least twa separate sequential stages are required for edge detection (Torre and Poggic, 1986). The first is the
low level characterization of the intensity changes, and the second is the evaluation of these low-icvel entities
with knowledge in order to combiae the output from the low-level edge Jetection processes into meaningful
regions or objects for ihe application in mind. Hence the requirement for the (wo stages ¥, and ¥, as discussed

in section 4.1,

For this rocksize application, the first stage detects a set of edges E,, which is the response of the edge detector

to all characteristics of a particular image functipn, E, thus contains parss Eg of the true rock 2dges Fy s
well as unwanted edges E, often construed as noise. This is becanse features which trigger the detector are not
necessarily only rock perimeter edges, and conversely not all rock-edge features wigger the detector either. In

summary we have

E,=¥ (D 4,12

and E,=EyVE, 4.13

where Ey CEy 4.14

The second stage ¥, attempts to correct the edge pattern £, in order to recover Ejy, , This edge corrcction

requires the classification of the valid rock edges £y, 2nd noise E, so that E, can be removed leaving only Ejy.

However there are still missing perimeter edges E, ie gaps, where

Ey=Ey -5 4.15

Thus the final estimate of the edges Ey, is given by

411  Tha DT285) frame-grabber amorgst others, usuaily atlows for some fonm of histogram modifica.ion in (video) recinme through
the use of the input-lookup -tables, ie LUTS.

Lo T e,

A
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Ep =W E,} =Y,{ES.E,} 4.16
where Ey=EyVE, 4.17

where E; is an estimate of E, derived through the use of a-priori knowledge because £y is ot known, Sce

figure 4.16 for a block diagram of the two stage edge detection scheme required to derive the rock boundarics

Edge Edge

detection caryection
tow-lovel global
jocal processing understanding
t . Ex
a-priort knowledge
Figure 4.16: The edge detection process consisting of low leve!l edge detection with a subseguent cdge

analysis and correction stage.,

Although the literature generally treats ihese two stages of (D) edge detection, ond (I} edge correction
separately they are inextricably linked with the analysis steering the detection in a direction optimal for the
detection of a particular type of edge. Looping back between stoges I and 1I can take place because of the need
10 us3 the original image data to re-evaluate the correctness of an edge in terms of the original picture, The
estimation of £y , £, and E, is an iterative procedure which can converge t¢ an incorrect solution because of
the fundamental uncertainty associated with the estimation of rock edges, discussed in section 4.5.3. As shown
in figure 4.16 above, there is a need for some form of iniervention with a-priori knowledge to ensure that the

edges detected are sensible,

There is no established method of choosing a suitable algorithms from the many which are available, eg (Pratt,
1978}, {(Holyer and Peckinﬁaugh, 1989), for the edge detection schieme developed above. For most ¢dge
detection problers the solutions devised encapsulate specialist knowledge of the edges resulting in an appli-
cation specific algorithm based on :

1. Definitions of the "edge” for that particular application. This is dependent on what the objects are
and what information the nser requires,

2.  Philosophies and ¢riteria for edge detection,
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3. . Mathematical techniques to be used for implementing the algorithm selected,
5. Processing time, which includes hardware considerations.

For exampie, the edges between different areas of vegetation in a sateliite photograph are texture based,
fransitional, and not orientated in a particular direction, and accuracy may not be vital, However the edges of
tracks on a silicon wafer are sharp and usually ozicaiated in a vertical or horizontal direction, and accurate

positioning may be very important.

‘Most edge detection algorithms can be groupm .!ntcs the following (overlapping) classes: local, regional, giobal,

heurisﬁc, dynamic and relaxation, { Levialdi, 1980). Alf these different types of edge detection techniques have
various advantages and disadvantages and the auihor proposes and will show that a union of certain "classical"
as well "morphological” technigues yield an acceptable methodology ‘?r the treatment of rock images. Similar
sentiment is expressed by Lee et al (1986) who state that morpholoéibal operations as well as all other tech-
nigues available should be combined as shown in figure 4.3, because of (he increased compiexity of images to
be processed. This concept is proposed for rock images because, in general, ro single edge detecrion algorithm
is sufficient 10 cope witk the large bandwidih of rock images, and not all algorithms may be wied because of
limited time and processing power. This approach of combined techriques has been explored to a certain cxtent
in the literature but constitutes a rich and largely unexplored ama fbf farther rescarch, This includes parailel
filier or image processing structures, as well as feedback and adaptive type algorithms. Some of these a'go-
rithms unfortunately are not otaily deterministic because of the stochastic nature of the signals (rock images),
which is undesirable for process control, Tn addition the complexity of the establishment of rules for combining
the results of cach parallel process o give one final result, is another area of research beyond the scope of this
thesis,

4.5.4 The Uncertzinty Principle

Before continuing with edge detection algorithms a formal statement regarding the uncertainty of detection of
edges must be made,

According to Wilson and Granlund (1984) the key task in vision problems is to move from a poiniwice
description “the pixel at location X h;s magnitude m", to a description in ierms of clementary events "an event
of class C is located at position X" The classification of these events should »ot depend on position, thus some
degree of localization is required, In addmon these events should also be mdependen: of magnitude because the

magritude varies with lighting conditions. Thus only relative distributions of energy can help with this clas-
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sification, This implies that the signals to be classified should not be of arbitrary wide bandwidth, since such
signals would tend 0 excite all classes equally, and in addition, they canpot have arbitrary large spaiial extent,

since no spatial localization is then possible.

These points lead directly to the unceriainty principle where signals are being used to infer the existence and
location of certain classes of objects in vision systems as well as in quanium mechanics. The consequence of
this principle in a vision system is, for example, that the application of a filter which increases the ccrminty of
an object belonging to a certain class, does so at the expense of a loss of positional information. This funda-
mental difficulty with visual processing is most succinctly and precisely stated in the uncertainty principle
which states that "a signal cannot be arbitrarily highly concentrated in both the spatial and ¢ » - “2quency
domains™", a problem which is discussed by Wilson and Knutsson (1988), and which is geo allr s e case
with the rock images deait with in this research. Thus a natural contradiction exists for the requirement of the

simultaneous and accurate determination of both the description and location of chjects i an image.

Therefore the objective of edge detection, which is to identify and locate edges related to the real rock edges,
is inhetent!y problematic, becanse algorithms which elp to identify and scparate one rock from another will

obscure the rocks” positions, and vice-versa.

4.5.5 Rock Edge detection using Shadews

The assumption that an area of rock and non-rock is closely rilated to the image intensity was used initially
together with enhanced shadows for edge delection. The motivation behind this use of shadows was that it was
desirable t¢ reduce actuai image processing in order to achicve reaitime performance. Angled lighting improves
the definition of a rock edge, which implies that simple edge detection can be used to locate Lhese shadows
which shounld delineate the rock boundaries, However, as was discussed in chapler 2, enhancing the rocks’
edges through the use of low amgleﬁ.,light also enhances all other rock edges which are not necessarily part of

the rocks’ perimeters,

Siatic experiments wese set up in a laboratory whre the sock scene was illuminated with lights arranged in the
five directions as shown in figore 4.17(a). These lights ware termed the north, south, east, west and top. ‘The
principle was to caphure images with illumination from each one of the light directions thas creating a set of
five images of the same S\L'-\.JB namely [,{(x, ¥} , L{x,y) , L{x,y)} end [ (x,y) from the wur lights illnminating

the scenes from the sides, and £,(x, y) which is image of the scene illuminated from vertically above. In this

442 For example an impulse in the tims domain has an infinite fr. {ency spestrum, sagwies +  + - w078,
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way positional edge information is obtained whick should aflow for the creation of a continnous and closed
edge pattern for each rock by combining the edge pattems together like a jigsaw puzzle, ( Using angled light
in this manner is similar in concept to the reconstruction methods discussed in chapter 2 which use structured
light.}

The edge images can be combdined in 4 number of ways 1o give the final shadow edge patiemn /(x, y}. The

simplest methed is to add arithmetically the images together as shown in equation {4.18] below where o, B,y
and & are some scalar factcrs, For this application it is assumed that 6.=B=1y=¢ fo equal illuminatior: .om

2il sides. Other methods are to combine the images logicaily using OR or AND operations.

{,=oly+ B +y + 8, +el, 4.18

The shadow method was implemented in the laboratory on static images where 7(f) = /(¢ +1) and wherc £,7 is
time, thus aliowing for cach image to captured one after unother, instead nf simuliancously, as will have (o
done with an actuai plant instrument, The segmentation of static . » », scenes resulting from the combination of
shadow enhanced iuiages with global tAresholding, equation [4.18], is shown in figure 4.18(x). . produced
betier segmentation wlhcn compared with simple glcbal mreshoiding; figure 4,18(h).

However these methods of shadow enhancement are rejected for a number of reasons.

()  The scene is moving and it is impossible 0 capture the same scene at different positions on the belt
without some change takiny place to the scene. The time *o capwze a frame is t@imﬂy 1/30s und with
a belt aoving at typically O.Smjs", a rock on the belt would be displaced 17ium, thus not allowing for
the capture of the same rocks in the camera’s Feld of view. Tn order to overcome this problem multiple
camera and frame prabber systems, or a fast and accurately-moving camera would have to be used in
order to facilitate the capture of the same scene, which is a costly and undesirable solution as far as

reliability and maintenance is concemed.

In addition fo the recks in the scene changing position relative to the camera’s field of view, the rocks

will aiso rearranige their relative positions due to shaking and jigging effects or the belr, If I, is the

in general I, # I, ) Where 7 is tine delay between successive image captare, 2nd the rocks X as found
in Ioyy ae the same as those in Zo, .. « There are correlation and re-alignment algorithms which can re-
align images together based on common iw. tures, However these algorithms ase time-consuming, and
the resultant rock edges are blurred because the rock patterns have changed. These blurring effects

{which are not due {0 shutter speed), can be minimized by decreasing the capture time 1 betwean images
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®)
; Figure 4.17: {a) Schematic diagram of experimental setup te enhance shadows for quick edge-detection,
j {b) Combining shadow images to detect a continuous rock-boundary. &

: *‘5 : through the use of strobe lights and faster frame grabbers, which leaves less time for the rocks to shift.
i, €
T However the short life and hign cost of strobe lights, as well as the high cost of Laster hardware makes

this system: impractical and uneconomical.

(i) Angled light amplifies unwanied cdges E, by emphasizing shadows caused by rock-surface ridges

which increases the difficuity of determining £;, in numerous, but not ail rockscenes,
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{a) Rock scene illuminzted from above £, , (b) north 7, , (¢} east 7, , (d} south £, , and (e}

west J,, . (f) Result of summing all images togewher 7, as given by equation {4.18] with the
exception that e=0 . (§) Global thresholding of the resultant combined shadow image I, .

(i} Global thresholding of the above image /, .
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4.5.6 Rock Edge detection using Differential Techniques

In this subsection differential-edge detection methods are discussed as an altemative 1o thresholding and

shadow edge detection (section 3.5.5) for primary rock detection,

The basic tool for most of these differential-edge detection methods is the two dimensional convolution, a
linear operation where a kernel or mask H, is convolved with input image F to produce output gradient func-
tions G, p =1..n where  is the number of function masks, as shown in equation [4.19) and [4.20]. Sce Abdou
and Pratt (1979), Praut (1978},

G, (x,y)=F(x,y)*H,(x,y) 4.19

<G x,y)= J fF (x +u, y +v)H u,v)dudy 4.20

At cach pixel, the » gradient functions G, are combined with a lineur or non-linear operator ©{:} to create an
edge pattern or ephanced version of £ where

Gx,y)=©{G,(x, )} for p=1l.n 4,21

The different edge detectors or filters are designed by selecting various masks £/ (x, y) and functions @ which
can, for example, be a point magnitude, or nms value, To illusrate this consider two masks H, and £/, applied

separately 1o image  io give G, and G, a rms operator is given by

G =8(G,,G,} =\GI+G? 4,22

For a discretized imags, a convoiution is performed by passing a window of dimension M, N over the image
£ P Y P

where each element of the impge within the window is multiplied by the corresponding viindow coefficient and

summed to produce the output 1mage G(i, f) as shown in equation, [4.23],

L3 ¥
Gli, )= i“ }’:"u(k,:)zrmk,m) 4.23
l=—? I:-i

H{%, 1) are the coefficients of the convolution window, and M and N are the dimensions of window Mx¥, The

design parameters required are the size ard shape of the window and the values of H{,!).

According to Abdou and Pratt (1979) convolution edge-detector operators can be classified into two groups,
namely differential and template-maiching operators. Micheli et al (1989), however, classify edge detectors as
being either extrema or zero-crossing schemes, which are the first or second order differential operators

respectively, where the 'th operawr is denoted %f(x}zl)‘f(x) for some continuous image function f(x) .
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In chapter 2 it was shown that edges of objects in a scene are related to the image gray level wud its derivatives,
equations [2.2 -2.4], There is thus a strong motivation for evaluating D'{x,y} or D¥(x,y) . Amongst the
munerons differential operators are the Roberis, Prewitt and Sobel operators whose masks are given in figure
4,19, (Pratt, 1978). Figure 4.20 shows a number of template operators, which are eifectively first derivative
operators. '

H=11 |0 §-1 Hpzl-t |- -1 H=10 1 H,=}0 {1
¢ |0 ¢ 0 |0 |0 «f $0 0 11
1 |0 -1 1 e |1
(a) (b) (©)

Fignre 4,19; Masks (2} and (b) are for the Prewitt (c=1) and Sobel (c=2) operator. (¢} is the Roberis

operator,
3t 3-8 3| 685 1| o] -¢ 11 t] 1
31 0|-5 3] 0} -5 BIKIR ol 0] ©
3j 3] -5 G| 33 3y | ] of -3 <A -] -1
: Kirseh Kirso! 3-lavel 3-favel
Figure 4.20; Template maiching operator masks (a) Kirwh (b) 2- Jevel

Of particular intcrest is the Laplacian operator V2 which is a steond order operator, see equation {4.24], the

mask which is shown in figure 4.21,

N F

z . ——
Vi, y)= ax"+ Py

4.24

Figure 4.21; Laplacian operator mask.

The criterion for the selection of the best edge detector is dependent upon the ability of the selected operator
to deteot only rock edges at all locations where these rock edges are supposed to exist without introducing
noise into the edge image. This must hold for rock of all shape and size under all conditions as found on the

conveyor belt to be instrumented. In addition the set of pixels representing the edge must be continuous and

comected as defined in figure 4.6 and must be as thin as possible thus establishing a primal sketch of lines as

shown ir figure 422,
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ideal edge
detector

\

Hockscane Corresponding edges

Figure 4.22: The ideal edge detecior,

Figures 4.23, and 4.24 present edge patierns E, resulting from the application of a number of differential

edge-detection filters to rock scenes of large and small rocks*™. From the resulting edge patterns £, it is

vbserved that:

i) Each method detects a similar edge patteen of the rock edges, witich arc casily understood and

interpreted by the observer,
i)  Most xocks are ideatifiable by means of closed cdge rings which are generally compiete and convex.

itiy  In comparison with the vriginal image, each method detects a large provortion of the conceived true

edge pattern £y, However parts of the true boundary pattern E,, are missing and noise E, is introduced

intg the patierns in varying amoents. In summary E; # Ey but B, = £ UE, |

iv)  Many noise edgelets £, which do not contribute to the estimation of rocksize, are nevertheless valid as

they do correspond (o repl surface imegularities of the rocks such as ridges and valleys. The generation
- of this superfluous information, not related © size, makes the unambigeous recognition and extraction

of the e¢dge patterns E;, very difficuit,

e R

413 Thess rockscenes wera eaplured from # closed-toop conveyor-bels system circulating quarizite material from a gold mine. Belt
spoed was 0.5ms 1,
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Figure 4.23; {a) Original. Resuits of the application of (b) Prewint {¢) Roberts (d) Sebel and (¢)
Laplacian edge detectors on a scene of large and small rocks.
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Figure 4.24; (8) Original image. Results of the application of the (b) vertical and (¢) horizontal gradient
operators o a scene of large rocks. (d) Result of combining the output from the vertical and
horizontal gradient operators using the rms operator as given in equation [4.22].

Frotn examination of the results of the edge detectors as shown in figure 4,23 and 4.24 it can be observed that
the piling and pasking of rocks complicates the identification of the true rock edges Eyy becanse of the effects
of ecclusion and shadows. Consider the edge patterns generated with the Laplacian edge detector as shown in
figure 4.25, Figure 4.25(a) was derived from scene of a number of separate rocks in a monolayer, while figure
4.25(by was derived from the same rocks except they arc now pushed together to touch and overlap which
forms a complex scene. As a consequence shape recognition algorithms based solely on the convexity of
particle edge patterns must be excluded because smell areas of rocks may be missing due to the protrusion of
neighbouring rocks which result in non-convex boundary patierns. The randomness of the accurrence of these

non-convex as well as convex rings implies that shape analysis to identify a single rock must be carried out
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" Chapter 4: INITIAL IMAGE PRGCESSING FOR ROCK BOUNDARY DETECTION

simultaneousty with afl neighbouring rocks on a global and syniactic basis in order to recognize occlusion
given a-priori knowledge of the basic rock shapes, a somewhat daunting, i nof almost impossible, task, This
Iatier statement implies that Iocal analysis for identifying rocks is nos sufficient, and that global as well as local
image analysis for object extraction is required. Simulfaneous global and local analysis is analogous to
observing a painting close up to see details and then gradually moving further away so as o undersiand the
overall picture better. In the same way one would repetitively move back and forth to understand and interpret
a painting, 50 the same mechanism should be applied to the rock image and the edge pattems in order to
identify the rocks correctly. These types of algorithms include mulii-resolution and pyramidal hierarchical
methodoidgi_es { Ichikawzi; 1981), (Hong and Schneier, 1984), and were not considered hicre because of the
large computing and memaory storage capabilities required. In addition the ability to correlate and combine

information at different scales is still a new area of fundamental research.

Observation of the different types of edge detectors (figure 4,23 and 4.24) shows that the Laplacian V* opesator

appears subjectively to provide the best etige patiems for both farge and small rocks. However the Laplacian
patiems E,, are far more noisy becavse the Laplacian operator is a rotationally symmetric operator (Torre and
Poggio, 1986) which is not sensitive to edges orientated in any paricular direction, as are the vertical and
herizontal cdge detectors shown in figure 4.24, The Laplacian thus detects most undulations in gray-level
' mage function espevially impulse or spot neise which is characteristic of rock surfaces. In addition to the noise
edges, second-order edge detectors can produce phantom or spurious edges which have no correlation to sig-

nificant changes in image intensity, but rather points of inflection (Clark, 1989).

These noise or unwanted edge components imply that some post processing must be applied in order 10 clean
up the edge paiterns which are unacceptable for chord measurements as defined in section 4.3, In the next
section it will be shown that pre-filters can reduce the amovnt of false edges by removing the high frequency
impyise noise, thus reducing the amount of edge correction processing sequired for actual chord oo acea

measwements o be made, ( stage W, ).

If the processing time for a very good edge detector ', which removes the need for a edge-correction stage W,

is less than the time vequired for a mediocre ¥, such as the Loplacian, which requires a substantial edge-cor-

rectior ‘¥, , then the use of an edge detector such as the Laplacian is not justified.
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(b}

L Figure 4.25: {a) A scene of separate rocks. (b) Edge patterns of separate rock scene after application of
B the Laplacian. {¢) Scene of the same rocks in figere 4.25(a) except they have been pushad
( together. (d) Edge pattern of the touching rocks shown in (c) after application of the
- Laplacian operator.
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4.8 PRE-FILTERS

Edg@_l detection is essentially 2 problem of oumerical differentiation (Tome ' and Poggio, 1986) and
diffelremiation amplifies high-frequency noise, resulting in the loss of stability or continuity from the original
image. This problen; is emphasized in the section 4.4.5 wha.s it was shown that the impulsive nature of the
gray-level function of a rock scene results in a saturation of edgelets in the edge image which are not part of

the rocks’ edges.

The problem of edge detection is ili-posed in the classical sense because of noise (Torre and Poggic, 1986),
(Micheli et al, 1989), but can be transformed into a well-posed problem by methods which bandlimit the image
by lowpass filtering . Fillering pricr to edge detecticn is shown schematically in figure 4.26.

———————— g pra-filter o1 acge deiector ————o——e—som
mw image edga tunaiion
. fiterad image
Figure 4.26: Block diagram showing a prefilter heing applied to an image before edge detection in order

to reduce the amount of noise resulting from differential operators.

Lowpass ﬁltering can be- ' .’mievcd in the (i) spatial, (il) spatial frequency, or (iii} time domain, using linear or
non-linear filters. For exéi;lple, tizae domain filtering is used in astronomy, where images are captuced one after
another sequentially sind averaged to reduce spurious impulse noise. This method cannot be applied ncre
because of the invariant and stochastic nature of the signals of interest. In the spatial domain, function filting,
including interpolation (Haralick, 1984), (Narwal, 1987), as well as convolution with b:md-limiciﬁg functions
(Marr and Poggio, 1979), (Marr and Hildreth, 1980) are widely used lowpass-[ijtering mhniqa&s. Gaussian,
Hermite and prolate are some of the functions used by many authors to achieve this filiering using convolution.
The Gaussian in particular is very popular, However the filtering effect of the different functions becomes very
similar whef_l the masks are small and consist of a small number of elements. Filtering ir the Fourier domain
through the use of the Fast Fourier Transform (FFT) is very useful for removing cyclic noise, but is inappro-

priate for these rockscenes because the image impulse noise is randomly distributed.

Lowpass filtering, in general, has a disadvantage in that the edges of the image features are smeared out, which

i_s agreement with the uncertainty principle discussed in section 4.4.3‘ Figure 4.27 shows the typical distortion
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Chapter 4: INITIAL IMAGE PRCCESSING FOR ROCK BOUNDARY DETECTION

caused by a lowpass filter as applied to an (a) clean and (b) noisy 1-D step edge. The effect of the filtering on
1-D edge detector is shown in figures 4.27(¢) and (d) respectively where the filtered edge in 4.27(d) results in

2 less precis. iocalization of the edge after application with a Laplacian,

(a} (b} —~—— Griginal edge
= filtered edge
T original edge
{©) (d} laplacian
Figure 4.27: Exampie of the smearting caused by & filter on an (a) clean and (») noisy 1-D sicp edge.

Figure (¢) shows the result of applying a Laplacian edge deieclor to a clean edge and (d)
shows the result of applying the Laplacian edge detector to a filtered edge.

There are. a large number of digital filtering techniques in the literature which can be applied o digitized
images in which the windows of operation vary in size and shape as well as in character, (Pratt, 1978), (Kuan
et al, 1985) and (Hu and Rabiner, 1972). The filters include 2-D infinite impulse response (IIR), and {inite
impulse rcsponse (FIR), which are generally difficult to design in 2.D especially as far as stability is
concermed, (Shanks et al, 1972). With all these fiiters, the objective is reduce this smearing cffect, whilst

reducing impulse noise and concentrating the energy of the image signal into valid {eatures, ic the rocks.

The next subsection shows the results of prefiltering with various filters before edge detection. The resuliant
edge patterns show that the incorrect choice of filters can corupt the image instead of improving edge
detection, and that different filters have different effects on the output cdge patterns. Note that for all filters,

the ease and speed of implementation is as important as the guality of filtering.

4.6.1 Nearest Neighbourhood Averaging Filters

The nearest neighbourhood averaging (NNA) filter s in-plemented by using the convolation operation given in
equation [4.23), see Davis and Rosenfeld (1978), Prau (1978). These filters are based on the assumption that
the gray levels of X'; belonging to the sane populution within a (2& +1) x (2¢ + 1) window are highly
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correlated. According to Davis and Rosenfeld (1978), the imag, s are composed of compact regions of essen-
tally consiant gray level, i.¢., that underlying the observed image is an ideal image consisting of regions of

constant gray level, but shat the observed image has been corrupted by white noise.

The NNA filter functions by replacing the pixel at the centre of the window with e average of the X neigh-
bours. Averaging over 2 large window produces a Jarge amount of smoothing and attenuation of noise, whilst
averaging with a small window, leads 10 a lower atienuation of noise and 2 higher preservation of detail. Thus
the size of the rocks and the size of the filter are interlinked and small filters (windows) are required for sceres
of small rocks, and large ﬁ{tets.fbr l’arge'roclcs. Thus there is & requirement to adapt the scale of the filier to
the scale of the objects being dletected, which will allow for the detection of objects at different levels of detail

without too much edge blurring.

This adaptive filtering according to tha scale or size of the objects leads to muli-trequency analysis of images,

where for example, the VG edge operator has proved very effective for detecting cdges or intensity changes

‘at different spatial frequencies. The V’G operator results from the unificaiion -~ a Gaussian filter with the

Laplacian edge detector 10 form one operator. Thus by controlling &, which is the width of e Gaussian fitter,

one can detect edpes that relate to edges of objects of different size.

Most images of autogenous rockfeed consist of rocks whose size range (bandwidth) is large. Such scencs,
which contatn different sized features in different parts of the same image, require multi-resviation filters (2
parallet processing structore) which car be applied to a number of copies of the same image so that various
edge sets belonging to different sized features may be identified. In addition, there is a great deal of potential
in this method to track edges of rocks in a singlec image in order to establish closed boundaries. However,
multi-frequency filtering was not adopied for the working algorithms in this sm&y because of processing time
and computer memory limitations, In addition, this approach does not guite fi¢ in with th> vdge detection
strategy (one of many) which can be developed for rock-edge detection. Although muiti-freqquency analysis is
one of many viable approaches to the rock-edge detection problem, such techniques were not pursued any
further, with the exception of laboratory experimentation to gauge the maximum size of a filter to remove
impulse noise without affecting the smail rocks. Sec Heam (1988), Lu and Jain (1989), Yuille and Poyeic

(1986) for further details on multi-frequency filiering and edge detection.

For rock edge detection using the Laplacian operator, pre-filterirg is a very important operation because the
Laplacian is sensitive to impulse noise. A simple 3x3 averaging filter ( mask given in figure 4,28} has been
apptied swicz in sequence to the raw rock images of figore 4.29(2) and (b), and thc resnlts of this pra-filiering

are shown i figure 4.29(c) and 4.29(d). It is observed thai the resuitant vock pattems are far cleaner and softer,
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This filtering effect can also be observed in figure 4.30 in whlch we present a 3-D viewu of the gray-level
Sunction of the raw 4.30(2} and filtered 4.30(3) image. The effcct ot the pre-filtering on the various etdge
pmenw is shown in figore 4.31 and 4.32 where the edge patterns for a scene of large and Pmail rocks awe
prese 1'el‘ edge patierns of the filtered images are very much cleaner with less false edges , compare with
imap . . ute 4,23, The effect ’s particularly deamatic for the Lapsician edge detector becapse the filter has

effectively v=moved much of the impulse of spot noise from the image.

1] 1¢ 1
9y 1} 1] 1
g 1] 1

Figire 4.28: The mask for a 3x3 nearest neighbour averaging (NNA) mask

@

() (o)

Figwre 4.29: Example of applying the nearest neighbourhood averaging (INNA) [ilter to images of large
(8.and small (b) rocks.
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Chapter 4: INITIAL IMAGE PROCESSING FOR ROCK BOUNDARY DETECTION

The results of ali edge dctection convolutions are functions themseives. Thas in order to derive @ binary-cdge

pattern £, the resultant edge images G = G(x, y) as given in equation [4.25],
4,25

G =¥ Wy i}

must be threshold further in order ‘i derive the binary edge paiten £, as discussed in section 4.3. Wy, denotes

the NAA filter, and ‘P, denotes the Laplacian edge detecior, In crder to threshold G ity histogram Ag(g) is
determined and the global threshold T is determined by calculating p,’th prrcentile from the cumulative his-

togram K (g) .
For display purposcs, the resultant edge functions in figure 4.31 and 3,32 from he different eage detectors and

rpe-filter are displayed at three differens thresholds to give a pseudo 3-D effect. The thiesholds are for the
Laplacian T=1,2,3, Roberts T=10,2540, Prewitt T=30,50,70, and Sobel T=50,70.90 ‘

?L‘

“ “1#:;,; Ml 1;:

‘H: \‘ 9":‘
"\1 I’
1

A f: 1{,_; f{{ "1“

X\
o “‘H

‘----
..._"‘-___-—_.____
—.-—-—.“"

filtered image

saw image

Figure 4.30: (@) Three-d'mensional view of the gray level function from part of the imuge of o reck
scene. (b) Three dimensional vicw of the sarae image function after application of the
nearest-nieighbourhood averaging filier three times, showing how the edges have been

smoothed and “smeared out”, and the images cleared of sharp impulses.
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Fagire 4,31 (8) Raw image. (b) Image (a) after lowpass filtering with a 3x3 NNA filier. Results of the
apphicarion of (c) Prawitt, (d) Roberts, (e} Sobel, and () Laplacian edge detectors to large
rocks.
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Figure 4.32, ' (a) Raw image. (b) Image (u) afier lowpass filtering with a 3x3 NNA, filter. Results of the
& application of {¢) Prewitt, {d) Roberts, (¢) Sobel, and (f) Laplacian cdge detectors to small
i RS tocks,
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4.6.2 Median filters

The median filter is part of the group of non-linear rank order staiistical (0S) filters, (Bovik et al, 1983),
{Nodes and Gallagher, 1983), (Maragos, 1985). These filters have the basic propeity of preserving edges whilst
eliminating spot or impulse noise by behaving as low-pass filters, Thus median filters are theoretically ideal
pre-filters to the Laplacian for rock edge detection because they simaltanesusly lowpass-filter whilst preserving
the rock cdges, thus satisfying a conflicting requirement. With a noisz free signal the impulse response of a

median filter is zero, and the siep response is the step.

Median filters operaie on a selected windoy’ of a centain shape and size which is passed over the image. For a

1-I> signal with a window W of 2*m+] elements the output is defined to be

2 (m) = median(X; . s <11 Xjs e rer X o) 4.25
For 2-D signals (images) and a window W centred around (i, ) , the median filier is defined to be

GG,y = median {F i+ +v)} 4.26
The shape and size of the filter’s window affects its performance and an analysis of this effect on various types
of images is given by Bovik et al (1987). Nodes and Gallagher (1983) comment that although median filiers
are easy 1o implement, they ate non-linear with memory and difficult to design coryectly, and that in general,
most past desigps have been ad-hoc in nature. The problem with the median filter is the lengthy time to nin the
filter, which is prproximmdy 5 minutes for a 3x3 cn;ss filter oh & 200 by 204 image on a 20MHz 80386 based
PC, However there are many software and hardware architectures being designed speciatly to ease the pro-
cessing burden {(Arce and Stevenson, 1987, (Niemiaen et &l, 1987). For exaraple, faster 1-D sc,pambic median
filters can be used instead of 2-D filters. OS filiers are linked 1o morphological filters (Majagos, 1985) which
will be discussed in chﬁpter 3, '

Fgure 4,33 shows the result of applying median fillering to rock images before edge detection and the resultant
cdge patterns, What is ”apparcm, is that median filter distoris the image entities by swetching the rock shapes in

sympathy to the shape of the fiitcring window,
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@)

Figure 4.33¢ Result of median filtering to an image of large rocks. (a) Original (b) Original after image
median filtered with a cross 3x3 window. (¢} Original Image median filtered with a square
7x7 window, (d) Laplacian (¢) Prewitt and (f) Sobel edge pantern of filtered image in (b).

A
gl

157




Chapter 4; INITIAL IMAGE PROCESSING FOR AOCK BOUNDARY DETECTION

463 Summary

From experimentation with the varicus filters mentioned above as weli as other digital filters, it is concluded
that the most appmpni{ate filter to use wizh the Laplacian edge detecior, is the nearest neighbourhood averaging
{NAA) filter, because it complements the Laplacian in removiné mainly impuise noise to which the Laplacian
is susceptible, and consolidates the edges Ejy as shown in figure 4,31} and 4,31. This assumes that the Laplacian
is tire bast edge detector o use in the first place. A positive point with regard 10 the"iinplemcnwlion of the
Laplacian is that, in practice, the 3x3 Laplacian operator take less than second to operate on 200x200 sized
image in a 386 based microcomputer*', This compares very favourably with the speed of other opcrators
which range from 5 to 15 seconds, and supports the realtime goal of achieving an image processing time of
approximately oﬁe second, Experiments with median filters showed that, although the median filter suppresses
impulse noise very well, the edge patterns are generally distorted bj; the shape of the median filter window,
which led to the median filter being discarded. This is shown in figure 4.33 in which the edge pauems appear
noisicr and have a larger number of horizontal and vertical components, which indicate a distortion of the rock

shapes in the raw image.

Other possikle filters which may be used for pre-fillering are the FFT filters, morphological-filters (Nakagawa
and Rosenfeld, 19780) and (Serra, 1988), and 2-D digital filters such as infinite-impulse-resgonse (1IR) filters.
FFT filters are very useful for removing periodic roise but are not used because the rock images are not subject
to any periocic noise, with the exception of alternating bands in the line-scan images caused by AC lighting,
solved by the use \(-)f DC lighting (sec chapier 6). Morphological filters which are non-linear have sonic
extremely usefu! properﬁes, (Haralick et 2%, 1987), (Maragos, 1985), (Maragos and Scﬁéfcr, 1986), although
morphological fﬂ'iéﬁng operations such as stripping the image of peaks or troughs are not necessary. Mor-

phological filtering as an alicrnative 1o edge detection wili be discussed in chipter 5.

Other digital Elters such as recursive filters can be used because they allow the filter frequency response {0 be
tailored exactly to a specification. However, the large spatial bandwidth of the image, together with the diffi-
culty of correlaling undesirable image features with a frequency response, specification led to these fillers

being abandoned. Other disadvantages of such filters include instability, and a large computing capacity.

However the above conclusions are based on experimenial work and the subjective analysis of the resuits
produced by various combinations ¢ . pre-filters, edge-detectors, and post-filiers, used to produce the best edge

pattern. The advantages various filters versus the processing time and memory requirements also played a role

414 ‘The it based on a2 80386 with B0357 co-processor renning & 20MHz with a 64kbyre cache, The operator it writien in
Micoorot C vS.1 optimized fos 60286 tade. ve P
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P

in determining which filiers to use, However, a more thorough and objective evaluation of the effect of various
fiiiers on the final boundary patfem as well as the possible glcsign of 2 custom filter and edge detector f’éombb
nation, with multi-resolution capabilities, is required. Such an invéstigation is beyond the scope of the thesis
because of time limits; and a fuﬁdmnenlal wability to refate real objects and knowledge to a functional

4

specification as required by conventional oemgimz;*%s..

B 47  CLOSUR"

Ip this chapter several methods have been developed for either segmenting images of rock scenes, or extracling
n '» edges in sccordance with the conclusions :rcached in chapter 3. It is shown ghat, although, accurate rock
boundary and region focation is desirable, it is unattainable, especially after raking into consideration the real-
| i time and cost restraints for. the rocksize instrument (Chapter 3.2). A major problem encountered is that the
images can only be transforied by ad-hoc image-processing algorithms which are evaluased subjectively, ie by
visual inspection, where 2 visually pleasing or ecepiabic image of extracted rocks, as perceived by humans, is

not necessarily ihe cocrect one for quantitative analysits or rocksize measurement,

Furthermore despite the variots types of tools used to derive the edge of segmented pattems, the results
=rived in this chapter show that Ihe processed images of rockscenes are inherently nioisy and error prone, This
:upports the move to the hypothesis put forward in section 3.7 that because analytical solutions (0 the rocksize

problem cannot be derived, and that the rature of the images from which populations of paramelers are to be

measured, ar¢ SITOF prone, an empirical approach to the rocksize measurement problem skonld be adopted.

1t is finally concluded that post-edge correction is required, becanse missing edges and noise in the edge pat-
temns render such patierns useless for yuantitative measurements. Edge correction, and the combining of the
varipus techniques (o &;blain a better estimate of the rock boundaries from the simple edge detection and
segmentation data as d\%.vcloped in this chapter, is discussed in chapter 5.

i
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5 IMAGE PROCESSING Il : EDGE CORRECTION AND THE
FINAL ALGORITHM

§.1 INTRODUCTION

In chapter 4 an edge pattern E, was derived by using an edge operator preceded by a filter on 2 raw image /.

In particular the Lapiacign operator preceded by a neighbourhood-averaging filter results in an acceptable the
rock-boundary set £, = E, ="¥\(7). The image cdge image E, in general contains a number of entities £, also
referred to as “islands”, which are the numerons subsets or segmented regions of (he binary edge image £,
produced by the edge detector, where E; < E, and UE; = E, figure 5,1(b). Each entity E; of the edge pattem £,
is defined as a set of pixels that is connected accor;ling to'the 8-neighbour rule, where E; = {e [ e, e & E,}, and

g is pixel connected according to the §-neighbourhood ruie, see figure 5.1(a).

P

S gtmsheed e & tmghrirhend nit

B plxa) undar consideralinn
S soichsowhood pixais which can connact

thick edges

(ﬂ} Conny v rulas The trae rack projeclions - Entitios

Figure 5.1: (a) A rectangular grid showing which pixels can be connected o the central pixel according
io the 4 and 8 neighbourhood ruie, (b) Definition of the entities or islands E; in the edge
image E, according to the 8-neighhourhood rule,

The resultant sct of edges E, ( £, as detected by the Laplacian) is unsuitable for the direct application of tincar

or arcal probes. Ideally, each rock in the edge pattemn E_; should be represented by a closed thin perimeter 9X;,

. not necessarily convex, which is free of any gaps or breaks, and which represents the edges of the projection

of each rock X ;» Unfortunately ihis not the case because the edge patierns generally have a number of defects
as shown in figure 5.1(b). These defecrs are ; "

()  The edges are inusually thick in many places where they should be much thinner,
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(i) The edges are broken or have gaps where in fact they should he continuous. 1t is assumed a-priori and

logically that the perimeter oX should be a closed and continuous perimeter,

(ii) Many undesirable edges E, are detected in the perceived interior of each rock X , which are often fused
with 2 anmber of perimeter edges.

Thus the objective of the second stage of image processing W, is 1o correct edge paitemns by removing the noise

edgelets, closing the gaps and thinning very thick edges. This chapter discusses the development of such edge

correction strategies which ultimately form the second image-processing stage 'V,

Two main classes of algorithms have been developed for W, Thess are the “joining” and "morphological”

algorithms. The joining algorithm is based on “traditional” image processing strategies, whilst the morphol-
ogical algorithen is based on the "newer” mathematical morphology (Serra, 1982). Morphological techniques
look at the image in terms of shape and geomeirical content, whereas traditional imaging techniques ( eg Pratt,
1978) are based on the functional and mathematical manipulation of an image. Although the final algorithm
impiémcnled is based rnainly on morphalogical techniques, the joining aigorithm is prg_s.emcd because it is a
typical example of the traditional (and initial) approach used to detect rock boundaries.“h is the difficulty of
implementing certain functions using traditional methods ..which Ied to the adoption of morphological tech-

niques.

Al the ead of this chaprer a final algorithm is presented for rock-edge detection which is based on a
combination of a numbcr of different image-processing methodologies, including traditional and morphological
techniques. For example, it is shownt in chapter 4 that thresholding can be useful for segmenting rock images,
thus thresholding together with morphological techriques have begn incorporawed into the final algorithm. This
combined approach is not a mixing of "oil and watec", because thresholding and mathematical morphology can
be unified into single theory, (Mazagos, 1985).

52 THE "JOINING" ALGORITHM FOR EDGE CORREGCTION

The joining algorithin has two main objectives which are (i) to close the gaps in genuite edges, and (ii) to

- memove spot noise, in order to construct complete edge patterns free of errors, see figure 5.2. There is a third

objective of thinning the edges to form primal sketches. Howgver this objective was not pursued because the
high processing cost of thinning does not justify the slight improvement in chord-length or areal measurements

which will be swamped by other larger efrors in segmentation. The two objectives of closing gaps ang
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removing noise are not independent of one another, and finding a balance between these two objectives, which

provides an optimum edge pattern, is a subjective and difficult problerm. The subjectiveness arises from the

necessity of classifying each entity E; < E_; as belonging to either noise £, , Or paris of the rock perimeter By

g knagn Al i Brica Semeved wiges B
' Spot joining/ o
oining

Yamover -

R ey . [RsSSRE | thinning \ERmNEED
bevpase e

Figure 5.2: Schematic diagramn showing the sequential operations to be performed by the joining algo-
rithm. '

The joining algorithm is structured around the a-priori knowledge of the skape of the rocks and the anticipated
or expected shape of their boundary patterns. This knowledge is used to try and identify parts of the true rock

edges Ey heace allowing for the removal of thg remaining noise entities, and the joining together of the

|

rafnaining edges to eliminate gaps.

Figure 5.2 shows the block diagram for the I‘Lmnmg algorithm. The algorithm consists of the following
sequential steps, (i) labelling, (ii) noise rcmoval,,jfo]lowed by (iii) joining the gaps. In practice these algorithrns
may empioy feedback as is shown in figure 5.3fs The reasons for these steps and their execntion are discussed

in the following subsections.
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[R———; 4

— ] » Nolse jeining -
- filter

'i

-

Figre 5.3: Bixck dizgram of the joining algorithm,

521 Labelling

The first step to this edge correction scheme is to identify unambiguously and {abel each entity £; so thai they

can be manipu’ated in a logical and intelligent manner. The edge image E, or in particularE,, is scanned and

“gach entity E; is labelled by giving each pixel ¢ € E; a label }; depending on whether it is connected {0 a

neighbouring pixel or not, see figure 5.4, The connectivity of the pixels determines how the entities are Tabelled
which can be quite a complex process, because the convoluted shapes of the entities implies custom
"flood-filling" algorithms,

When labelling, the "area” of each entity A;=A{E)] is caleulated automatically by counting the number of

pixels which are given the same label A; . If the counting operation is given by V then

Al.s.;N[ ee k£ | .;3 =2,.8 c:Ev,} 5.1

% Figure 5.4; Example of iabelled entities from which their size can be caloulated.
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322 The Noise Filter or Spot Remover ¥,

In anticipation of joining eutities together to close gaps, it is important to remove those entities which do not
form part of the true set’ - -ock edges Eg, because the joining together of alf islands in the image will result
in a useless mass. Thus there is a need for a noise filter. The prov'em in implementing this noise filter is to

classify which islands are noise and which are valid edges.

{bservation of most rock images show that on average the lurge entities form part of the edzes, < vhile most of
the smaller entities are !hc noise components. We define the size of the entities {0 be its area A; . Thus as a
first approximation it is assmned that for a given image the small islands ¢ao -be removad because they are
noise, To remove these s *‘rqall entities requircs eliminating those labelled entities with a pixel count less Lthan a-' '

chnsen value 4, . The classification process of eantities into noise E, or erdges belonging to B,y is given by

| B =p,=lesFaldlEI<A] 52
EI=EZJ.=§8 & EplALE] 24A,) ' 5.3

The filtered image containing estimated sock edges is denoted E, and e is a pixcl element of cdge cntity £,

Because this classification process is not perfect, the filiered edges in £, will in general not be completw and

will not represent the uue\l\rd-c{_", boundary Ky, exactly, so that we have

The resulis of applying the spat remover equarions [5.2] and {5.3) ..o fairly satisfactory because most of the
noise is removed, as shown in figure 5.5, However tho assumption, smaff island. ave noise, is not totaily
correct because certain small islands with A} < A, which do form part of the rocks” perimeter £,y , are removed,
while some entitics with A; > A, which according to our perception are noise, atc ngt removed, eg edges
resulting from ridges on thc mck" surface. Newertheless removing small islan.is does improve the hnage for
stercological measuremems and tl'm 5 noise filter (spot remiovery where E,— P,(E‘,) §S a necessary step

where E, can be the result of any edge detection process,
Experimentation with the Laplacian edge defector shows that the resulting edge pattemns Z; of scenes of small

!
recks have entities Y arge area, while scenes of large rocks result in many entities of small area, see figure
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5.7. Thus the spot remover algorithm must adapt 1o the size. of the rocks i the image (not known ) in order i:lfa

H
remove the correct nuise entities. Figure 5.6 shows the application of ‘¥, to the same scene of rocks with

i
different values of A, showing how incorrect values of A, result in distorted edge pattems. :

b
Fo
b

IilI

Y (il (i)
|
| T
!
- { Figure 5.5: Examples of applying the spot remover to edge patters £, , resulting frot the app]_scation

i of the L dacian operator V2 to < uartzite rockscenes of size range (2) -50+38njm ()

-25+1%nm, () original, (i) re;ult of the Laplacian, (iii) result of spot vemover. '
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{c) (i)

Figure 3.5 contined : Examples of applying the spot remover to edge patterns £, , resulting from the

application of the Laplacian operator V2 to quartzite rockscenes. (¢) -13.5+9.7mm, (d)
«50+13.5mm, (i) original, (i) result of the Laplacian, (iii} result of spot remover,
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(¥

(by

1

{d) J

/

. il ‘

Figure 5.6 Resules of varying A, to achieve different amounts of filtering, (a) original, (b} A, =10, (¢} i
Au = 20! (d) All =40! (e) Aﬂ = 80“ i

|

|'

167




Chaper §; EDGE CORRECTIOM AND THE FINAL ALGORITHM

It has been discovered from experiments that the average area of the edge entities ng is roughly inversely 3

proportional to the average rocksize f(D) as shown in equation [5.5]. This effect is also evident from inspection

the images shown in figure 5.7, A measured refationship between entity size and rocksize [5.5] is shown in

figare 5.8.
pou 1
E, "‘}; 5.5
— 1K
Wherc AE‘ = "}\7 [X'l A IEJ 5.6
!
@ g
C
(@) th) ;
C ;
Figure 5.7 Images showing bow the size of the enities in E; change with average rock size, (2} i
-75+50mm, (b) -50+38mm, (c) -38+25mm, () -25+19mm {&) -19+127mm ()
- -12,749.35mm, (g} -9.35+6.15mm, and (h) -6.15mm.
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w . L]
1
70 -
Average island size ]
{number of pixsls) 821
B0 A
a0 v
4 8 1 0 20 24 28 az
Average rock size
Figure 5.8: Graph of -A_(E,) versus fp. Data is derived from static images of scenes of piled sieved

granite.

The relationship shown in figure 5.8 or cquation [5.5] is useful because it allows for a preliminary but aof
retiable averege size esiimation 1o made. Relationship (5.5] also indicates that use of A, g to contrel the spot
filterir ¥, which is dependent on the size of the rocks, is parhally justificd. However A g I8 an unreliable
indicator of f,, because the average size of the entities is also dependant on how broken the entities are, which
is 4 function of many other factors including the rock shape and not only rocksize. For example, objects of
simple and rounded shape result in contiguous edge patterns which only give a few islands of very large size,
irrespective of particle size and honce 2 large and erroncous estimate of f,,. However the rough estimate of
AD) from equation [5.5] aliows for 4,, on average, to be varied adaptively with rocksize, allowing for the
removaf of small noise components from images of small rocks, and large noise couqponents from images of

large rocks, thus minimizing possible errors induced by an incorrect A, as shovm in figure 5.6.

With scenes of rocks of wide-size distributions, the implementation of ¥, with a global A, over the whole

image will xemove smatl islands corresponding to valid parts of the edges of small rocks, thus creating edge
errors and biasing the measurements. We will now present one of many possible strategies to counter the noise
identification emors due to a glebal fiiter factor A, , the solution to which 1s to use locel criteria to classify

entitics as noise,

Inspection of the edge patiems shows that refatively large entities in & local area can be assumed to be pari of
Eyy, . Thus it is highly probable that small islands near to a large one could be part of Ey, . Thus a classifying
criterion conld be an cstimation of the relative position of the suspected. noise entity with respect to (i) Jarge
reighbouring islands, or (ii) to an estimmed centre of the rock. This classification strategy thus requires the

salcuiation of the following probabilities Pr(E; < Ey) or Pr(E; < E,) where Pr(E; ¢ Ey)+ PriE, < E)=1.
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For example if the cenwre of gravity of the rocks and entities are Cy and Cp respectively, then
4 =4d[Cy, Cg}=l| Cy~Cg || can be used as criteria to calculate the probability £r(E;  E,).

Ag an example of a strategy, assume the rocks and small entities can be approximated as spheres with the
radius of the rocks and small entities being ry, and r . Then equation (5.7] and {5.8] can be used as a first

cstimation to the classification of these edges as shown in figure 5.9, where d, and d; are some cutoff distance

.déﬁning an edge zone which could be derived from experimentation, i
4 <l CuCelod, = PrE,cE)=1 = E cii, 5.7

clse if 4,54 CoCslsd, = PrEcEp)=1 = Eciy 58

S8 True rock prejaction
Y wigozors

odga enlities

Ny
noise . o ? Noise
»! * .
. - o

Figure 5.9: Schematic diagram showing a scheme o for classifying the entities E; as either Ejy and £,

The above classification scheme is one of many possible schemes that can developed for entity classification,
However strategies for determining A, similar to above were rejected because of the need for too many invalid
assumptions, and the difficulties in forniulating rules which govern the classification process, ie equation {5.7)

and [5.” , which can determine the values of 4, and d; .

More importantly the islands have irregular non-convex shapes, often causing the centre of gravity of the entity
to fall outside its boundary which totally invalidates the above scheme, In addition these strategiés reguire a
great deal of costly processing and are difficult to code efficiently, In summary the results obtained by these
focal methods are oo unreliable to justify the costly processing, hence the use of a “ylobai® A, for spot
removal, Note that examination of the spatial relatinnships between different sized entities as above could be

further investigated by looking at the image covariance, see Serra (1982) chapter IX.
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523 Closing the Gaps and Joining ‘P,

After application of the spot remover ‘¥, it is necessary 1o close the gaps in the remaining edge nattemns to

produce an estimated edge pattern Eg, froas *#, “bere theoretically E, C Ey, . However in addition t0 E, missing
odge elements E, that should be pari of Ey , ie Ky = Ey K, , E; stiil contains elements that are not part of Ey
ic {E,CEx}¢ Ey . Thi':l‘;, situation can be observed in figure 5.10 which shows an edge pattern with gaps as

well as some unnecessary Zdges that were not removed by ¥,

Figure 5,10: Example of a filtered edge patterns E, showing gaps that need closing as well as a numiber

of unnecessary edge elements. The image was captured from dynamic quartziie rock scenes
on the canveyor belt test-rig { See chapter 6).

In order to close the gaps in fillered images £, such those shown in figure 5.10, rules have o formulated so

that legitimate gaps can be identified and fused together according to our perceptions of what a closed edge
pattern should ook like, ie a rule-base or expert system, As mentioned in chapter 4 it is difficult to build op a
complete set of rules to cater for afl the varions edge entities because of the many ¢ iferent rock shapes and
sizes which give rise to an infinite number or classes of edge patterns. However the following is known with

regard to the general rock edge pattemn,

()  Ignoging the eifects of occlusion and assuming the rocks are convex in shape, the rocks perimeters
should form closed-convex perimeters.
(il It is highly unlikely that rocks have holes, or that there are significant and deep indentations ou the

surface of the each rock forming narrow isthiuses or bays.
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(iif) 'The possibility of small rocks Iying on top of larger rocks is small, thus all edges in the centre of the

rock are undesirable as was discussed in subsection 5.2.2.

It 1s assumed that the only error generated by the "spot remover” W, is that some of the small entities belonging

to Ey have been removed, but that all the remaining entities are part of the valid edges, ie £, ¢ Ey, » Thaerefore

allowing all remaining emities to be fosed together thould give a reasonably good estimation of X . The

joining up of all these esititics £; to form one complete structure is carried out in the following procedure 1n

accordance with a number of rules, becavse without rules an uncontrolied joining would result in a totally

aseless image. The procedure rules briefly are that

®

{ir)

(i)

Entitics greater than a minimum size 4., . ie A{E;] 2 A, are identified and assumed to be large islands

which are part of Ey .

The extremities (figure 5.11) of these large eniities are located because it is assumed that the points of

coatact hetween entities should only take place from extremities of islands.

A controlled search is then propagated from certain extremitics of the large or source island to {i+d the
closest neighbouring island. The scarch area is defined acvording to the fype of extremity from which
the search is taking place. As an initial invesiigation only four types of extremitics were defined. These
were the north, south, east, and west extremities, which are identified by those paris of the island that
touch its siailest enclosing rectangle aligned paraliel to the edges of the image. Figure 5.11 shows how

the search area from the exuemities are defined, which is a 180° sector exiending outwards in a

. direction parallel to the dircctional iabel given to the extremity from which the scarch is propogating.

Two constraints are placed on the search for neighbours, Firstly the distance 1t a neighbour has to be

less than d_,, , and secondly the neighbour had to be of a minimum size A, ., .

The above model for locating the extremities is extremely limited. For example, two extremities may
exist in the "south” of which only one will be found, In addition the neighbourhood search patieim
suould rather be biased in the direction of curvature of the entity, However, how is the curvature of an
entity defined ? For cxample, a straight entity with an ¢nd hook should have a scarch area extending
paraliel to it, but the continuation of the rock border may be at right angles, ie, in the direction of the
hook. Thus in order to reduce the computation and coding required, only the four search patterns as
defined above are uscd, where any neighbour entity within a fixed disiance away from the main

extremity can be linked up,
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(iv} Cnco a suitable neighbour is identified within the control restraints, a fink is constructed from the
extremity of Lhe main sland to the . #¢ &houring istand, Record is then made to the effect that both
islands and the respective entities have been involved in a fusion or joining operation. This is t¢ stop the
propagation of 100 many links to to0 many islands from the same extremity which has the effect shuwn

in figure 5.12,

The links and islands should be joined to form a continuous curve with g curvature similar to that of the
larger islands, However only finear bridges are constructed pecause the computation required for
caleunlating curved links is too rostly considering the fact that the links are only estimates to the shape
of the rocks in the first place, and that most of the required link distances dj,,, are short relative to the
size of the entities involved zand can be approrimated with sraight links. However provision is made for

the construction of long links with 90° or 45° bends.

w\ swarch arga for
Pt Xxramity
! Search weas

nearest valld island with which 1o fuse
the castarn extramity

wesiem axiremilty
Figure 5.11: Example of the search pattern from a Northern extremity.
Figure 5,12: A typical result of over-joining,
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524 4 of Experimentation with Rock Piles

The joining algorithm ‘P, as described above was applied to numerous static and dypamic images of various

sizes and size distributinns. Arbitrary samples of resulting estimated rock boundary patterns Ej ="\ \W(E,) are

shown in figures 5,13 and 5.14,

L ? Y r A e I. e B
o A -A"'\- % I >

Figure 5.13:

applying
distibution™!,

Figure 5,14:

5.1 The scale for all intages shown in figures 5.13 end 5,14 ig the same.
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525 Summary

The development of th joining algorithm raises the followir:™ points, From & gnalitative point of view, size
data is inherent in the edge paitern E, despite The noise and erroneous edges, and the joining algorithm is a
vatid method of improving the edge patterns according to our perccptions. More importantly, quantitatively
chord disuibugons measured from £;, derived fm;l the joining algorithm, do varying sensibly to the changes
in rock _Idislri‘:s;ltions, see figure 5,15, However the simple suite of rules incorporated into.the algorithm as
described above, is crude, and relies on t0o many asssmptions. However tﬁa impiementation of a more
accurate and valid strategy taking iznio account & more reafistic me’el of the rock scene incorporating shape and
spat_ial distribution factors is impractical because it can only be done at the expense of a large increase in
proccssing time and the gencration of large and unwieldy algorithms. Experience in designing this joining
algorithm atso showed that selecting ihe correct coutrol parameters to control the joining requircs extensive
experimentation in order to establish the heuristic control sirategies to adapt the algorithm automatically lo
changing conditions in the imayge, In view of the fact that the joining strategy is one of a large number of
algoﬁ?.h;_:_ns that can be postulated for joining cdge gaps. ine cost of investigating such algorithins is not reaily

justified in tw-3ight of the overall objective of an on/ine rocksize measurement,

The conclusion thus reached is that a simpler mettiod with less control parameters or criteria is required. As

will be shown in the next section, the techniques of mathematical morpholugy are simple, and can perform the

required edge correction transfore , ions within a reasonable time

0,07
eesdd | e 58 425
AR ASsmm
0.08 127 40 80ma
g 004 4
&
' 003 H
u02
001
b0b y—"r T T r 3 T
0 140 160 130 200
Chord tangth (pixels)

Figure 5.15: Exampies of chord-length diskzibutions measured from rock boundary patiems constructed
by the joining algorithm, The images processed were of static images of granite, (see chapter
6).
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53 MATHEMATICAL MORPHOLOGY FOR EDGE CORRECTION
53.% Why use Mathematicai Morphology 7

The development of the joining algorithm shows that an edi;é-correcaion algorithm based on our interpretations
of what the edge patterns should be, can be designed. However there are natural limitations to our ability 1o
interpret such images and io formulate rules based on shape to modify these images. There is thus a need for
altemative technigues which operate both locally and globally on the shape content of the image, in the
knowiedge that the image content is not error free and has to be considered statistically, In addition these
alternative technigues must be 7.sGependen, as possible of the rock characteristics so that intractable and com-

plex rules with too many unrcalistic assumptions such as those discussec in section 5.2 can be avoided.

The requirement for simpler techniques which requires less complex, algorithms as cencluded in section 5.2,
can be satisfied to large extent by the techniques of mathematical morphology. It will be shown in this
sub-section that mathematical morphology provides a repiacement to the joining and other classical edge cor-
rention algorithms, as well as an alternative to the Laplacian for edge detection. Morphological techniques use
mainly logical or Boolean operations which arz easy to implement in hardware and which thus provide the

potential for realtime response, an important consideration as far this rocksize measurement is concerned,

532 Introduction to Mathematical Morphology.

Mathematical morphology is based on set-theoretic cg* - 2pts in which a probe of suitable shape (structuring
element) is used to transform the spatial naturc of the smage under analysis, These transformations are non-
lincar and are based oa fools such as sei theory, integral geometry, convex analysis, and fuzzy set theory in
multilevei signals, as opposed to classical tools such as linear filters, Fourier transforms and statistical or

synactic patterns analysis (as attempted in section 5.2),

Mathematical morpholog? was first investigated by Matheron (1975) and was extended by others, in particular
Serra (1982). Haralick and Sternberg (1987), and Maragos (1987) provide ev~+llent tutorials on mathematical
morphology. Important links between mathematical morplolopy and signay processing are discussed by
Maragos (1984, 1985, 1986, 1989a, 1289b) and Giardina and Dongherty (1988}, Many other theoretical results
conceming mathematical morphology have been developed by Serra (1982), Serra and co-workers (198%),
Lantejoul and Serra (1982)°2

82 A compleie survey of methematical morphology and its applicationy is beyond the scope of 1his paper.
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Morpbological methods are more svited to shspe analysis timn linear filiers (Maragos, 1987), and
morphalogical filiers avoid the shifting and blurring of linear filters ( Maragos, 198Ya, 1989b). Lantucjou! and
Serra (1982) comment that mathematical morphoiogy provides an alternative to classical filtering methods such
as convolution. Iimage processing is ofien concemed with shape; and mathematical morphological operations
tend to simplify image data while preserving their essential shapy characteristics and climinating irelevancics,

which is directly compatibie with the pbjectives of the image processing siage ‘P,

523 Definitions of Morphological Operations

The origin and defigitions of {watrematical morphology are covered quite exensively in the relerences given
above, However it is importaht to define the basic morphological operations of erosion, dilation, opening and
closing which are used exteisively for the detection (W,) ar.. correction (¥,) of size fealures in rockscenss™.
Both bina)y and gray fev- tphology is used in this work where binary images can be considered "subsets”

of gray level images thiroagh whe "umbra wansform” (Haralick et ai, 1987), (Maragos, 1985).

Let E¥ be the set of all peints ini the N-dimensional Fuclidean space. Let A and B be subsets of £ in particular
7hae A and b e B, where by convention A and B represent an image and a strecuing element respectively.
We will now consider binacy images only. The translate of the set A ={a lexD} wheré D is the domain, by
the vector b is given by A, = {g+5 |a e A}. The erosion A © B and dilation A © 8 of an object A by a probe
B is defined by equation [5.9] and (5,107 » spectively.

ADB={ceE¥lc=a+b , aeA,_beB}=buﬂAb 5.9
&
AeB={xecE¥|x+b=c A for every beBl=(A"®B)'= r 4, 5.10
bcB
The operations of erosion and dilation can be thought of as wransformations which shrink or expand a set.
Figure 5.16 below shows in detail how a dilation and erosion operaies with an horizontal probe structure 8 and

image A. Note that tho results of the operation are very dependent on the position of the origin of the

structuring clement B as shown in figure 5.16.

53 Note that various authors do tend to give different dafinitions of morphological cpesations depending on Ineir frame of reference
e,
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Figure 5.16¢ Detaited example of erosion and dilation of a structire A by horizontal probe B8

For the rectangular grid dialt with in this research structuring element B can take up the shapes as shown in P

figure 5,17

- | o= o
| vertical horizental cross box !
§

¢ c n - orlgiﬂ

\ Figure 5.17: Examples of structuring elements used for morphological operations on rectangutar grids,

Figure 5.3% »nd 5.19 give further examples of the effect of erosion and dilation. Erosion tends to break up an i
| i
i e object, whiist dilation tends to close any gaps. Note that the effect of these transformations depends o: the size
E of the probe which wili be discussed in subsection 5.34, '
3,
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ERQSION: X®@B DILATION: X35 B

Figwe 5.18; Example of crosion and dilation using a circular probe, after (Maragos, 1985).

‘ (@) o)) {0)
C
Figure 5.19: Examples of (b) dilation and (c) erosion of (3) a rock boundary paticen £, using a 3x3
cross-probe as shown in figure 5.17,
L&

It ig the combination of these erosion and dilation Jperations which are very useful for image processing work.

The morphological operations of apening and closing are defined as Aol and AoB respectively wheie
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AOB=4,=(AQB)®B 5.11

T A®B=A’=(A®B)OB 512

Figure 5.20 shows an example of opening and closing operations, Further examples are given in subsection

5.3.5 and 5.3.6.
]
no
aNNR EN L]
sUEENS MR NE AR
NEMEWNERR ANFEETNN
ENER NE R
"
origieal spiky nitnt ppening
amm "
aw
probs stnciury EERKEDME
ey
rErTrerT
» vomm EAANNEE
]
Riter closing
Figure 5.20; Examples of morphological opening and closing operations witn a horizontal 3x1 structure.

Al morphological operations can be extended to gray Jevel images where functions instead of sets are trans-
formed, "The dilation and erosion of a grayscale function f by a gray scale structwring element g is defined by

equations [5.13) {5.15] { Haralick et al, 1987), or by equations [5.17} and [5.18] (Lce et al, 1986), ic

fOg=TWfl®Ulg] 5.13
= n:a,x{f(z' ~k,j=1)+gk, N} 5.14
feg=TUIf10Ug} 515
2 riinn{f(i ~k,j~D—gk, )} 5.16

T1f] is defined as the 1op of £, ard U[f) is the wmbra of £, see figure 5.21 for definitions. Note that the defi-

nittons in equations {5.14] and [5.16] vse the max and min operations (Maragos, 1985).

The opening and closing of s function are similar to those given in equation {5.11] and [5.12} for a binary

iraage and are defined in equations [5.17] and [5.18).
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i{x}

Tamain of suppont

Figure 5.21: Definition of the rop and umbra for a 1-D signal,

fog=(fond@y 5.17
foz =(fDp)O¢ 5.18

Although the morphological cperators ag descrived above are simple to implement, they form the foundation
for a large variety of image nrocessing operations composed of combinations of crosions, dilations, openings
and closings, which can hav:_a"_'}ery complex resuits, In the next fow sections morphotogical operations will be

developed which perform fille g (spot-removal), gap-fusion and edge-detection of rock imuges.

534 Spot removal

Morphologicil opening with, for example, a disk-shaped probe smooths contous breaks narrow isihmuses and
eliminates simgll islands and sharp peaks or capes but ieaves the underlying geometrical strutture untouched,
This is becanse the opsning operation consists of (i) an erosion which shrinks al! objects and climinals
foaturss smatler than and similar in shape to the probe, which is then foltowed by (i) 4 dilation which restores
all remaining objects almost back to their oviginal state. Thus generaily small eniitics foss than size 4, in an

edge image F, can be removed by the following operation

Ey=E, =lE),=~(E,08)0B . 5.19

where B is some strie sing element of size A,, and E., is the edge image with all entitics of shapé similar to

B and less than size A, r2moved,

o2

!
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The opening operation is antiextensive because AoB C A | ie the set resulting from of opening will always be

less than or equal to the original set. Figure 522 and 5,23 shows how opening an edge image E, gives a

/ : filtered image £, .

Figure 5.22: {(a) Edge pattéht &, . Opening E, with a (b} 3x3 cross and (¢} ctrele struczure of size L
Figure 5.27 gives the definition of the circie structure. -

Figure 5.23: @) Edge.pmtem E, . (b) After opening E, with a 3x3 ¢r. - structure of size 2, (¢) After
opening E, with a circle sincture of size 2.
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53.5 Fusing gaps

The morphological closing operation is the converse of opening becruse instead of removing smeali islands it
retesves small holes: This is very nseful because the gaps in edge patterns could be thought of as partial holes,

und ciosing should fuse the gaps beiween sets of entities as given in ¢guation [5.20].

E,=[E) =EpMB =(E;©B)OB 5.20

where E, is the fused edge image. For exe nple corsider figure 5.24 where an image is closed with a 3x3 cross

shaped element, Initially all entities are dilated so that any entities separated by 2 gap smaller than the size of
she structure are joined, The erosion which follows will then afmost restors the dilated entities to their originat
state except that gaps between entities with a size less than the probe will remain joined depending on the
original shape of those entities on either side of the gaps. The fasion eccurs because of the exfensivity property
of closing ie that A c Al . In figere 525 and 5.26, the closing operation is appliéd 1o cxamples of cdge

pauemns E; which fuscs gaps o give &, .

Figure 5.24; Example of closing gaps between entities in an edge image E, with a 3x3 cross structuring

elenent {size 1) ic produce fused edge images E, . Rock is -38+2Smm quartzits, (a) Edge
image, (b) B, =E®B. '
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e ] circle

(o)

Lew

LR

ke

o

(©)

Figure 5.25; Example of closing gaps between entities in an edge image ., with a 3x3 cross and circle

6 structuring element (size 1 and 2) to produce fused edge images £, . (8) Edge image, (b)
Ey=E,®8 | (¢) E,=E,®28 . Rockscene is dolomite (-38+25mm) captured from the

conveyor belt, %
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5.3.6 Removing heles

1t was suggested in chapier 4 that threshoiding could be used 1o aid in the edge correction. In particular
threshelding can be used to reinforce the classification of parts of an image as rock X or nonrock ¥ =X" .

However one of the problems of thresholding are the holes in the scgmented areas resuiting from threstolding.

!,!!
In addition to fusing gap,f'{éubsecﬁon 5.3.5) the morphological operation of closing can-also be used to remove

the holes in segraented areas of rock X. If the set of rocks at threshold ¢ is given by Ey=1X, then the closed
threshokd image is given by Ey , as shown in equation {5.21). See figure 5.26 which shows how the holes are

filled in.
Ey=1X},=X0B =(X,®B)OB 5.21
Figure 5.26: "’XExample of closing holes in segmenied areas resulting from thresholding using a cross
probe of size 2.
537 Varying the size of structural elements

In the previous seciion we gave examples showing how opening and closing can remove small islands and
close smail gaps respectively, Howsver it may e required to remove bigger islands or close larger gaps, which
requires a larger structure of a suitzble shape. This can be done by either using one large structuring element
as has been demonstrated above, or by using multiple passes with a small element because a large structuding
tlement can be decomposed into sets of smaller ones, Equation 5.22 shows how a large clement B, can be

decomposed in smatier elements. _
Biu=5,98,9..5, 5.22
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If B;= B; then By, =n8 and

A®B, , =A®nB
=({(ASB)DB)... 8B} n times 5.23

Thus opening or closing with a structure of any large size can be implemented by just repeating the erosions
or dilations a number of times with a smal! sicucture. Morphological transformatrons using multiple passes with
smaller structures is ofien desirable because of the processing speed advantages when coding the algorithm in
a ceriatn way (Maragos, 1985). Decomposition rules similar to [5.22] are also useful for constructing probes of
different shapes to those clementary ones shown in figure 5.19, Figure 5.27 shows how the box and circle

structure can be constructed by dilating a vertical and heeizontal, and a cross and box structure together

respectively.

s o ff -

Figure 527 (8) A Box shaped probe can be decomposed into a vertical and horizoptal probes of sraailer
size. (b) A cross and box probe can be used to compose a circle probe.

53.8 Murphological Edge detection

In chapter 4 the Laplacian operator (V) was described as the primary edge detector because most Gther edge

detectors tested were generally unsuited for rock edge detection because of poor edge detection as required for
stereological measurements. Although the Laplacian outputs acceptable edge pattems, they are contaminatsd
with impulse noise because the Laplacian-edge detector is a differential process which amplifies high
frequency noise and especially impulse noise. An aliernative to using linear cdge deteclars such as she (V3

operator is to use moerphologicel sdge detection.

Morphological edge detection forms part of the set of morphological filters. The opening an image effectively
removes small entities which iz similar o the operation of a low pass filter. Thus by calculating the differences
or residue between sets or funictions that have been eroded or dilated different amounts, ene can effectively

perform a bandpass filtering operation, (Maragos, 1985), (Serra, 1988), The morphological-edge detection
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scheme bas been found to be more robust than most other edge detection schemes for these rock images. Lee
et al {1986) also found that a combination of motphological edge detectors gave comparable performance to

second derivative zero-crossing edge detectors, ie V*.

As an example consider the fig, 5.28(z) which shows an original binary image X, Fig 5.28(b) is the same object

after erosion by a spherical structure B to give X © 8 | Fig. 5.28(c) shows the difference betweert image {a) and
{b) ie X —(X ©B) which is essentially the edge of the cbject.

oty X XeB

Figure 5.28: Example of the morphological edge detector as applied to a binary entity. (3) Original
image X. (b) X © 8. (¢} The difference X ~(X © B).

The morphological edge detection scheme can be extended to gray-scale images f, where the generic filter
fumction g,,, is given by

Gnn=(fOMB)=(fOnB)} where m<an 5.4

and aB is the n-fold Minkowski sumn of & with itself, and m and » are scalars, and where the © can be replaced

witha ® for m >an. The values of and difference between m and n controls the bandwidih of the filter, or
the thickness of the edges in an edge detection operation. For the algorithms devwloped in this work m was
made 1 and #=0 to Zive the edge detector as shown in equation 5.23, which giveé thin edges for reasons dis-

cussed in chapter 4.5.2,

§10=(f®B)-f 525
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s

The orientation of B controls the orentation of the edges defected, but is of no consequence if symmetric

structuring efements are used. For gray level images the probe B does not necessarily have to be a set but can

also be a function & .

Bigure 5.29 and 5.30 show the result of applying the morphological edge detector to some rock images, It is
observed that the moiphoicgical edge detector produces far less unwanted edges thaie Lépfacian, if some form "_, :

of prefiltering is used, see figure 5.29,

after erosion ditfarence : o

g g

after erosion difference

. ¥2
—

fitered image

¢

Figure 5.29: Morphological edge detection applied to a scene of latge rocks {-38- m.m). (@) Original
image. (b) Morphological edge detection with no prefiltering. () Morphological edge
detection with NAA pre-filtering. Probe structure used is a 3x3 cross.

R 21
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Examples of morphological edge detection applied to rock edges. The raw images shown
have been prefiltered using the NAA filter. The probe used is a circle. The above figures
show pairs consisting of the original image and e result of the morphological édge
detection for (a) -50+38mm. (b) -38+25mm, (¢} -23+1%9mm, (@) -19+13.7mm, (¢)
-13+9.35mm, and (f) -9.3546.15mm size distributions.

Figure 5.30:
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54 THE FINAL ALGORITHM
541 Introduction
The final algorithm for rock edge detection should fulfil the following requirements.

(it  The algotithm must be as simple as possible so that it coes not take too long to process a single image.

{iiy The algorthm must be generic, in the sense that it should be able to handle as many rock scenes 0/ 4
given rockstream as possible, withcat having to resoet to major medifications when the characteristics
change.

(i)  The rock sceneyv do change and the algorithm must be able to automatically adapt to changing image and

environmental conditions, ie the algorithm must be independent of the user.

In the previous sabsection verions techniques or tools for improving edge patterns at various stages of com-
pletion have been discussed and developed. In addition the morphological edge detector is deemed a viable
altemnative 1o the linear edge detectors as discussed in chapter 4, It now remains to exploit the best features of
certain of tese techniques and combine them inte one image-processing system. . this section a complete
algorithm for rock boundary detection based on extensive expeiimentation, is described together with the

strategies for combininyy these various tools and methodologies.

54.2 ‘The Totai System

The final objective of the image processing is to detive an ideal image of the rock boundaries Ej, from the raw

image /. However because the algorithm is not perfect the outpot is denoted £y where

Ej, =17} 5.26

and Eye="E,PE 0T 5.27

"The flow diagram of the final algorithm, (figure 5.31), shows sequeatial stages of primary feature detection or

exiraction W,, and edge correction ¥,. ¥, can be broken down inte two paratlel* branches of segmentation

{thresholding) and edge detection, A more detailed algorithm i= shown in figure 5.32.

The data (image} flow is as follows : The raw image / is fed into the primary stage ‘¥, where it is filtered o

produce I, . 1, is then fed into the two parallel stages which are the primary-edge detection and he tail-the-

54 The stages 2re only concepiuslly thought of as being parslicl. In practice they were executed on & sequential computer.
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sholding stages, which produce three sets of image data. This includes the edge pattem E, , an estimate of the
rocks Ey and an estimate of nen-rock £y . Both £, and Ey are resulis of the tail thresholding as discussed in
chapter 4.4, The edge and threshold data sets are then fed into W, in which the three data sets E, , Ey , and By
arc processed and subsequently combined o give the final estimate of the rock outlines Ey . As has been
discussed in section 5. 1* ", _; 3 and 5.3 the edge data E, has many errors and has to be comected. The edge cor-
rection can be perfonne.u fby either or both the joining \¥, or morphofag:caf ¥, ot COTTECLION SChemes which _
are assisted by the data in the threshiold data sets Ey and E, .'7or the pilos plant tests described in chaptar 6 and -

7, the rnnrpﬁt;_l!ogical processes weie seleitted
R \

N4

1
¥
e

W
image
¥
&
&
"E’
4
&
g
i

¢

Figure 5.31:
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. primary
edge datection |

pro-fiiter -_ et

Edge -
pattern

meanolding 1 || - TR
corracti: 1

threaholding 2

Simplified block diagram of the final algorithm W showing the two main blocks of (i) pri-
-mary parameter detection, and {ii) edge comrection and the combining stage.
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543 Primary operations ¥, -' N

The raw image { as digitized by the frame grabber is filiered by & neares: neighbourhood averaging (NAA)

filter which smooths the raw itage / and removes most of the impulse noise to produce the image function 1.

For this rescarch the image is filtered consecutively three times.

The filtered image & is then fed to two ‘paralie]’ processes. vhe first process is the morphological-edge
l\l

detection which prodtid'es = gray level image g, , pattern. The edge image 2, o must be converted to a binary
image which requires the thresholding of g, , 1o produce the binary set E, . The thteshold value is selected
from the histogram of 8,0, 4,  which has a decaying exponential shape. The method of selecting the threshold
feio is ad-hoc and the p'th percentile of the cumulative histogram Hy = i Hm(x)dx is the method chosen. Note

that an alternotive edge-detection algorkhm such as the V2 operator can be ssed in place of the

morpholcgical-edge detector,

‘The uther parallel processing stage is the ™wail tresholuing™ algorithm which prodluces (b 1w 5 binary images

- Ey and Ey , which represent aveas in the image of high and low probability of being rocks respectively, The

algorithm is developed in chapier 4.4 and relies on the histogram h(g) of 1, to selec the threshold values,

544 Correction and Cambining operaiions ¥,

In the correction and combining stage ¥, tkree fundamental operations arc pcrfor:ﬁed on the edye rauern vsing

all three data sets derived in W), The first operation is the removal of noise or srall islands £, c £, which is
performed by filter 4, which uses opening to remove the small entitics E,, . The second stage is the fusing
together of the remaining edges by cstimating and constructing missing edges E, = Ey -~ Eg,. This fuslon
operation is performed by closing the remaining entities ,=F,, together. These two wransformations are

\ shown in equations [5,28], {5.29] and {5.30, whcrc'B, and B, are the differcnd probes used for ‘¥, and ¥, 1

L respectivaly,

€

and  E=W(E)=[EF 5.20
Lo E=WYE)=(E]0B)OB, 530
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However-the fused cdge patiern B, still contains a number of large fused entities which are not part of the rock

bourdaries 09X because they fie in the perceived interior of the projected rocks, in addition some of these noise
islands have merged with the rock boundary catities because of the fusing operation W, . These merged islands

have 10 be removed and this is done with the help of the £, which is an cstimate of the focation of the interiors
of rocks,
Ey is used as a mask o clear the interior of the projected rock areas, where all entities falting within the mask

area are eliminated hy logically ANDing the edge image with the inverse of Ey as given in equation [5.31].

E_,=[E] AND (&) 5.31

where [Ey]” is the binary inverse of £y . Ey is a transfonned version of £y where the translormation on £y bas

filied up holes and creaned up the cdges of the entitics in E, . The transformation on £y is pecformed with

morphological closing and apenings.
After the masking iranstormalion, the set £y 18 used to fill in cenain areas of the image that arc definiiely not

rock ie Y to produce Eyy , for example parts of the conveyor beit, or smalf arcas between rocks which may
be part of occluded rocks but are partially or fuily in shadow, and have been assumed 1o be o distorted to
provide any real indication of the size of the underlying rocks. Only the edges of these void arcas are detected
s0 Ey fills in these voids so that the chord-length prohe does not measure in these areas when applicd. This

operation is performed by ORing E, with the masked edge image as shown in equation [5.32]. Note that £, is

also preprocessed with morphological operators to sive Ey.
Epy=[Eu] OR Ly 532
54.5 Discossion

Eqy is conceptually the finat output of the image processing stage W, thus £y = Ez . However the details of

data flow as presented in this section arc not sxactly the same as the dato flow implemented in experiments and
in tests. The basic suucture of combining cige detection, thresholding and morphological operations for
fikering angd closing paps is essentially still the same. However other stages are inscried where necessary

depending ou the type of rocks and images to be precessed in order to improve the overali results of the rock
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boundary detection for a particular type of rockstream, For example, erogion of the edge pattern (ie thinning)
E; may be recessary because the threshold valne T, used by the tail thresholding algorithm may resuit in

_ which thick edges which would have to thianed.

The choice of a particular edgs detector, pre-iiiter or other operator, is not fixed o the morphological or NAA
filter, but can be any operator that fulfils the requirements stated in subsection 54.1 and which when put

together deisets valid and accurate edge periineters in the shortest possible time,

There is stili a vniversal need to tune this system (or anv uviher edge detection syster ) 1o the particular
characteristics of the rockscenecs being processed. Parameters o be tuned include for example the size and
shape of the morphological probe structures, as well criteria for thresholding. It is possible that newral networks

hold the key 1o future rocksize systems where the system can leam to adapt to the characteristics of a given

rockstream,

5a.6 Examples of the vesultant Edge patterh;i:

In figures 5.31 to 5.33 we shorws svne sesults of the edge patterns produced by :his algorithm,

Figre 5.33; Edge E;, patterns for scenes of large rocks.
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e S

Figure 5.34: Edge patterns Ejy for scenes of small rocks, |
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Figure 5.35: Edge patterns Ex for scenes of miaed rocks.
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5.5 CONCLUSION

In this chapier the second past to the global rock-cdge detection strategy W, was developed, the main tasks

being the removal of unwanted edges and closing of gaps. This corrective action is required because primary
edge-detector or thresholding algorithms generally cannot produce an image of rock edges or areas on which

useful stereclogical measurements can be made,

The final 2lgoritkms developed in this chapter make extensive use of mathematical morphology ardd these
techniques have proved to invainable as far as image transformations are concerned. In particalar they provide
a simpler aliemative to the more complex “joining” Lype algorithm which follows the traditionai approach to

image processing,

The anly way ir which the success or usefulness of the algorithms developed in this chapter can be verificd, is
by implementing these algorithms and measuring rock size, The expedmental setup for such tests, and the

resulting measirements and transormations are discussed in chapter 6 and 7 regpectively.

In conclusion it must be cmﬁhasizéd that the aigorithm developed for W {chapiers 4 and 5} is only one inter-
pretation of how the problem can be solved. There is the possibility that in lime many other algorithms or
image processing techniques may be developed which gives faster and more powerful hardware, could result
in better rock segmentption. This emphasizes the philosophy adopted with regard to the development of the
image processing aigd:’ithms in this vesearch, that these algorithms are only stepping stones proving that

measurements of rocksize on 4 conveyor belt can be made.
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Chapter 6: EXPERIMENTS AND TESTS TQ DERIVE CHORD-LENGTH DISTRIBUTIONS

EXPERIMENTS AND TESTS TO DERIVE CHORD-LENGTH
DISTRIBUTIONS

INTRODUCTION

This chapter presents the apparatus and experimental procedure developed for testing the techniques and

algorithms described in chapters 3, 4 and 5. The measured outcome of these experiments are raw chord-lengih

distributions g(L)*' from which size distibutions are to be determined, in particular sieve or mesh size dis-

tributions f(D). The conversion f(2)=Y¥,{g(L)} is discussed in chapter 7.

Two groups of rocksize tests were conducted, namely static and dynamic tests, Static tests were undertaken in

the laboratory, and dynamic tests were cartied out on a pilot-plant conveyor-belt system. The group of static

tests consists of two classes of experiments which were carried out on separate and piled rocks, which can be

viewed as sparsely and densely distributes] particle systems respectively. On the conveyor-belt, dynamic tests

were only carried out on piled rocks which formed dense rockstreams, high Ni..

6!2

THE OBJECTIVE OF THE ROCKSIZE TESTS

The purpese of these tests and cxperiments is to provide experimental dati so that,

1

The hypothesis, that the size of rocks under idea! conditions can be measured using machirie-vision, can
be tested, Ideal conditions includes separated rocks uniformly randomiy distributed in space. The fun-
damental pricciples associated with deriving sizing parameters using machine-vision under these
conditions to a lurge extent have already been tackled and proved by other researchers on microscopic
applications in the bivlogical and mesallurgical fields respectively (Weibel, 1979, 1980), (King, 1982,
1984). However no work other than what has been mendoned in chapter 1 has been performed on rocks
and in particular conveyor belt applications.

The hypothesis, that the size of racks under non-ideal conditions can be measured using machine-visian,
can be tested. Non-ideal conditions includes piled rocks on a moving conveyor beli, where most rocks
are hidden or cannot he seen. Associated with this hypothesis is the need to fuifil the requiremants for

a practical instrument system which can process moving {inages in realtime without resorting to super-

computers.

8.1

Thz measured chord length distribution ia g(L) which when convened to density funciion becomes  p(L).
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Chapter 6: EXPERIMENTS AND TESTS TO DERIVE CHORD-LENGTH DISTRIBUTIONS

3, The instrument can be tested for consistency with the basic principles of any instrumentation system; ie

that the measurements are repeatable, and actually represent the physical property required.

The last point concemning the representation of the physical property to be measired, is difficult to fuifil
because size is not nnémbiguously defined, and is dependent on the form of measurement (chapter 1). Because
of the Jack of an altemative standard for rocksize, sieve size (Allen, 1981) has been selected as the physical
property against which this measurement system is to be evaluated,

Points 2 and 3 above form the basic part of the original work done in this thesis. Except for Yacher et al (1985)
no reports could be found in the literature on rocksize measurements on moving rockstreams, and the report of
Yacher et al doge not include sufficient detail on the rock material, ic shape, and the type of processing used

to compare its performance with the system developed here.

6.3 THE ROCK MATERIAL

In order to pecform comprehensive tests of the robusmess of the insirument in terms of hardware and software,

as many different types of rockstreams as possible should be tested. However 25 a result of time constraints,
bulk handiing, crusher and sieving problems, only a few varieties of rock could be tested, the main groups
being granite and quartzite, Both rock groups were used for static tesis in the laboratory, whilst only quartzite
was used for dynamic testing,

Granite which was only used for initial tests, fas a rough texture and a spotty sppearance, and varies from dark
gray to white. Quartzite on the other hand has a smoother texiure and is a more homogenecus colouring of
light gray. The colour of quartzite changes significantly with the amount of water, and when wet or damp

becoraes dark gray as opposed to a white gray.

In order to test the instrument system’s response to various sizes of rocks it was decided to sieve the rack

malerial into "narrow” size classes from which anificial distributions (wide band signals) could be mixed.

- Measwremenis by the instrument of a single size class could be likened to testing the response of a system o

a "single” frequenty or narrowband signai, The quartzite was initialty available as a mixed distribution and was
hand sieved to praduce rock size groups as shown in table 6,1, The granite which was only available in 25mm
size range had to be successively crushed and sieved to producs the size ranges as shown in table 6.2. The
fractions for the quartzite and granite tests are different becanse the granite material was prepared for Wigeson

(1987) using a corabined crusher and sieving system, whiist the quartzite was prepared for conveyor belt tests

v
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Chapter 6: EXPERIMENTS AND TESTS TO DERIVE CHOAD-LENGTH DISTRIBUTIONS

Table 6.1 Table of size classes used for testing quartzile rock material.

Size Group Sieve Size (mm)

-8.3mm

-8.35mm + 6.3mm
-12.7mm + 9.35mm
-19mm + 12.7mm
-25mm + 19mm
-38mm + 25mm
-75 + 50mm
+75mm

w0 N DM Rk 0N =

Table 6.2 Table of size classes used for testing granite rock material.

Size Group Sieve Size (mwn)

-0.212mm

-1.00mm + 0.212mim
-2.36mim + 1.00mm
-3.35mm + 2.36mm
-4.8mm + 3.35mm
-6.3mm + 4.8mm
-7.94mm + 6,.3mm
-9.35mm + 7.94mm

w e~ M O AW N

-i2.7mm+ 9,.36mm
~15.9mm + 12.7mm
25 + 15.9mm

]
- O

by hang sioving with 2 limited selection of sieves where the larger size factions were of inferest. On average,
over 150 kg of eack fraction of each rock was prepared and sicved. The accuracy of the manual sieving pro-
cedure is not ideal because fime and the awmount of material on a sicve determines the quantity of material that
C passes through the sieve (Allen, 1981), In addition the mass handling problem with the Jarger rock fractions of

quartzite made the sicving procedure very Jabour intensive and subject to human errors.
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Chapter 6: EXPERIMENTS AND TESTS TO DERIVE CHORD-LENGTH DISTRIBUTIONS

0.4 EXPERIMENTAL RIGS

Two experimental rigs were set up for the rocksize experiments, Oue was for processing scenes of stationcry

rock piles, the other for prmcessing scenes moving rockstreams on the conveyor-belt system.
THE STATIC RIG

For stationary rock piles, an image capturing system was setup in a "rock lab" wﬁ:are different iliumination
systems and }mage capiuring hardware and software was developed and tested. Figure 6.1 shows schematically
the image capturing system: which is based on an Iniel 80286 based microcomputer and the Data Translation
frame grabber DT2851 which piugs into the AT bus of the microcomputer. Figure 6,3 shows 2 photograph of
the "rock-1ab" setup., PAL colour-video cameras as well as various black and white cameras were used to

capture the images of stationary rockscenes.

The images of rockscenes to be processed were captured and digitized by the DT2851 frame grabber which
stored the image in the frame grabber’s RAM as a gray scale (black and white) image. The size of image stored
was 512 by 512 pixels; however only the centre portion of this image {200 by 200 pixels) was transferred 10
the compnter's memory for further processiay, vy versions of the software described in chapters 4 and 5. Not
all the available image is used becavse of memory limitations imposed by the operating system MS-DOS used

on the microcomputer as well as processing time,
THE DYNAMIC TEST RIG

A ciosed-loop conveyor-belt system was constructed 10 test the rock size system on moving rock images. The
conveyor belt sysiem consists of two separate belts lying alongside one another and moving in opposite
directions, At the end of each belt, a chute chanuels rock material falling off the op2 belt onto the other belt
lying alongside. Both belts were driven by variable speed DC-meotors with independcnt variable speed controls.
This systeras simulates to a certain extent the rockstreams as found on conveyor belts feeding autogenous
mills, However it is important 10 note that each rockstream being fed to a mill has its own unique

characteristics which is impossible 10 reproduce accurately on the test rig. |

Moving rock scenes introduce special problems such as image blurring and interlacing which can render the
whole measurement process useless. Blurring is cansed by a point in the scene reflecting light onto xmore than
one part of the image sensor by virtue of its movement and the sensor being “"on” for pat of the duration of
the movement, Bluming can be solved by estimating point spread functions and reversing the effect of the

blurring mechanism, (Du Toit, 1987). The interlacing problem is ako brought about by scene movement,
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Chapter 6: EXPERIMENTS AND TESTS TO DERIVE CHORD-LENGTH DISTRIBUTIONS

which causes the adjacent “even” and "odd” sequential fields of standard television signals to contain displaced
copies of the same scene, Thus when a full frame which is made up of both an even or odd field is digitized,
the image appears grossly distorted. To remove the interlacing problem one couid, for example, resort to single
field image-digitizers or software which realigns the fields. However edge detection on these single ficld or
realigned images was too susceptible to noise generated by missing lines and slight misalignments respectively.
Thus in order to solve the blurving and interlacing,  blem a custom line-scan image caphuring system was

designed and developed,
THE LINE-SCAN CAMERA SYSTEM

The line-scan camera system which eliminates all interlacing operates ¢ -~ follows, The linc-scan camera
captures a line-image of the conveyor belt in a direction perpendicular to the direction of movement. This
image line is then digitized and stored sequentially together with a number of similar lines capturzd one afier
another in the frame grabber, cssentially allowing an image to be built up line by line. Blurriag is also reduced
by capturing cach line-image in a very short exposurc-time, The speed of operation of the line-scan camera
system developed is variable and typical line exposure times are 1/5000 of g'sccond. A schematic diagram of
the hardware system developed for dynamic image capture is shown in figure 6.2. A custom wide-band video
amplifier (100Hz - 10MHz, -3dB) was also developed which interfates the invented line-scan camera video-
signal to the format required by the frame-grabber, The camera and associated hardware were insialled in a
protective contro! room adjacent to a closed-loop conveyor belt system. Figure 6.4 shows a photograph of the

conveyor belt sysietn, and figure 6.5 shows schematically the experimental setup of the camera system, con-

veyor belt and lighting.

The lighting for the conveyor-belt system consists of four S00 Watt halogen lamps driven by 240V DC because
the sinusoidat variations in AC power (and hence lighﬁngj is picked up by the image capturing system. With
the line-scan camera sjstem this AC lighting interference manifeslls itself as alternating horizontal bands of
dark and light. The AC lighting problem was als noticeable with nonnal video cameras sed for static t-s

whe, 2 two images captured one afier another of the same scene were generally not exactly the same,
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Figure 6.1: Schematic diagram of the image processing system in the "rock lab".

Hine-cameta control

;
:
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Figure 6.2 Schematic disgram of the imege processing system used for dynamic image capiure on the
. ciosed-loop conveyor belt system.
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Figure 6.3 Photograph of the image capture system as used in e rock lab.

SEe e

Figure 6.4: Photograph of the closed loop conveyor belt sysiem used for dynamic image capiure,
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Figuré 6.5 Schematic dingram of the experimental vig used for dynamic rock-size measurement tests.
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6.5 CHORD-LENGTH DISTRIBUTIONS FROM STATIONARY ROCK PILES
65.1 Separaie rocks - Quartzite

Stati~ tests were conducied in the “rock-lab" on separated granite and quartzite rock material in ocxder to
investigate the use of chord-length measurements on ideal rock projections. The software used was neither the
joining nor morphological aigorithms because, as discussed in chapter 2, the segmentation and idenuification of
separate rocks is simple. To aid rack segmentation, the rocks were placed on 2 matt-black background which

effectrvely rendered the image into two arcas of dark background and light-coloured rocks, whick resudis in a

¥
o

bimoda) gray-level histogram and makes simple };lobal thresholding a perfect candidate for rock segmentation.

i gek
TR

Unifonin neon lighting provided the illumination. Examples of these images are shown i figure 6.6.

»

The size groups of rocks used for these separate tests are given in table 6.2, The measurement procedure con-
sisted of pouring the rocks randomly onto the black surface and separating the rocks by Hand so that they did

i' o not touch each other. Note ihat the rocks were not selected individually from a pite. The image scene was

inspected relative to a zeference grid on 2 monitor and all rocks cuting the frame or image border reoved.
g

The scene was then captured, globafly threshold, and the chord-lenyth distribution measured. A PAL video

R e

" camera was used for image capture, and lighting consisted of uniform AC neon lighting.

Q The resultant average chord-iength density distributions p(L) for different piles of guartzite rocks and probe

A

spacing are shown in figures 6.10 and 6,11 where separate and touching rocks are compared. If 2 measured
chord-length distributior: is given by the g,(L) the average chord-length density distributions p(L) is calculated
by equation {6.13. Because the above procedure for setting up the rocks is very Iabour intensive, the average

chord-length distribution is derived from measurements made on between #=20 to 40 images ouly.

e At

;@;:;%% where  gU)=> 3. g(L) 6.1
_ The chord-iength distributions should be measured by probe lines spaced a distance apart thas is greafer than
BN +) the maximum caliper diameter of the rocks being measured (Weibel, 1979). However the chord-length
measurements in this research were wude with adjacent probes which allows many more samples to be col- R
lecied than with properly spaced probe lines. Correctly spaced probe lines result in chord-iength distribution
curves that are discontinuous and difficult to interpret and compare hecause of the small number of samples,
Note that althongh adjacent probing produces better looking distributions, the rocks ate being oversampled,

thus biasing the measurement, Figure 6,7 shows how probe spacing affects the chord-feagth distribution,
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Fiaure 6.6 Examples of rock images of separated quortzite rack
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Figure 6.7: Typical ¢xample of resultant chord-length disibution measured with chord probes spaced
. 25,5 and } pixel(s) apart. Image is 200x200 pixels.
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The graphs of chord-length distributions are plots of the number frequency of chords of a certain length L
being measured. For convenience the x-axis shows chord length measured in units of péixels instead of meters,
It is possible to convert these pixel units to meters, where pinels and meters are linearly rclated in the x and y
co-ordinates of the image. It must be roted that many sets of tests and chord lengths were measured at different
focal distances covering different areas, thus care has been taken to compare only thase sets of data which

covered the same scene area.

It must also be noted that the frame grabber used does not digidze square pixels, although the DT2851 in
particular has a frame size of 512 by 512 pixels. Therefors in order to allow for a square image to be displayed
on a non-square elevision tube, the approximate pixel aspect satio is 1:¥2 . This is ar undesirable sitation
because it is possible that chord-length distributions in both the x and y directions can be combined to give
further size data. Because of the non-square pixel aspec! ratia, 4ll linear jrobes applied during the course of
this research, were in the x direction only, The differcnce in data from row or column probes is shown in figure
6.8 in which the chord distribution of adjacent 'ptobes memsred from tie same image in orthogonal directions,

is presenied,
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Figure 6.8 Exampie of chord-length distbutions measured on the same image of separated guartzite

rocks taken in the x (row) and y (column) direction.
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6.5.2 Touching rocks - Quartzite

These chord-leagth measurements were made on the same rocks 2s those used in section 6.5.1, except that
these rocks were pushed together so that they were touching, but not occluding one another, Figures 6.9 and
6.10 show the chord-length disaibutions p(L) measured from these images of touching rocks, which are com-

pared to p(L.) of separate rocks, whick are calculated in the same manner as described in section 6.5.1.
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Figure 6.9: Comparison of chord-length disnibutions measured from scenes of separate and touching
quanzite rocks,
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6.53 Piled rocks - Granite

In this section chord-length distributions are presented (figure 6.12) which have been measured from piled
granite rockr,cenes (figure 6, 11}. I'h@! tock scenes were iluminated by uniform neon lighting over the whole
image sccn These image scenes were processed by the joining algorithin as described in chapter 5. 2.. The
joining control parametzrs for this scenes where, Maximum neighbour island =20, Minimum main island size

=20, and maximum link distance =25. ( All figuzes are in units of pixels, and the imagc is 200 by 200 pixels.}

Figure 6.11: Examples of itages of piled gravite rocks. (a) -38+25mm, (b) -12,749.35mm.
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Figure 6.12: Resultant chord length distribution as messured using the joining aigorithin on piled granite
rock scenes,
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6.5.4 Piied rocks - Granite - Rosin Rammier distributions

To test further the ability of the system to measure and differentiate betwezn different rock-size distribudions,
a number of rock-size aistributions were set up aceording to the Rosin Rammler distribution equation. The
mixed rock or “mud" piles (granite) were created by Wigeson (1987). He describes in his dissertation how
these distributions were mixed. The resultant rock piles of different diswributions of rock are labeiled by the
controlling parameter # in the rosin Rammier characteristic equation, given in equation [7.33]. Examples of
these rack piles are given in figure 6.13 and the results of applying these zlgorithms are shown in figure 6.14,

The distributions presented in figure 6.14 are averaged distributions taken from different 8 rockscenes of the

Cteagy same diszibution,
" (@)
x .‘ﬂl
'
(o)
o
'E:. ;
RS
3 0
Figurs 6.13: Examples of rock piles mixed according to the Rosin Rammter disgribution: function,

(8) n=2,0, (b) n=0.5.
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Chord-length distributions resulting from the application of the joining algorithm to rock
size distributions of gramite mixed according to the Rosin Rammier dismibution.
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8.5.5 Observations and Comments

The following ouservations and conclusions can be made with rega;d to the chord-length measurements on

stationary rocks.

If the rocks are separated and arranged in 2 monolayer®® then the measurement of rocksize can be made with
the minimum of processing and the peaks of the chord-length distributions show a grod correlation to the
actual average sieve size, However if the rocks fouch then the chord-length distributions become flatter with
smaller peaks appearing in the chord-length distributions. These peaks occur in the area of the larger chord

lengths and are attributed to merging errors as discussed in chapter 4.

A feature common to aB chord-length distributions measured are the spikes in the region of the very short
chord lengths. These peaks are attributed. to the sharp and angular shape of the rocks as well as the image
processing, which results in shapes and image features that are sharp and angular and which cause a large

namber of short chords 1o be measured.

With piled rocks ihe distributions appear have a dominant peak in the range of the very Jhort chord iengths
with a far less discernible peak corresponding to their average in the centre of the chord-length disiributions.
In fact the Jdistributions tend to take on a decaying exponential form which is fairly different from the more

peaky type distributions displayed in ﬁgure§ 6.10 and 6.11,

The resutlts of the Rosin-Rammler experiment appear éncowraging as the distributions measured vary sensibly
for various n-factors. However these distributions also have a decaying cxponential form, simiiar to those in

figure 6.12. Note again the peak at the very short chord-lengths.

Another observanon to be made is that for small rocks the peaks of the chord-distributions are very high,
indicating large numbers of samples, hilst with the laxger rocks the peaks are lower indicating smaller
samples. This voservation is in agreement with the predictions made in chapter 3 whers the size of the rocks

(spheres) affects the linear intercept distribution,

It must be emphasized that all the above results are for static images, and the next section presenis chord-length

disiribntions as measured from dynamic images.

62 A monolayer is 2 {ayer of rocks where no rocks Lie ont tog of each thus obrcuring part of onz another.
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6.6 CHORD-LENGTH DISTRIBUTIONS FROM CONVEYOR BELT ROCKSTREAMS

The chord-lengih distributions deriv.d from the tests on the conveyer belt constituic the main part of the

experimentation performed during this research,

These tests were carried out on quartzite matetial (table 6.1) from a gold mine. The tests were separated into
two groups. The first group of fests was carried out on single size groups of rocks. For example a singie stze
group might consist of materiat par -~ “he 25mm sieve and caught by the 38n.1m sieve. The second set of
tests was carried out ¢n mixed of wiﬁer size distributions of rocks. For exampie a mixed test might consist of
rocks where half the total rock mass circulated on the conveyor belt consisted of rocks of size 19 (0 25mm, and
the other half of rocks of sire 25 to 38mm. All mixed disiributions were synthesized according to weight or
mass, and not volume or number. Table 3 gives a summary of some of the mixed distributions tested, which

were mixed to form uniform sizve distributions according to mass. The fetters are labels given 1o each size

d’stributions prepared,
Table 6.3 Tabie of mixed size classes used for testing quartzite rock matertal on the conveyor belt,
Size component Fraction of single size group added to
total mass.
100% 50% 33 % 25%
U-6. 15 E i 0
6.15-9,35mm [G] J
9.35-12.7mm [E] -
12.7-19mm [E] Q
19-25mm o] m
25.38mm ic] ﬂ
28-50mm
50-75mm [A]

Figure 6,15 shows some typical dynamic rock scenes as captured from the conveyor-belt, Figures 6.16 show
typical chord-length distributions measured from scenes of groups of rocks circulating on the conveyor-heit and
segmented according to the final global strategy preseated in chapter 5.4. In figure 6.17 single distributions

frum 2 few size groups are compared.
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e} | (@)

Exumples of dynamic ima; -3 of piled rock scenes as capured from the pilat-plant conveyor
Gelt using the line-scan camnerz, (The photgraphs presente¢ are 35mm stills of the videa
monitor.) Belt speed was 0.5ms™ and material is gold bearing quartzite. (3) -50+38mm, {b)
-19+12.7mm, (c) -50+12.7mm, (d} -38+12,7mm.
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Chord-length distribntions resulting from the application of the morphological algorithms to
size groups of socks. In each of the above four graphs, three chord-lengih distributions are
presented, Each chord-length distributicn is measured from a different image captured at
vondom from the rocksiream of given size,
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Practical problems with the conveyor belts

A velid and reliable instrument should make repearable measuremenis for constant conditions. However a

number of practical problems manifested ihemselves on the conveyor beli during tests, which varied certain

parameters which affect image characteristics and hence chord-length distributions measured, A number of

steps were taken 10 ry and minimize these disturbances, however these disturbances could not be cradicated

totatly ,and cognizance should thas be taken when evaluating the data produced by the imaging system ox the

conveyor-belt test rig, These problems were :

Y

2)

3)

4)

During testing the material was kept moist as is generally found on the mines, However due (0 a natural
drying out process, as well as the heat emiited by the lighting, the moisture content and hence colour
and reflectivity properties of the rocks changed with time. This resulted in a number of rocks being
partially dried out which gave a speckied appearance of white and dark gray areas causing a great

number of errors in the segmentation process.

T combat the above probiem of varying moisture content, the material was sprayed continuously with
a fine mist of water, However 100 strong a spray effectively washed the rocks clean of fines and mud
making them appear darker thus decreasing the contrast of the image. { On actual plants, the rocks being
fed to the mills are not washed, thus this siwation is artificial.) On ths other hand spraying the rocks too
finely results in an uneven dampening effect which also increases the speckled appearance of the rocks

and causes errors tn the segmentation,

Spraying water on the rocks aiso leaves a thin film of water on the rocks' surface which behaves like a
mirror, This has the undesirable effect of reflecting light directly into the camera which saturated and

created very bright spots, This again induces ervors inlo the segmentation process.

The rocks circnlating on the closed foop conveyor belt systermn tend to break up with time duc to
grirding and fracture mechanisms whilst falling in thie chutes, This causes the size distribution of the
rocks to change with time. In addition after the rocks have circalated on the belt for an hour or more,
their shapes change from being highly angalar and square to being more rounded, which essentally
made them too different from the original angular rocks to be used for direct comparison. This implied
that 2 "fresh” set of rocks should be sieved and used, but this created 2 problem considering the limited
guantity of waterial and time available. A given pile of rocks could thus only be used on the belt for a
limited period (30 to €0 minutes) before having to be discarded,
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Rock breakage and grinding on the belt also results in the generation of a great amount of siurry or mud
which coats the rocks and again changes their colour, reflection characteristics and hence the chord-

length distributions measured.

5)  Surging in the chutes, ie a sporadic mass flowraie, causes parts. of the belt to be covered heavily with
rocks, whilst other parts of the belt were only partially covered with rock. The surging is caused by
blockages in the chutes resulting from the high viscosity and sticky nature of the sluiry resnlting from
grinding, as well as the interlocking mechanisms between the rocks due their highly angnlar and

irregular shapes,

6.7 - SUMMARY

In this chapter. the experimental setup for static and dynr;-mic images were described bricfly . Typical chord-
iength distributions resulting from the application of image processing techniques as developed in chapters 4
and & were also presented: :F_;\arn observation of these chﬁrd-lcngth distributions it can be scen that there are
properties in the chord-length distribution which vary sensibly with the sieve size of the rocks. In particular the
peaks of chord-length distributions measured from rock scenes of separated rocks in a monolayer correspond

very well to the average rock size,

However for piled or touching rocks, the chord-length dis!n'bulions are more difficult 10 interpret and the dis-
tributions look very similar to each othex irrespective of the technique used. For image captured frem dynamic
rockstreams the chord-length distributions take on a decaying exponential form from which it is difficult to
distinguish any size information. It is thus cbvious that further processing is required {3 extract uselul infor-
mation from these ineasured chord-length distributions. However despite these problems, the "chord-tength
distribution derived from dynamic images are usefil becanse they do vary with rocksize and rocksize

distributions, .

The task that remains is 10 convert ihese chord-length distcitutions to size distributions, or ajtemati\}cly reveal
useful differences between the various chord-fength Jastributions for analysis of sizing trends. These objectives
are covered in chapter 7,
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7  CONVERTING CHORD-LENGTH TO SIZE

7.1 INTRODUCTION

In chapter 6 experiments were described from which discrete chord-length distributions p{L,) were measwred

which varied meaningfully with rocksize and rocksize distribution f(D) bat which were difficult to interpret. In
this chapter we undertake to convert these chord-length distributions to a measuremens which relates to “size"
and which is usefil to the metallorgist and the mining industry, The process to convert p(L,} to some useful

size measurement, namely ¥, , is the third and last stage of the rocksize measurement process, {(section 2.8).

Qualifative information such as "there are more larger rocks now than before”, is deemed a useful starting point
for such a measurement given that it has jusy not been availabie. However guantifative measurements which
can be logged against miil performance or which can be fed into control systems are preferable. For historical
reasons (as discussed in chapter 1) an accurate and reliable sieve-size distribution in the cumulative form where

D)= I.f f(DdD’ , is the ideal measurement preferred by the mining industry.

The counversion of chord-length distribution to rock-size distributions is one of the man}' ambiguous physi-
cal-inversion problems to be solved which does not posses a unique solution (Twomey, 1977). Twomey com-
ments that aithough there have been many advances in mathematical procedures for solving such invarsion
problems, thuse sdvances do not remove this fundamental ambiguity and in some instances only hide it, He
remarks further that the techniques he discusses i solving inversion problems only reduce tt .mber of

possible solutions from infinity to a lesser, but stiil infinite selection of pdss:'pilitics.

In this chapter, a number of methods to estimate rocksize diswributions explicitly from chord-length
distributions are discussed. The first group of estimation methods use inversion techniques, The problemns and
difficoltics with inversion methods are highlighted and consequently modified in order to overcome these
problems. However the problems with explicit inversion methods are not totaily solved and a new philozophy
is proposed, that perkaps such direct inverrion is not necessaryto solve for sieve size distribution. This phil-
osophy stems from the hypothesis thqﬁ'i the ambigyous conversion of p(L) to an equivalent size disgribution
such as sieve size, is perhaps not the S&st approsch for this conveyor-belt sizing application, The chord-length
density distzibution p(L) does contain generic size information and sieve size jfa:.pnly one approach to

describing this informaticn. .
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As part of the objective of this thesis, evidence is presenied o show that size information related to sieve size
can be esiracted from the chord-length distributions using established and modified inversion techniques.
However because these inversion techniques are unstabie and unreliable, other technigues such as moment and
morphological techniques which do not estimate sieve size are also developed and it is shown that such tech-

nigues do provide useful size information,

7.2 EXPLICIT INVERSION METHODS

The original objective is to convett chord-length distribution to sieve-size distribution which is not a tavial
probiem (Lin et al, 1987}, Depending upon the circumstances, this conversion can be accomplished via many
different inversion techniques, each of which has advantages and disadvantages depending on the application
and the nature of the data (chord-length distribution) measured. Inversion techniques investigated in this sub-

section include analytical solutions, linear numerical solutions, as well a unique solution by King (1982).

RO With regard to linear methoeds, it is sﬁown that with the exception of constrained linear inversion, mosi of
these methods do not work propexly for the data in this particular sizing application, becauss of the randomness
and errors in thi measuremeny dz;hj_, as well as the inkerent ambiguity of the inversion problem, (Twomey,
1977, (Lin et ai, 1987). Although t}i\‘ poor results obtained with these methiods led to development of a new
approach to this megasurement (scctjong--j?.B, 74, and 7.5}, the basic hypothesis that rocksize can be measured
using machine vision is validated because the size measnrements obtained from certain inversion techniques
although not accurate, are shown to relate 1o siee size, The principles underlying thess established inversion
memé;ds is not original work, although the application, modification, and analysis of these techniques 1o
rockscenes from conveyor belts is new, as well as the new methodologies developed for rocksize measurement

in sectiocn 7.3 7.5,

7.2.1 Deriving explicit analytical solutions

The explicit mathematical inversion of the working equation which refates the continuous chord-length dis-
tribution measured p(L) fo the continuous sievs size distribution f(D), has teen the first and most popular
methiod used for calculating particle size . stribution from sestion measnrements. This equation, which has
been thoroughly discussed by authors such as Wickselt (192;55. Underwood (1970), Weibel (1980), King
(1982), is derived in chapter 3 [3.36] for the particular case of';phcrical particies and is reproduced again in

equation {7.1},




Chagpter 7' « CONVERTING CHORD-LENGTH DISTRIBUTIONS TO SIZE

f2) p 7.1

p)=L lp(z 1Dy

= p(L)=®{fL) p(L | D), L, L} 7.2

Equations [7.1] and [7.2] show that the measusce caoed-length density distribution p(L) is a fuection & of
sieve size distribution f(D) ,and L , L, , and p(L 1.D) defined in chapter 3. The objective of the third stage ‘¥,
in the rocksize instrumen, is to invert the above integral equation {7.2] se as to solve for sieve size distribution
f(D) given the measurements p(L), ie to find & so that the inversion process in equation (7.3] may be effected

if pos “le. The solving for < assumes that the above equation can be applied by arbitrary shaped particles,

fD)Y=d p(L)....} 13

. .ation {7.17 is a special case of the general Hnewr-integral equation (Kanawal, 1971) which is given in

equation [74] below,

b
V) + g@) = [Rao)e 74

¥ e the upper limit and letting A(x) =0 in equation [7.4] gives the Fredholm integral equation of the first

‘- given in equation [7.5].

»
g = K@ 75

Equation [7.5} is the form for the many inversion problems fourd in nature, where the measurement is g(x) and

F{y} is the unkniown function to be estimated, and where x and y are some variables. K(x, y), and similarly the
term p(L [D)ET‘;- from equa;ipn [7.1], are known as the kernels of the imtegral equations [7.5} and [7.1]
respectively. Phillips (1962;’§jqresenm methods for handling non-singuiar linear integral equations similar to
[7.1], and for solving for f(x)j}which in this research is the size distribution £(D). In his paper he commients at
the time that there is very little literature on solving linear integral equations of 1w first kind such as equadion
[7.5]. and states further that o meithod has bean very successful for systems with arbitrary kernels and when
the measurement function g(x} is known with only modest accuracy. He concludes that the success of solving
¢quation {7.5] and hence [7.1], depends to a large extent on the accuracy of the measurement g(x), and the

shape of the kemel K(x, y), assuming thit K (x, y) is known in the first place.
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In the ideal case of parnicles of known shape, eg spheres, the kernel can be derived as shown in chapter 3, to
give K{x, y)-—-whx_-—:——#q for areal intersections . Inserting this kernel into equation [7.5] results in the Abel
¥

integral equation of the first kind with fixed limits as given below .

I f(x) 7.6

gly) =

Lo

where g is the average areal measurement given by g = {i yg(y)dy . Jakeman and Anderssen (1975a), (1975b)

derive in detail explicit solutions 1o the Abel equations arising from the intersection of particles with different
probes, For the particutar case of spherical particles intersected by arcal probes the soiution to equation [7.6]

hecomes,

f)= 2:7! I(y’—lx’)"’{ %[ éL()’2)‘]}0‘}’

wmd|T 1
2l sew) &

where G'(y}=g(yYdy , also see Cahn and Fallman (1956). For the case of spherical particies intersected by

linear probes we get the working equation

g(x)" Jf( y)dy 7.8
the solution which is
Nd 3(25_)_}
Ry dx{ S 7.9

where N, is number of particles and N, is number of linear intercepts. Jakeman and Anderssen (1975b), and

Anderssen (1976) derive in detail numerical methods to solve for the explicit solutions 1 the Abel equations,
which for areal distributions is given by equation {7.71. The solution to the working equation [7.8] for the
linear-intercept prablem on spheres, is given in equation [7.9] and appears simpler. However from the work of
Jakeman and Anderssen (19752) it is observed that as the padticle shape deviates from spherical, the formulae
for the working equatious and their solutions for both areal and linear intercepts become more complex and
intractable. In addition deriving the kemnels becomes more difficult because the particles’ shapes cannot be
casily modeiled, Thus because of pmblcmai.ic:; mathematics there is a strong case for using solutions based on

spherical particles for estimating the size distribution of imegular shaped particles.
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Jakeman and Anderssen (1975b) concluded that their methods for numerically evaluating the size distribution
of near spherical particles using the random sphere appreximation was highly reliable. However noting that in
general

(3) The inversion process to derive size from scctional measurements is fundamentally ambiguous,
(Phillips, 1962), (Twomey, 1577),

(2)  The chord-length distributions p(L) measured in this research are very noisy, because the image pro-
cessing methods used to derive the adge pattems and measure p(L) are errer prone, chapters 4 and b3

{3) The analytical solutions derived in the literature for stereological problems are generally based on the
intersection of spherical or regularly shaped particles and not randomly shaped particles, Jakeman and
Anderssen (1975b), Weibel (1980},

(4) A large number of observational data readings are requited for numerical accuracy which may not be
practically realizable, Jakeman and Anderssen (1975b). See figure 6.7,

{5) Solutions were dnly tested on simulated data, Jakeman and Anderssen (1975b) and that

(6) Jaxeman and Anderssen (1975b) suggest that linear probes be avoided,

implies that approximating the derivation of the size distribution of arbitrary shaped particles with these ana-
Iytical solutions based on spheres is at least questionﬁksle if not erroneous. DeHoff and Rhines (1961) came to
the same counclusion when commenting on treating elongated or flattened particles as spheres. The ermors in
using such analytical solutions for this conveyor belt rocksize probiem are compounded by the fact that the
derivation of the chord-length intercept distributions of the ypcks is biased because of the violation of stereo-
logical rules (chapters 4 aad 5) in the pursuit of a speedy and practical method to measure the size disiribution

of rocks online,

Inspection of solutions to the inversion Lrocess, equations {7.7] and [7.9], show that they all involve tome
differentiation of the input measurement function g(x) followed (with the exception of linear interceptions) by
sbme product integration, Jakeman and Anderssen (19752). Differentiation of any function which is degraded
by experimental error and noise will result in the amplification of the neise components. As has been discussed
previousty, the chord-length interceps density measuremeints p(L) on the rockstream £ are derived in shaky
circumstances with many erors being introduced because of the many assumptions and simplifications made
in the image processing, therefore differentiation of p{L) generally is not accepiable for numerical processing.
This can be seen in figure 7.1(b) which shows the first derivatives g, of two filtered chord-length distribution;‘.
where g/ =(g.,— 8./ 2480, g =gk AL) and AL =1 , derived from conveyor belt tests. (All the
disribustions in figure 7.1 are raw chord-length distribution measurements which have not yet been converted
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io a densiiy diswibution, see section 7.2.2 equation {7.11).) Figure 7.1(a) shows the result of filtering 2 raw
chord-length distribution measurement obtained from conveyor belt tests, Alhough not shown, without filier-
ing, the first derivative of the measured chord-length distsibution is absolute noise and therefore meaningless.
Thus although equation {7.9] implies that {;‘- g(L) =< f(D) these curves of g"(L) are generally noisy and do not
exhibit any behaviour from which size information can be gleaned easily. Only the differertation of a (itted
function produces a less noisy result. However discriminating between different fitted chord-length

distributions is very ambiguous, because the variadons in the data sesult in too much uncertainty and varaticn

" in the characteristic coefficients of the fitted function to be of any use.
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(a) Chord fength L, (pixels) (o) Chord length L., {pixets)
Figuee 7.1: {a) Example of a raw chord-length distribution g,(L;) which has been filtered. Two moving

average filters of length 3 and 5 were applied to the distribution sequentiaily. (b) Result of
numerical differentiation of two different filtered distributions.

Attempts to implement, for example, equation 7.9, showed that the above analytical methods are generally
unsuited for this application with no guarantee of a working or reliable sofution, Therefore for the above rea-
sons, combined with the large programming effort and numerical analysis required, led te the decision to
discard the use of analyticdd solutions methods in favonr of alteiaative methods which are described in the next

subsections,

7.22 Linear Inversion Methods

With linear inversion methods the basic working equation [7.1] is solved directly with numerical methods
instead of deriving explicit analytical sofutions which are then evaluated numerically, as discussed in section

7.2.%. The inversion or deconvolution of equation {7.1] could be thought of as simply being
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fP)Y=2 [pL} 7.10

where the chord-length distribution measured g(L) and required size distribution f(D) are deasity distributions

where

L) .
p)=—2E g =L 11

for continuous and discrete distributions respectively. Tn a real measure. ent system p(L) and AD) are sampled
signals which are represented by one dimensional vectors in equation {7.12} below.

p(L)=p(Lk>=[L1,£q_..aL*...LM]T k=1.n
where : 712
f(D)‘:f(D!}:[Dl,DQ---D‘...DR]T 1=1..n .

The chord-length distributions arc measured at AL intervals to give m L, samples, and the size distribution is
meagared at AD niervals to give n D, intervals. It is assumed {3 this work that the AL; and AD; intervais are

-uf equal although they need not be 5o,

If the transformation from size to chord & is assumad to be linear, then using (7.12] in equation (7.10] gives
the relation
p(L) A{L,DD) 7.13

1 1
A |7

1§

where

mxl X ”xn nx3

and where A(L,D) is a m Xn transformation (kernel)} matrix that relates the chiord-lengths measured on rocks
to their size distributicn. The kernel A(L,D) can be derived in the following way. Let a unit rock-size dis-
tribution f; be defined as a rocksize distribution only having rocks of a single narow size class D; =AD +§, Let
a unigue chord-length distribution p,(Z;) be measurad from each unit rock-size density distribution £, If the
total rock size distribution under investigation consisls of n size classes, then let n p(L;) chord length dis-
tributions comresponding to the n size classes be measured. These n unigue rocksize distributions are given in

equation [7.14].
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* Zach of the . rocksize distributions now gives a corresponding and umque chord-length distribution with a one

$0 ohe mapping as given in [7,16].

L= h
S22 ps

£,

7.16

The unique chord-length distributions measured after conversion 12 a deasity distribution with equation {7,113,

are given below in equation [7.17],

L) =

(L]
I
Ly

Llu_.

p(l)=

L

piEy=

L]
Ly
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If it is assumed that m =n .Lhen we get P=AF. But becguse F is the identity matrix, have P
The assﬁi‘@ptiun that m = » can be realized if the chord-leﬁgxh measurement vector is reduced from m =200 ™
tom=n =S The need lo compress the measurement from 2060 1o 5 elements exists ﬁzacausa"lhe output
measuremer&‘ was limited to n=5 size classes becauss of the limited availabitiiy of meshes for sieving. In
ads.;,.'ion the total size range that can reliably be resolved within a inriage window of 200 by 200 pixels was

fixed at approximately 6:1 for the camera setup used in the expcnmnts This limits the size range of interest

1o tite interval of aoproxtmmely 10-70 mm.

In this work the chord«lcnglh density function p{7,) is compressed from an acvay of £ =200 elements to £” =

elemeris *'_; dividi' * p{&,) into five divisions and averagihg the eloments in each division lo give p(L,) ie
p(u)=*- Z p(Lk) whm Ny is the number of clements in the k"th division, The choice of boundaries
between whrch the clemems of p(L,) are summed namell 7, 0, a+b, ate chosen according to a criterion deter-
mired in a fairly ad-hoc manner, this being thay the sizz of the divisions increase toparithinicaily or geometri-

cally ir sympathy with the size of the sieve class divisions, see figure 7.2 and table 6.1.
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Figure 7.2; Mapping a 200 element lmear aaray p{Ly) to either a § element log or linear array p{iy).

‘The image size declt with is 200 by 200 pixels. Thus the maximien chond-lengih \hat can be:measured ix 200 pixele long.

7.1
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Assuming that the measurement mairix is reduced so that the kemel is a square matrix, thea the solution to the
inversion or deconvolution problem now becomes a problem of deriving A(L, D) using the methods shown in
equation [7,14] o [7.18] and then inverting A(L,D) to give A™ so that we may solve for the size distribution
as given in equation (7.15]

f = A'p 7.19

The problem with solving equation [7.19} is that due to experimental error in the measurements p and the
inexact characteristics of the kernel A, squation [7.19] although valid, leads to erroncous ~nd unrealistic esti-
mates of F {Lin et al, 1987). These unsatisfactory resuits are mainly due to the relative instability of the kernel
A which is faitly ill-conditioned although not singula:. For example thy condition number of a typical kemel
matrix derived from conveyor bult tesis and shown below [7.20} is :caﬁd(A;:334 which indicates that (ke
system is sensitive to fluctuations in the measurement vecior p(Z,). In addition a few of the eigenvalucs [7.21)
arc complex indicating some oscillatory characteristic to the system. In general the ratio of the largest to
smallest eigenvalue for mosi kemnels reasared ranged from 30 10 > i(* which also implies some instability
with regard to obtainiug a solution, The main conécquen.ce is ihat small changes or errors iﬁ the measurement

can give rise to large and oscillatory changes in the solutior which i3 unesirable,

FG.54 0,93 1.00 0,93 0.8
1,60 1.00 0.8 1.00 1.00
Apicw = {038 040 048 0.5 0.96 7.20
0.12 0.18 0.24 0.26 0.30
0.03 0.03 0,01 0,02 0.0t
The eigznvalies A of the kemel in {7.20) is
+ 2.4376 'I
- 0.2372
A=l + 00706 1.21
' + 00095 + 00520 i
+ 00095 -~ Q0520 §
and inverse of AW is given below
~-2.526 3151 -0874 0049  -1534
4821 ~3135 3518 -15848 136539 i
Aja=| 1124 2824 L0601 -6974 -73818 7.22
~4612 -1088 ~5267 31737 59.087
~0695 3604 -0103 79404

1.215
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Figure 7.3 shows five output sicve size distributions f,(D) resulting from inputting five chord-length distribu-

tions to a linear inversicn systam [7.12) nsing the kemel matrix given above, Note that these five individual
chord length distributions were part of e SQ dis'bations of -50+33mm averaged together to obtain the
kernel. The results are useless and have a osnillﬁu-i' 4 nature, The sensitivity of the direct inversion process s
shown in figure 7.4 where adding a small pecturbation (1% in each class to a perfect chord distribution results
in erzors in size distribution calculated £,(D) .

A possible cause for the unsatisfactory behaviour of these inversion methods could also be attributed to the
method of compression used o reduce the measured chord distribution vector p(L,) , The mapping scheme as
show;_a in figure 72 is obviousty not the optimum procedure and a more complex mapping of p(L,) - p{l)
may be required.

It is thus suggested that the unsatisfactory behaviour of the inversion processes could be improved by

1. Deriving a better mapping scheme,

2, Increasing the number of sieves # so that more rock size classes are available, and by

3. Using an alternative numerical methods which do not reguire a size reduction of the chord measurement
viotor

An alterpanss numerical metiod is to use 'Ieaszwse;uared methods where (p-Af)® is minimized. The method

requires minimizing the squared errcr objective function (Twomey, 1977}
e = min{p-Af)’ (p-Af) 7.23

by adjusiing some prrameters associated with a functional form for f specified a-priori, According to Lin et al

{195} both direct-inversion and least-squared methods are limited and do not provide a satisfactory means for
solving for /. According 1o Twomey (1977), moving o least-squared methoids will stot have any advaniage
over direts inversion as far as betwwr stability is concerned, This leaves a third set of methods 1o be used namely
constrained lincar irversion, | | | '

The negative distributions derived in figures 7.3 and 7.4 are meaningless, and demonstrate the Hinitations of
direct linear inversion for estimating Seve size distibution. (Appendix D presents 2 working example whereby

direct linear inversion is used to estimate sicve size ¢stimation from a compressed chord-length distribution.)
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Figure 7.3: Results of using direct linear inversion 10 solve for the size distribution given a measuared
chord-length distribution of size ~38+25mm, The dark histogram is the ideal response from
the inversion process, while the other histograms arc the responses of lincar inversion
five indiv. lual chord-fength distributions measured frora conveyos-belt scenes.
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Figure 7.4: Resulis of adding different combinations of small errors (<1%) or perturbations to the

" chord-length  diswibution which gives the ideal response, showing the nndesirable
sensitivity of direct linear inversion methods.

233

A e e i S Y



Chapter 7 : CONVERTING CHORG-LENGTH DISTRIBUTIONS TO SIZE

7123 Constrained Huear {nversion

Constrained linear inversion is an alternative to the direct inversion techniques discussed in 7.2.2, and is dis-
cussed in detail by Twomey (1977) chapter 6.3, and is the method used successfelly by Herbss et al (1987)
solve a similar particle-size inversion problem on microscopic particles. In general microscopic pasticle-sizing
problems are differcnt to the conveyor bel_{ parti¢le-sizing problem because particle fa'enuﬁcatio}a in
microscopy problems appear 1o be easier to solve than the rock identification problems from rockstreams. Lin
et al (1987), Yu and Gentry (1987), and Kawakami et al (1988) are other rescarchers who have also

investigated constrained linear inversion techniques for estimating patticle size distributions.

The constrained linear inversion method attempts to minimize the set of pousible solutions (D) to the integml
equation [7.1] by imposing additional but arbitrary condiions or criteria on the nature of the solution. It pro-
vides a control with waich the kemel matrix to be inverted is anificially modified to become less
ill-conditioned thus providing for stable inversion, In constrained linear inversion a criterion is imposed that the
solution f(D) be as smooth as possible. Consequentily a smoothness factor on the size function /(D) . (20
is defined which equals o= if the solution f(D) is completety smooth, The smoothness factor g(f) for the size
vector f(D) can be evaluated in many ways, for example the sum of the squares of the first differences of £(D)
ie g(f) = T(f. ., — )" where for clatity ;= f(D).

The smodthness factor g(f) is incorporated into the least squares approximation procedure where the objective
is to minimize | Af;- p [*-+ (8 where yis a parameter which vaiies from 0 t0 o=, With v small we revert back
10 the least squarcs method where the soluions tead to be oscillatpry, As vy increases the condition of smooth-
ness is imposed on £ whichi tends (0 tune out the oscillations. Increising v effectively enlarges the eigenvalucs

of the matrix modified kernel matrix A (o be inverted,

A common messurement of smoothness is the first or second derivative or quadratic of F which is given by K

where K is defined for the first and second derivative in equation 17.24] rospectively,

"0 0 : r1 =1 !
1 -1 O -1 2 1
1 =1 -1 2 1
K, = 1 “} or K, = 201 7.4
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] 1 -1 | -1 1]
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'The constrained linear inversion problem evolves to minimizing /7 Hf where H=KK, subject to the constraint

that { Af~p jce? where ¢ is usually the error associated with the error in the measurement p(L) (Twomey,
1977). The constrained linear inversinn problem is ultimatcly reduced to estimating f=j(D,) with the

following 2quation

f=(ATA + yD7a7p 7.25

waere 77 the estimate( rock size distribution. The procedure eniails ite: » dvely selecting values of ¥ to mini-

1}
v

,"'l
mize the residual j AT _}P | which should be ¢omparable to the overall experimental emor in the chord-lengths

measured p(L) .

The above strategy was appiied to the chord-length distribution duta measured on the pilot plant covvevor belt
system. The kernel matrix A was derived by measuring chord-length distributions from narrow rock-sine dis-
tributions and subsequently reduced to a 5x 5 keinel array, This kernel was then used in an iterative program
which cstimated f(D) using [7.25] and by adaptively changing v to fulfil the requirement with regacd to the
residual, The results of some tests are shown in figuees 7.5 and 7.6 which are mixed as far as accuracy, relfa-
bitity and stability is concemed. In summary it can be concluded that even constrained linear inversion is nat

totally suitable for extracting size on-line for process-control purposes.
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Rocksize classes () Rocksize classes (D}
Figure 7.5 Results of using constr:ined linear inversion. The solid histogram is the idea! disixibution,

The other histograms are the resulis of applying measured ¢ iwrd-lengths diswibutions from
rockstreams of size range (g) -19+13mm and (b) -25+19ma.
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Figure 7.6 Results of using constrained lincar inversion, The solid histogram is the ideal distribution.
The other histograms are the results of applying measured cliord-lengths distributions from
rockstreams of size range () an equal mixture by mass of -25+33mm and -50+75mm, and
(b) only -50+38mm,

7.2.4 King’s solution

King (1982) derives an analyiical solution to the basic working equation [7.1] which does aot assume a kernel
of a certain shape and which reduces to inuch simpler form than the solutions given in section 7.2.1 above, In
this solution part of the keme! p(L [ D) which is depandent on rock shape, is assumad to be constant for all D
and King states that his method is suited ¢o the rocks found in milling applications. The solution derived by
King is given below in equation [7.26)

P M) M*!

F(M"=) BT (M)-CM,B) 7.26

where p{M) is the density funciion of the measured data, which for this a, pucation is the chord length density

p(L) distibution which is derived from the measurement g(L) as shown in equation {7.11]. § is a parameter
used 1o aid in the solution of [7.26] and C(M, B} is a correction ferm defined in equation {7.29]. P(M) and
are defined in equations {7,271 and {7.28] respectively. The full denvation is given in King (1982).
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M
P M)= f(M VpMYdM’ 7.27
1]
i, = f Mp(M)aM 7.28
0. ’
CM,B) = f {P‘,P(M ;D)—MM pM ]D)}ﬁg;zdb 7.29
ri ]3 MD

King (1982) comments that the correction term C{M, B} {7.29] is inconveniendy dependent ont the unknown
gize distribution f(D), ag well as the kernel p(M | D) which is dependent or the shape of the rocks. Thus this
solution (7.26), is not totally solved because the sclution is not independent of f(D). Nevertheless the solution
given in equation [7.26} is ver: useful because it can be evaluated quite easily from the measurements p(M)

with the exception of C(M B)

When simple particles such as spheres are considered the solution [7.26] reduces to equation [7.30] because
C(M,P)=0 . For linear intercepts o= 1, and v=i/j =1 because i = [ for an {UR linc probe and ke dimension
of the measured variable #f is f=1 which gives équatiou {7.31]. The solution given in equation {7.31] for
spheres is also derived earlier by King (1978) to vindicaic the original eqnation derived by Cahn and Fullman
{1956} which was challenged by Sahu (1976).

20N M
F{M) = TR pM) 730

- PL) L?
= F(D) =—-i£—‘-2—-§!:;p(£.) 7.31

In this rescarch the correction term C{L,B) was assumed to be zero, thus the solution given in {7.31) is used

with the chord-length distribation data mezsured to derive the sieve size distribution f(D) ,

Practical problems in svalvating p(L | D) as well as the numerical problems and unceriainty associated wia
evaluating C(L, P) led to the decision ip Iet C{34, ) =0, C(L,B) depends on p(L | £2) which is depsndant on the
sﬁape of the rocks as well as the actual size distribution f(D} to be determined. Although methods ars avaiiablé
to predict F(D) and to solve for C(M,B) (King, 1982), further motivation for letting C(M4,8)=0 is given
elow.
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#{L | D) cannot be reuably determi~erd frm conveyor belt imagas because firstly, the shape of the rocks vary

with time changing the functional form of p(L | D), and secondly the edge patterns from which the chords are
measuwed are not representative of the true rock geometry and size because of inaccurate segmeritation

{chapters 4 and 5), which accentuates the errors in the measurement g(L).

The problems giver above for ¢valuating pil | D) from dynamic images lead to the argument that static dat~
of separated rocks in & monotayer should rather be used. However the images of 1", rockstream captured from
the conveyor helt are anique cnd distinctive from the static images of separated rock piles, which implies that
the kernel p(L | D) should be derived from conveyor belt images ard not static images, Furthermore inspection
of the kernels derived from static and dyuar..ic images show that they are sufficiendy different from each other
in functional form 10 result in senseless estimations of /(D) if p(L | D) derived from siatic images is used with

chord-length measurement from the conveyor belt.

The derivation of p(M | D) for dynamic and static images requires manuat sieving and its associated problems,

In particular not cnough chord samples can be gathered from static images because of the manual labour and
time required, which results in the measurements of p{M | D) being too noisy for unambigucus modelling, In
addition p(M | P) measured with either static or dynamic images is #ot measured with a sutly true IUR linear
probe providing additional sources or bias to the measurement, which perhaps invalidates the whole foundation
upon which equation {7.26] is based, Eqnation {7.31] is certainly invalid because the rock shapes are not
spherical,

Figure 7.7 shows the chord-length distributions before the application of King's method. Figure 7.8 shows the
results of applying King’s solution {7317 a modified form of {7.26] which are still surprisingly meaningful
despite the fact that C(M,[) is assumed to be zero, and the solution used [7.31] is based on spheres. The
application of King's method exhibits undesirable oscillations at the lower size range, which casts suspicion on
the spike at the shorter chord-lengths of the chord length diswributions, The effect of artificially removing the
spike is shown in figure 7.9. Note that although Xing's method produces very useful resuits, it is still a
complex solution requiring iteration because varying B influer s the shape and values of the results «..zined
of which all values should ali be positive.

Appendix € gives a sample calculation of calculating 7(D) from the measuresd chord-length distribution g(L)

using the simplified version of King’s solution.
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7.3 MOMENT METHODS

Examination of the results of using the techniques derived in subsection 7.2 for deconvoiving the basic
working equation, shows that there is definitely merit in the use of these techniques. However the large vari-
ances in the measurement data together with the fundamenta] ambiguities and difficulties of the inversion
methods and the uncertainties with ihe calcnlated size disiributions as discussed abuve has led to the kypothesis
that perhaps some other transformation could be used to extract information from the chord-length distributions

which

a) does not necessarily relzte directly to an equivaient size distribution such as sieve size and which,

b)  is simpler to L. plement, an important consideration as . a5 reat time implementation is concemed

In this chapt.+ a number of new ransformatizas are described which "release” meaningful size data imherent
in the cho riibation p(L), without resorting to forcing the p(L) to ook like sieve size data. Thase new
transformations were initially developed intuitively after inspection of the results of the inversion methods and
an in depth literature survey, Althongh these tansformations have been derived according to 2 difter nt phii-
osophy to ihe linear inversion methods discussed above, they nevertheless contain elements remarkably similar
to the formulae and relationships developed formally in the literature with regard to size estimaticn from linear
intercepts, In it original philosophy, the objective was to derive sieve size distribution, After taking into
account the inhe. 2nt ambiguity of the image processiag as well as inversion processes, the new goal is less
ambitious and is to derive auy size information. In retrocpect 10 this research it is the opinion of the author that
the principle of viewing sieve size as the only valid rocksize nlleasurcmcm, is & narrow conccpmalizatién of the
whole size problem. However sieve size measwrements cannot be written off, because in the absence of alter-

native metheds for evaluating rocksize, it is only sieve size which can be used to ~rerify ibis new approach.

7.3.1 Cumulative Chord-length Distributions

The apr«vach adopted here staris from a visual comparison of the chord length distributions for different size
distributions, Consider the two chord-lengthk distributions shown in figure 7.10, It is observed that these
chord-length distributions are noisy and very similar in shape with litte to distinguish between them. However
the integral of p(L) or the cumulative chord-iength distribution provesto ¥».a useful transformation which does
begin to revial the differences between these two distributions irrespective of the fact that noise is accumulated
with the integration process These integralé are evaluated according to equations {7.32) and [7.33] for con-
tinuous and discrete chord-length distributions respectively.
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Figare 7.10: Two typical chord-length disributions measurements g{L)obtained from conveyor-belt

rockstreams. {Adjacent probes used.)

Figure 7.11 belo'v shows the resuit of this transformation appiied to a number of chord-length dictributions

measured from.'ilmages of rocks of different size distributions. The integrativn separates the curves and rclects
the relative proportion of larger chords present in the irage, which in tumn is indicative of the proportiois vl the
lazger rocks and their relative differences. Before integration the raw chord-length disiributions are transformed

10 a density function p(L) by equatien 7,11, The transformation to dersities removes the effect of over- or

f_? undersampling of chord lengths wkich is a function of rocksize, so that the only factor that is considered wlien
differem distributions are compared, are the relative number of ::hord-lengthq for each distribution, ie the

{i .;,non shape. This ensures that the undesirable effects of sampling zm? mmmnsed. The results from this

mtcgrauon are remarkably similar to those determined experimentally by l\dng (1979} on pyrite samples in a
different application. This verifies that size distribution knowledge is being exiracted by the measurement

system despite the problems of moving scenes and occlusior etc.
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Figure 7.12 shows cumulative chided<ength dismribitions resulting from static tests condected on different size

distributions of granite obiained with the joining algorithm. The size distribution were synthesized accosting i |
the Rosin-Raramler distribution function given it eguation [7.33] where # and b are chavacteristic coefficients
and n was varied, Wigeson (1987), Popplewell ct al (1988), '
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Figure 7.12: Camulative chord-length distributions P(L) measured from static images of granite rock- :
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73.2 Weighting the Cuord-length distributtons.

£xamination of most of the chord-length density functions p,(f,) measured (figures 6.16 and 7.7), show that

they have a similar shape: a nasrow peak near the orgin with the distribution decaying exponentially towards
the longer chord-lengths. The shape of the chord-length distribution g (2} is a result of the relatively large

number of stiort chord-lengths L, and the small number of long chord-leagths L, measured.

Superficially there appears to be very litle difference between the various distributions p(£,) calculated from

different rocksize distibutions f(D,). However chord-length distributions resulting from the farger rocks
exhibit tiny sndulations in the vicinity of the larger chords L,,,, which at a first couid be autributed te noise,
experimental and sampling erors. However results obtained from calculating the cumalative distributions in
section 7.3.1 obove, stow that there are differences between the various distributions p(L,) °s which
integration accumulates and reveals by "pushing” the various chord-lengih diswibutions p{L,) apart. 1t was thes
postulated that in order to reveal (he slightest differences between distributions it is necessary to amplify these
periurbations in p{L,) with some increasing function that compensates for the decaying nature of pi(L,) . A
linear weighting function a(L.)=<L was chosen, which weights the chord-lesigth distribution p{L,) to give p;{L,)

were

Ps‘(Lk) =Ly pidy) '7.35

Examples of these amplified chord-length distributions p(Lg) may be seen in figures 7.13 where the

differences between similar chord-length distributioiss are revealed more clearly in the tail. The results shown
in figure 7.13 justfy this weighting procedure and conlinm that the smadl pertwrbations in the tail of the
chord-length distribution are vital for differentiating between the vadious p,(L,) . In contrast, the distribation
function in the vicinity of the shorter chords L, does pot appear to contain much information or features for
indicating differences between the proportion of sinaller rocks in different distributions, A disadvaniage to this
magnification is that the amplified distributions p;{L,) are far more noisy, When edge pattems of large rocks
aro sampled, small numbers of long chord-Iengths L, are measured. This small finite sampling results in a
number of chord class bins being empty or near ermpty bins being adjacent to relatively full bins, which with
the linear weighting operation resuits in unnatural discontingities in p;'(L,) . These d. ontinvities distort the
size differences perceived by the viewer when coriaring duferent chord-length diswibutions. This problem
again emphasizes the need for sampling as many rocks per image and images as possible so that many chords

are measured to produce a continuous distribution, A solution to this sampling prabletr is the use of adjacent
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probes {1 pixel apart) which samples u rock a number of times roughly in proportion 1o its size. Adjacent
sampling infringes upon the accepied stercologica! rule of not sampling an object more than once (Weibel,
1980) and: biases the distribution by increasing the number of shorter chords.

Tn the ligat of the success of the above linear enhancement functi~n in revealing differences vo.ween chosd-

length distsitutions which retfate to sieve size, a more general weighting function a(L,) is defined

ally) =13 7.36
= Pai =Ly pills) _ 7.37

where o is sorae factor, w2 0. Examples of weighted chord-fength distributions p_ (L) with x=1,2,3 fcr the

same size distribution are shown in figuve 7.14. What is swrpriging is that the amplified disiributions ps.,,;
appear belt shaped or \E{ééucly'similw 1o ihe wormal or log-normal functions which arqi-"'foften assumed ibr par-
ticle size disiributions. Fqure 7.15 shows weighted distributions p,..,; for differont size distibutions £{0). It
is imsportant to note that ;iéach amplified chord-length d!§&ibaﬁcm Poi{Le) has been normalized wizfors heing:

placed side by side for comparison. This cffectively nuilifies the eifect of sampling as discusscd peviously,

Figure 7.16 shows further tesis carried out on the éonvcyor belts where the weighting method developed was
used 10 try and delermine quantitatively the rejative prdbbﬁion or large rocks to smatl rocks, Ins this experirient
small rocks in the size ranye -13.5+9.7mm were inicially ioaded on the conveyor beit. Thereafter large rocks "
(~75+50mm} were progressively added (mixed) in batches to the small rocks circplating on the conve J‘I_or-bc!t
system and chord-length measurements made on the processed images captured from: these mixed rocfcstreams.

The amount of rocks of both sizes were measured quantitatively in terms of their mass.
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Figure '7.16: Amplified chord-length distributions p;., (L) measured from conveyor belt tests with
varying quantities of large rock {(-75+50mm) being added to the rockstream,
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?’.3.3 Comparison of King’s method with Cumulative and Weighted Methods

‘Comparison of the ad-hoc approach of cumuladive and weighted iransformations with the solution derived by

King {1982) equation [7.22] shows some interesting similarities.

Firsily King detives F{D =P (L} . A similar relationship is derived in this work where (L) is assumed heu-

ristically to be related to F(D) as developed in subsecticn 7.3.1. Secandly in section 7.3.2 the wcighled dis-
tribution L*p(L) was found to be vemarkably similar to D) , The second term to King’s solution contains
C O FDYe-Lp(L} .

Alihough these similarities exist, they are not egeivalent and cannot be used as a proof for, and against, the
validity of these methods without much further investigatidn. What can be deduced in retrospect from this
comparison is that botk P(L) acd L p(L)-are important componenis W the sorivation of size measurements

from the chord-iength distributions of rockstreams.

734 Mawments of Chord-length Distributions

Both the results of weighting (section 7.3.2) and development of methods to derive /(D) explicity (section 7.2)
indicates shat there are fﬁndamcmal but comple;vlc reiationshipé between the rock-size distributions f(b) and the
chord-length distributions p(L} as measured from the conveyor belts, The complexity of these rcla:im-ships
Logether with the general faijure of lincar mel.hods {0 solve for f(D) as well as the difficgity in interpreting the
results of the cumulative and weighted methods, pmvldes an incentive lo develop methods for estimating
paramerers rc!aung to the size dxsmbunon, rather than the fil dzsmbuaon, which. effectively summarizes the
data which generally contains too much information anyway. These parameters could for axample. be average
rockswe D and the standard devigtion o(D) of the distribution. In this sub-section relationships between the
_ moments of the chord-length distribution p(L} and.parameters or moments of the size distributions S are
| derived, mtber than relationships betwesn the full distributions. The n’th moments of the rocksize S(D) and
chord-langth distribmion g{L) are defined vespectively to be

q

h
=B s j D*f(D YD 7.38
. - -
L AL fL g (L)L 739
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where 7 e Z and i) and D™ are two different notations used in the literature, Conceptually the moments uf the

chord-length distribution pf can also be considered to be summarizing parameters of the amplified chord-fength
distribution decived in 7.3.2. At first it appears that in calculating these morments, information is being lost
because the estimation of the distribution itself is being abandoned. Generally sp~~¥ing this is not true, because
moments uniguely describe any well behaved distribution, and Hiilard (1968) comments that in practice the
first few montents of a distribution will suffice in describing it. This is compatible with the statement in chapter
1 that the average and siandard deviation of a size distribution are usually sufficient for many applications. In
patticular the average D of f(D) fi%yujrely the first moment of uf, , and the standard deviation is the square root
" of the second momient about the avérage ie

D :zp}, _ 7.40

o) =\[@2)- )’ 741

Gundersen (1980) states ﬁ:at conirary to expectation, the reduction in information from 3-D structures to 2-D
sections bﬁﬁ'gs about only & minor increase in the statistical uncertainty of the central moments of most fun-
damental structural characteristics of body thus prgviding anothier incentive to use these moments, The use of
moments is further justified because for mill control purposes, moments or statistical parameters are perhaps
more likely to bjeLugilized than the fall distributions themselves, The main advantage of moments of f(D) is that
they can derivex‘l‘ Be‘rect!y from the moments of the propesty measured on sections whick in this case are the
. chord-length diswributions, The morient relationships beiween £(D) and p(L) have been derived and discussed
by suthors such as Hillard (1968), Barbery (1974} and King (1984). The basic relationships are derived by
irgegrating [7.1] and making use of [7.38] and [2.39] 10 give '

2

T _
Uy =k Mil:: 7.42
@ ] pi
= by 743
bo =k

Ne
whete &, and &; are factors dependeni on the shape of the particles, ie p(L | D) . For spheres a genéric moment

relationship is derived (King, 1984) and reproduced in -eq“aﬁon {7441,

u}',“=-—-——~”;2 7.4

FI&
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The first three moments i} of the chord-lengga distributions were calculated according to equation {7.39] from

chord-length distributions taken from different tests carried out on the conveyor belt. The first two moments of
the size distributions were then calculated according to 742 and 7.43. Unfortunately no useful information
couli be derived as can be seen in figure 7.17 below, This is pussibly a result of using a model derived for
sphieres ir. s homogeneouns and sparse distribution which should not be used for overlapping piled irregular

rocks,
R4
=
1.8%
|
@ 1.6 el i
% 1,55 —_— p '/ L —
[+
g 1.6 - / / .
E 146 - e -
g = M,
w 1.4 -l ~----n-§' " -
3 .
1.35
1.2
125 =
[ 1 2 q 4
" Width of rocksize ¢lass
Figure 7,17: Plot of the calculated width of the size distributions ofD) versus the true width of a few
size classes according to table 6.1, calculated by the refationship {7.433. Note that the dis-
tributions of each size class was assumed to uniform, and was normalized by the average
size of each class. '
735 A New Moment Relationship

Despite the unsatisfactory results with the moments as shown in sebsection 7.3.4 above, when the first moment
#;, is plotted against the geometric average recksize D, a curve of the form shown in figuze 7.18 is revealed.
‘This curve shows an almost linear relationship between the average of the first moments of the chord length
distribution, and the average (geometrical) sieve size of the rocks being measured. This relatonship is
surpdsing becaase it does not comply with established moment relationships [7.42) and [7.43] above. The
sverage rocksize B, was calculated with equation [7.431,

widn l"-.-'\b-:.;"..'.'rr-'.-ﬁ':n-l.'&';“'i"’.'i”i" G a2 i E:I s o s ai'-.-i_'_.:'_‘:!: TR et R . o
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B, =D Dig. a 745

where D; . and .D; , 8re the minimum and maximum size of roclcs for the i'th class, and the rocksizz dis-

tibution for a given class of rocks between D, and D, is assumed 0 be uniforni.

The relationship between jt, and D, is fairly linear except for the upward trend at the shorter chord-length, This

upward ueﬁd is attributed to pixel resotution provlems where the smaller rocks tend to have the same texture
 as a larger rock. Further experimentation has shown the (empiricai) linear relationship [7.46] for the curve in
figure 7.18 where 1, (0) and & are constants, to be generally true for averaged chovd-length distributions.

. D, =k i, + 1,0 7.46
Relationship {7.46] cannot be exb!mned in y/rms of present theory as found in the literatore; however it (oes
seem logical that the average chord lengfh measured of all the rocks should be proportional to the average sieve
size., This relationship has been found on gverage to be highly repeatable fur both quartzite and granite rock,
as well as the numernus variations of image proccssing'ss.féaegics developed tw -fiapters 4 and 5. Based on this

experiiﬁeriﬂ;ﬂ evidence, this empirical relationship [7.46] is assumed to be valid.”

The average first moment for each rock size distribution is calculated by averagi'r'.g N first snoments

measured on N jmages captured {rom circuiating rockstream Q; with size distribution f; according to equation
17471 :

f_ﬁfgxu"f-‘

| 747
Figure 7.19(a) shows the result of tests taken over a period of time in order to test repeatability, lt can be szen
~ that the measurements of Mg, for each rackstream €, remams fairly constant with a certdin amount of
variations o(; ;) superimposed. The variations ane attributed mamly 1o surges in the rockstreamn which reveals
parts of the conveyor belt it the camera, and which can be consttued as noise, Figure 7.19(b} shows the same
dats as in figure 7.19(a) except that the data has been smoothi < by 2 3 elemerit moving window, Figure 7.20
shews how the standard deviation oy, ) of the averaged first moments Jt;, increase with the increase in the
average rocksize. This increase in the standard deviation is atteibuted to the lower number of chords sampled
- in scenes of larger rocks,

Sample calcnlations of calcuating weighted chord-Iengrh distributiony and moments are given in appenqhx B.
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Figure 7.21 shows the aveioge first moments calculated from the mass experiment deseribed in subsection

7.3.2. In this graph the first moment appears (0 vary almost lincarly with the mass of large rock added to the
belt.
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Figure 7,21: Plais of the average first moment of chord-length diswibution p, . measured for each

rockstreant versu$ the wass of large rock (-38+25mnt) added to the belt already covered
with small toeks (+12.749.5mm).
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74 A NEW ROCKSIZE MEASUREMENT PHILOSOPHY

In the sections 7.2 and 7.3 chord-length distributions were tsansformed to give estimates or parameters of size
distributions of the rockstreams Q . In section 7.2, explicit analytical and linear methods for solving for f{D)
in terms of p(L) were tested and the inversion processes were shown to be difficult to resolve because of the

ambiguous natwre of the rocksize problem as well as the noisy measurement. For example King's method

* which is founded on sound steteciogical principles, generated negative numbers for part of the size distribu-

tions, which are physxca!ly meaningless™®. In szction 7.3 the cwnulative and wezgh.'ed chord-length

distributions or roment methods were proposed as altemative measurements. Althous ) these alternative
measurements were found to be linked to sieve size, these relationships were not of the form predicted in the

literature and which require a different interpretation.

The above wotk clearfy {lcmoﬁsuaws the fundamental difficully of estimating rocksize distribution, ta which
DeHoff (1982) comments that evidence is accumulating that stereological procedures for estimating certain
particle size distibutions am.statistically untiable, All the resalts from this research as well as the comments
in the literature, provides strong motivation for dc;;zloping and utitizing alternative methodologies for esti-
maﬁﬁg rocksize distribntion. One such methodology is quaniitarive serial sectioning DeHof€ (1982), which

unfortunately cannot be applied to this rocksize problem for abvious reasons.

In order to "free” the estimation of rocksize from the constraints or limitations that continuonsly seem o
disrapt its determination, a acw philosophy for rocksize or size measurement is propased, which is motivated

to a certain extent by the success of the moment mizthods in section 7.3. This philosophy is based upon the

following hypothesis which states that
"any mensured parameter which varies with any 1 wpcived size characteristic ot the rockstream Q can -
- be considered a valid indicator of the size or size distribution of the rocks in Q.
This hypathesis is based on twn criteria ;

1. Thathe parameter measured must relare’ss. a unique and useful manner to the size characteristics of the

rocks to which the user is referting in his particular applicatior. For example, the first moment of the

chord lengih distribution does relate fo average sieve size,

12 These negative values ars probably 2 result of i 13nmng thy comention Yerm of the spike near the oaigin in the cho:d fength
measuroment.
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2, The parameters measured must satisfy "Matheron's sizing criterion” which consisis of three axoms,

defined in terms of mathematice! morphology in section 7.5.1.

. Matheron’s criterion (7.5.1) implies that the extracted parameter daes not have to vary in proportion 1o
‘sitve size, but must behave in a certain manner, to which we added the requitemenls of repeatability

and reliability.

This hypothesis opens the door to other possible size measurement methodotogies that could be applied to the
measurement of moving rockstreams, For example, the cumulative uud ndﬁnalizeu chord-length distributions
P(L) do vary sccording to rocksize distibution f(D), However further invight and a emyplirical zpproach is
reguired to understand what is changing and what further parameter must be measured from P(L) in order to

satsfy the measurement requicement for a particular application. For example, reading off the siope of #(L) at

the origin m, =%_(-"—}! peo OF the percentage chord lengths at a certain size are some of the possibie parameters

whica may be derived from F(L) to help with .nill control. Figure 722 shows these possible extracted

Al

raeastienmenis.
i
4
Cumuiatlve frequency P iy g
. . -
B, 7
-/
” .
: ’ o/

-_r‘_{——/ " m‘

% st 2

: e it

size D / Chord jength, L (mm)

Figure 7.22: Extracting parameters such as slopes at the origin my,, m, of cumuiative percentage
passing p,, p, from the normelized cumulative frequency distribution of chord-lengths.

This heuristic approach to deriving measurements for a particular application does not ‘equire desp philos-
ophiziﬁi; but rather an experimental attitude. The nalure of ihe raw datz from which sive parameiers are
sntasured must be kept in mind, ie that the data dealt with is simply oaly the number distribution of .
chord-lengths measured from "projected” areas of the rocks found on the top of £, which is related to rock size
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in & complex manner, However as will be shown in the next section, the tools of mathematical morphology
provide a new methodology whereby new usefil sizing transformations are defined which can extract rocksize

distribution data that is meaningful and similar, yet at the same time different in concept, to sieve size.

75 MORPHOLOGICAL SIZE MEASUREMENTS

In the light of the hypothesis and the experimental and heusistic approach advocated in section 7.4, rocksize
measurement techniques can be extended further by considering morphological transformations of the rock
images, the outcome which is a function of the size and the skape of the rocks. If some measurement L o a
morphological transformation ¥ can be eifected which varies reliably and sensl  with changing rock size or
a required size parameter in accordsnce to the criteria given above, then we have the basis for some new

indicators of rocksize,

The folidamental concepts behind morphological sizing are not new, (Matheron, 1975), (Sewra, 1922), (Serra,
1988), (Maragos, 1989h), However the synthesis and application of these wansformations 1o this conveyor-belt

rocksize application can be regarded a new development.

The objective of this subsection is to introduce the idea 6f using mathematical morphology to extract some new
parameters related to tock size as a demonstration of the hypothesis given in section 7.4 above. It must also be
pointed out that most of these morphological procedures are very computationally intensive and take a long
time (30 seconds to 30 minutes for a single image) to tun to a 386 PC microcemputer, without any algorithimic
optimization and at pregent are not envisaged as part of (i rocksize instrument because of obvious realtime
constrainis, Obviously s;mcrall y dedicated or faster hardware as well as optimized software can result in such

algorithms being emplayed in an instrument in the future.

7.5.1 Defining a sizing Criterion

In order to use mathematical morpkology for sizs measurement, an unambiguous criterion for sizing must be
defined. This criterion is applicable to any other sizing methodology including the oues developed in section
7.3, Following on Matheron (1975}, Serra (1982) states (hat by definition & sizing criterion in morphology is
one which satisfies the three axioms of Matheron. In order to explain these three axioms in ierms of math-

cmatical morphology we barmow from Seyra (982 where he ascribes the Aeight of people as the criterion for
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size measarement. To classify people according to height means to define a set transformation yy,(X) where X
is the set of all people, and size is defined by the positive parameter A 20 . The set transformation could be for
example ¥, (X) = "the subset of people taller than 1.4m".

The three axioms that the set transformation (X} must satisfy are as follows, The transformation must be

I anti-extensive
YyEX)cX VA2 7.46
I increasing
YeX = y@acy) Vvizo 7.47
III  The stronger sieve is the most imporiant
Yy O = W0 = Yo o) VAL20 7.48

Axiom I implies, for example, that the set of alt people taller than 1.4m is smaller than the general set of
people. Axiom I implies that if the set of all males is taken {rom the main set, than the set of all males tailer
than 1.4 m is still a subset of the set of all people taller than 1.4m. Axiom III means that if we measure the
size of people taller than 1.4m and then {rom this sub group select people taller than 1.6m, this is the same as
selecting people taller than 1.6m which is the stronger sieve or condition. If {=A then yalyl =y, which
means that the sizing procedure is idempotent.

These concepts although simple, are extrernely powerful as they define the sizing process in an ynambiguous
and rigorous mﬁrmer. Looking back at the sizing methods developed in section 7.2 and 7.3 it can be seen that
the transformations developed in those subseciions are only true on average with respect 1o the above axioms,
The statistical and random nature of the whole measurement problem ensures that an individual measurement
could very well violate any one of those axioms. Thus a possible measme of the "goodness" of the sizing
transformations developed in this thesis conld be how well they conform to the uxioms, which is a measure of
the confidence in the measurement, The better the size tansformations coinply with the above axioms implies
that less data has to be avernged, which implies better dynaimic behaviour and a faster response time of the

System,

The foll sizing procedure consists of the ransformations y(X) followed by & measurement = u{y,(X)}

where J1 is an increasing positive function of A, In practice j1 is the Leshesgue measure or Minkowski measures
which are for example area and volume, see Serma (1982) chap. IV D,D1. In the next subsections
morphological transformation for sizing rockstreams will be developed which on average conform with the

above axioms,

W
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752 Sizing wsing Morphological OPENING

Let B be a compact connected subset in the continuoss plane RZ or the discrete (digital) plane Z° . If we let B

by convention have size gne then the finite set

AB=B®B®B..®8 7.51

where © is the dilation operation repeated A—1 times, defines a family of binary patterns generated by the
primitive structure B and parametized by the discrete size parameter A=0,1,2,.... . We now define the
muitiscale opening and closing of set X by a family of probes AB by equations {7.52} and {7.53] respectively.
Xy =XoA8 =(X 2A3)D A5 7.52
XM =XeAB =(X DAB)OM 7.53

Equation {7,52] can be implemented by combining {7.51] into [7.52} to perform the following sequential
operations

X@M={{X0B)©3...08}9B...0B 7.54

Consider as sn exampie the set of non-overlapping discs X; where X =w{X;} as shown in figure 7.23 . These
i

. discs range in size from radivs r =1 (o 7, =5 units. The size distribution these circles can be measured by
epening X with a set of struciuring elements AB of size . where A varies from ! 10 some mavimum value, The
. result of an opening with a single structuring element A will be Xy = XclB whers all the circles with radif less
* than A will disappear. Thus the set Xy, is the set of circles with size > A and X — Xy, is the set of all circles
with size <X . Performing thip operation with A==1...r,, results in 2 set of unnsformed subsets of
S = {Xp. X0 XX ps - - Xa_a} Whore "

Ng=y(&) and b
X = WX =, [40)
= X =Yoo Yh o WO 7.55

and where Xy o0 X DX o .. Xp o o Xy
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The generation of this family of sets § corresponds very well to the sieving process, where the shape of the

mesh can be conceptually linked to the shape of the probe B . The sieving process separates rocks according
to a series of fractions after which the fmc:ic':ns are weighed. In a similar way we require to generate the

morpholagical fractions

Wi =X5 - Xo1 ’ 7.56

for A=1..7,.1 » and ther to make a measurement 1 on each set W, . If the number of entities {connected and

. cloged sets) in each differsnce set W), are counted, or their amas calculated, then the size distrihutions of all the

circles may be measured, ie for a single size class £, we have

H= u{Wx} = Mes (W) 7.55

where Mes is one of the following measuwements A,L, N which are the areas, chord lengths or number of

elements calculated respectively. Formally the morphological size distribution f, may be writlen, Maragos
{1989b) as

HAB) = ;—i{Mex[XolBl} = -;—?-L{Mes[xm)]} | 7.56

Figure 7.24 shows the varicus subsess § = {..X;5....} generated fromi the circles given in ﬁgti:e 723, which

conceptually looks the same as the sieving operation.

Figure 7.23; Sample set of circles of size r =1...p...5
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This series of opening transformations wits applied to 2 number of rock images capiure  rom the conveyor belt
using the algorithm shown in figure 7.25. After extraction of the rock edge pattemns successive opening oper-
ations werc appiied to the edge patiemn E&_, and adiacent chord lengih measurements made on the images
containing the difference sets W, Figure 7.26 shows part of a sequence of opening transforms made on a
typical rock image with an elementary 3X3 cross probe. The first sioment of the chord leagth distributions
were then calcnfated for each difference set with a probe of size A to ngc 2 iy (A) and a function v, ,(A) which
is plotted against A. Figare 7.27 shows the first mnoment funcuon o) ior different rockstreams Q. Figure
7.28 shows the same data except the first-moment functions have been ia legratcd to give V, (M) = T Vo, (AR
and then normalised to 1.

In an ineresting experiment the differences of functions v,,, was caleulatsid and plotied, digure 7.29), where

i Mvm)(i\.) Voui.. J(A) for sequential size classes \61‘ rockstreams. ihe differences of functions vy, for these
rocksireams reveal an mteresnng phenomenon, and this js that along A axis they correspend spalmlly w the

sieve size distributions when placed alongmde ong anather.

P

meeslie
first poment | 2P

measure
feat moment |

ta next opening stkgs

Figure 7.25: Block diagram of the algorithm  implemented to calculate the morphological size
distribution uging the ppeiing operation



Chapter 7 : CONVERTING CHORD-LENGTH DISTRIBUTIONS TO SIZE

open -3 difference

Figure 7.26: Resultant opened-images and difference images W, after morphological openings with cross
probes A5 -of varying size,
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7.53 Sizing using Morphologicai ERDSIONS

In the same way that successive openings in subsection 7.5.2 give rise to a ser’2s of transformations similar to
the sieving process, successive erosions also provide the means with which parameters can be generated which
are related to size. Noie that the concept of erosions does not link as clearly to sieve size as does the apening

operation.

A series of test probes A8 (3x3 cross), parametized by the size parameter A is defined; as is used in section
7.5.2 above, However instead performing opening on the set of rock "projections” X, the se1 X is eroded 1o

pive ihe set images sccording to equation [7.57],
Xor=yX}=X ©AB 7.57

A meas»:ﬁii:mcm i is ther made on Xg, which again could be area, chotd length or number, Again with this
iransturmation the measurement ) was chosen to be chord-lengihs raeasuced from adjacent probes, 1o give a
liest-momat function Vo, (M) . Figure 7.30 shows schematically the algorithm ased, and figure 7.31 shows the
result of successive openings on the prbje-cwd areas of « typical rock scene, Figure 7.32(z) shows the firs:
mo:nent function ve ,(A) plotied against A and figure 7.32(b) shows the same data except. the function have

been converted to density functions as done in equation [7.11],

© "What is apparent from figure 7.32(a) and (b) is that the this erasion method does roveal useful size information.
Agsin depanding on the application, certain parameters can be derived from these curves which can be used for

process cantrol, eg the average w.Jope oF x-axis ntercept in figure 7,32().

sdgs patiem
: imnge i
- arasion scosion aroslo rrosion tonnt
mﬂmﬁmm “T)" T.t.,.
e imige : .
L] ML newe meeNTe
B M Srok momant Tl womant
i {
Figure 7,.30: Schematic diagram of the algorithm used (o obtain the #rosion size functions,

1N



