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Abstract

This work involves the development of a vision-based system for measuring the size distribution
of rocks on a conveyor belt. The system has applications in automatic control and optimization
of milling machines, and the seiection of optimal blasting methods in the mining industry. Rock
size is initially assumed to be the projected rock surface area due to the constraint imposed by
the 2D nature of images. This measurement is facilitated by locating connected rock-edge

pixels.

Rock edge detection is achieved using a watershed-based segmentation process. This process
involves image pre-filtering with edge preserving filters at various degrees of filtering. The
output of each filtering stage is retained and marker-driven watersheds are applied on each
output resulting to traces of detected rock boundaries. Watershed boundary selection is then
applied to select boundaries which are most likely to be rock edges based on rock features.
Finally, rock recognition using feature classification is applied to remove non-rock watershed

boundaries.

The projected rock area distribution of a test-set is measured and compared to corresponding
projected areas of manually segmented images. The obtained distributions are found to be
similar with an RMS error of 2.37% on the test-set. Finally, sieve data is collected in the
form of actual rock size distributions and a quantitative comparison between the actual and
machine measured distributions is performed. The overall quantitative result is that the two
rock size distributions are significantly different. However, after incorporating a stereology-
based correction, hypothesis tests on a 3m belt-cut test-set show that the obtained distributions

are similar,
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Chapter 1

Introduction

1.1 Problem statement

There is a need for an instrument that automatically measures the size distribution of rocks on
a conveyor belt in the mineral processing and blast fragmentation industries. In mineral pro-
cessing, the output of such an instrument can be used to adjust milling parameters for optimum
crushing performance, while in blast fragmentation it can be used to evaluate the effectiveness

of blasting procedures [50].

In the mineral processing industry, sieving methods are perceived as the most accurate means
of measuring rock-size distributions because each particle in the sample is measured. However,
for an accurate and representative measurement of the overall plant ore size distribution, long
belt-cuts ! have to be taken. This is an undesirable situation because it affects production. As
a result, plant managers are very reluctant to perform these long belt-cuts and instead opt for
short belt-cuts. The problem with short belt-cuts is that they do not capture the overall ore-size
distribution variability of the plant, and as a consequence the milling parameters thus obtained
may not improve milling performance significantly, if at all. Therefore an automated solution is
highly needed in this industry. In blast fragmentation analysis, sieving methods are not viable
as extremely large rock fragments are produced. Thus there is no alternative solution in this

application.

'Beli-cut is a term used in the comminution work which refers to the amount of the material to be sieved in

terms of conveyor-belt length.
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An automated rock-size measurement system should meet the following requirements:

The measurement should be non-intrusive so that there is no wear and tear of mechanical

parts and no degradation of materials under measurement.

Measurements should be performed in near real time to facilitate quick adjustments of

process parameters for control purposes.

The instrument should be able to withstand the harsh conditions of a mineral processing

plant.

Production should not be affected by the operation or failure of the instrument.

1.2 Background

In the mineral processing industry, valuable minerals such as gold and platinum are extracted
using high electricity consumption machines during comminution [11]. In the comminution
stage, milling machines crush ore to a desired particle size for the liberation of the valuable
mineral in the subsequent stages of the mineral extraction process [65]. In the absence of any
form of mill control, the product size particles will either be ground to an unnecessary degree or
the mill discharge will be too coarse due to inadequate residence-time 2 in the mill [65]. Both
conditions are undesirable: the former is expensive due to excessively high electrical energy
consumption, while the latter has too low a degree of liberation for separation and results in
poor recovery in the concentration stage. Therefore some form of mill control is needed to keep

the mill discharge particle size at a desired set-point.

There are two common types of mills in the mineral processing industry namely autogenous
(AG) and semi-autogenous (SAG) mills [65]. The AG mill grinds ore using the ore itself while
the SAG uses steel rods or balls as grinding media in addition to the ore itself. It is understood
that both types of mills require certain rock size distribution profiles for proper operation [65].

After the detection of an improper size distribution profile, rock selection procedures can be

2Residence-time is a term used in comminution which refers to the time interval from the entrance of the

material into the mill until it is discharged.
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used for correction purposes [38]. The instrument can also be used for monitoring the input
and output size distributions of systems such as crushers. Alternatively, the instrument can be
incorporated as part of the mill control system, where the rock size distribution is a control
variable to compensate the milling action for various input rock size distributions. This forms

the main motivation for undertaking this research.

This dissertation proposes a machine vision-based solution to the rock size distribution mea-
surement problem. This approach uses tools from machine vision to analyze scenes of rocks
on a conveyor belt in order to facilitate the measurement of rock-size. This approach has been
adopted by other researchers such as Crida[11] and Lange[38]. However, due to the limita-
tions of computer hardware at the time, the complexity of the image analysis procedures was
highly restricted. Most of the engineering was based on striking a compromise between speed
and accuracy, with the accuracy component suffering most of the time. The complexity of the

solutions were highly limited resulting in poor accuracies.

Nowadays recent developments in computer hardware have resulted in huge improvements in
computing power and speed. This has led to the development of commercial machine vision-
based rock-sizing instruments such as Split-engineering and Wipfrag [62, 63]. These systems
have attracted great attention in the mineral processing and blasting industries where manual
sizing procedures are not viable options. The long-term objective is to optimize the system
implemented in this work to form a robust commercial rock-sizer product that can compete

with these commercial rock-sizers.

1.3 Thesis objectives

Based on the above problem statement and background, this dissertation aims at developing a
machine vision-based instrument for measuring the size distribution of rocks on conveyor-belt.

The objectives of this work are to:

e Review machine vision in general, and specifically review previous work on the develop-

ment of rock-sizing instruments using machine vision.

e Investigate image processing techniques that can be used as building blocks.
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e Investigate the use of pattern recognition tools for rock recognition.
e Outline the implementation of the adopted segmentation approach.

e Implement various pattern classification approaches and compare them on the collected

data.

Empirically convert the 2D rock size distribution of sections to a 3D rock size distribution.

o Test the system on “real world” plant data and quantify its performance.

Finally, draw conclusions and make recommendations

1.4 Thesis Format

The following is the format of this thesis document.

Chapter Two: Presents a literature review of Machine vision by introducing its main building
blocks namely illumination control, digital image processing and object recognition. Finally,

previous work on measuring rock size distributions using machine vision is presented.

Chapter three: Presents the theory behind a selected set of traditional digital image processing
procedures and investigates their possible application to rock scene segmentation. In particular,
the techniques under investigation can be broadly categorized into gray scale image thresholding

and edge detection.

Chapter four: Investigates image de-noising methods. The selected set of approaches is di-
vided into linear and nonlinear filtering methods. A qualitative comparison is carried out and

the suitable approaches for rock-scene filtering are selected.

Chapter five: Investigates the use of mathematical morphology tools for the segmentation of
rock scenes. The theory underlying the basic and advanced tools is presented. Finally, the
most powerful tools in the form of the reconstruction operator and the watershed transform are

investigated.



Chapter 1: Introduction

Chapter six: Presents the implementation details of the adopted rock scene segmentation ap-
proach. It is divided into preprocessing for estimating rock locations and rock edge tracing with
a watershed-based segmentation approach. The implemented algorithm is tested for robustness

to varying lighting conditions.

Chapter seven: Presents the background theory of a selected set of pattern recognition tech-
niques. The set of classifiers under investigation includes k-nearest neighbor (KNN), the prob-
abilistic neural network (PNN), regularized least squares classification (RLSC) and support
vector machines (SVM) in the form of the kernel adatron. Feature vector dimensionality reduc-
tion methods are investigated for improving class separability in the input feature space. Data
acquisition, feature measurement and classifier training for rock recognition are carried out.

Finally, the classifiers are tested for generalization and the test results are presented.

Chapter eight: Presents the overall results of the dissertation. The rock size distributions are
measured and compared to sieved data. A stereology-based "unfolding” method for obtaining
a 3D rock size distribution from 2D size distributions of sections is used to correct for obvious

errors. The performance of the modified system is evaluated on a 3m belt-cut test-data.

Chapter nine: Draws conclusions based on the results of the dissertation and makes recom-

mendations for future developments.



Chapter 2

Relevant literature review

2.1 Introduction

Machine Vision is probably the most suitable solution for the the rock-size distribution mea-
surement problem simply because it has many atiractive advantages. In [11], the following

advantages are stated:

e A non-intrusive measurement is performed on-line without stopping the conveyor belt

and disturbing the feed to the mill.
e The instrument takes measurements continuously for 24 hours a day.

e The obtained results are consistent given the same scene with the same lighting condi-

tions.

e There are no moving mechanical parts and thus reduced maintenance.

Even though these advantages are valid enough to justify the use of this approach, two ma-
jor disadvantages are revealed in the literature. The first one is that only a two dimensional
(2D) view of the scene is available. Thus the actual size distribution of the material cannot be
measured, due to “fragment overlap” and occlusion of material underneath the surface of the
stream. The second is that due to the camera’s limited resolution, rock sizes below a certain
threshold cannot be measured. The details of other “inherent sources of error” are provided in
[43]. However there is a consensus in the field of machine vision for rock-size measurement

that a useful measure of the actual distribution can be obtained [38].
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The brightness intensity at a point in an image depends on the characteristics of object’s re-
flectance and the geometry of the imaging process [1]. The gray-level is perceived as a quan-
tized measurement of image irradiance and is proportional to scene radiance. It is further stated
that the gray-level f at an image point, is proportional to the scene irradiance E (the amount of
light incident on the objects) and the reflectance r at the corresponding world point x. It is given
by:

f(x) = E(x)r(x). 2.1

The irradiance E at x is the sum of the contributions from all the light sources, while the re-
flectance r is the portion of the irradiance that is reflected toward the camera [1]. The scene
irradiance E has a low spatial variation across the image, while the reflectance component varies
with surface orientation and thus changes quickly at the object edges [1]. It is apparent that the
scene irradiance is the so called "Background illumination”. An attempt to remove it is usually
performed during digital image processing by a filtering operation, which models the structure

of the background illumination and subtracts it from the acquired image.

In summary, there is a strong link between the captured image and the illumination conditions
under which it was taken. This relationship is exploited whenever possible in machine vision
applications [19, 25, 17, 18]. As far as the the application of measuring rock size distributions
is concerned, the illumination arrangement should enforce the appearance of shadows around

each rock in the scene to facilitate rock edge detection.

2.2.2 Digital image processing

Once the image is acquired in digital form, it is processed using digital image processing rou-
tines with the final goal of image segmentation. The initial processing is usually a filtering
operation to reduce the noise which is introduced by the image formation process. This process
is noisy due to sampling, quantization and random disturbances in the capture hardware. Fil-
tering has its own associated degradations such as blurring the edges of objects. At this point
the filtered image is then segmented into disjoint regions using a possible combination of edge
detectors, thresholding techniques, morphological operations and other image processing trans-
forms. This form of processing can be classified as low-level processing where the objects of

interest are revealed. There is no object recognition or feature-based classification of regions.
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The reader is referred to [31, 8, 58, 21] for digital image processing concepts, algorithms and

applications.

Digital image processing of rock-scenes aims at revealing objects of interest which are rocks in
this application. The key assumption is that of a controlled illumination set up, where shadows

form rings around rocks at this stage.

2.2.3 Pattern recognition

The purpose of pattern recognition in this work is to distinguish between the segmented regions
that represent the object of interest and those that do not. The classification is based on region
properties or features, such as shape, texture, edge and regional gray value characteristics. Each
region is viewed as a point in an N-dimensional feature vector space where N is the number of
properties. Neighboring points are expected to be similar and thus form a cluster with the same

class label.

In supervised learning, the training data is labelled and a functional mapping is learned which
maps the measured properties to the labels. In unsupervised learning the training data is not
labelled. Instead clustering algorithms are used to partition the feature vector space into a
number of clusters and a new test point is assigned to a cluster closest to it. In the case of
supervised learning, the system is tested for generalization so that it responds well to unseen
data (data which is not in the training set). There are many ways of obtaining this mapping and
this distinguishes the various classifiers. The reader is referred to [10, 55, 12, 53] for concepts,

algorithms and applications of pattern recognition techniques.

The next section presents previous work on measuring the size distribution of rocks.

2.3 Previous work on Machine vision for rock-sizing

The quantification of rock fragmentation is not a new problem and this is evidenced by the
amount of publication on the matter [62, 63, 38, 11, 4, 16, 46, 36, 54, 64, 32, 14, 37, 22]. The
work on particle sizing using machine vision ranges in time from 1976 to 2004. It began in

the mid seventies with the ARMCO Autometrics MSD-95 material size distribution transmitter

10
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[32]). This instrument was developed at the Julius Kruttschnitt Institute of Australia and later
manufactured by ARMCO. Its operation involves using 1-D signal processing methods to de-
termine rock chord lengths. This is achieved by scanning the conveyor belt along a straight
line parallel to and at the center of the belt using an optical sensor. Shadows and gaps between
rocks are emphasized by a low incident lighting arrangement. This results in the output of the
optical sensor being a 1-D signal which assumes high values in the presence of a rock and low
values in a shadow region. This output is then compared to a threshold such that higher outputs
are deemed to be rocks. The threshold comparator output is a series of pulses whose durations
are the times it took the optical signal to stay above the threshold. These durations are mea-
sured and knowing the speed of the conveyor belt, the rock chord lengths are determined. Even
though this system is fast enough to operate on-line in real-time, it has obvious limitations. The
list of limitations includes: Ignoring rocks which are outside the probe line resulting in a bias
in the measurement, the measured chord-lengths are not representative of the measured rocks
resulting in a bias to smaller particles, the use of absolute intensity for rock detection may not
be appropriate for different colors of ore and may therefore result to inaccurate chord lengths,

and finally low intensity values do not necessarily represent gaps or shadows between rocks.

In this section machine vision approaches to rock size measurement from selected academic
and commercial institutions are presented. These approaches were developed between the years

1990 and 2004.

2.3.1 The University of Witwatersrand

In this institution, Lange [38] developed a machine vision system for the measurement of rock
size distributions in 1990 as part of his PhD research. His system involves a sequence of opera-
tions which commences with image low pass filtering using a neighborhood averaging filter to
remove impulse noise. At this point the filtered image is processed in parallel by 2 processes:
the first is a morphological gradient operation followed by thresholding for rock edge detection,
the second is a process which computes 2 thresholds from the histogram of the image. The

higher threshold highlights bright intensities and the lower highlights darker areas.

The information contained in the resultant set of images consists of detected edges, bright and

dark areas. These images are combined to correct the edge detection image. The output of

1
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this correction stage is the final segmented image. Measured cord-lengths of the closed regions
are then used to estimate the sieve size distribution of the material on the conveyor belt. The
conclusion is that the accuracy of the system is limited by the inaccuracy of the thresholding
and edge detection processes, in addition to the conversion from 1-D to 3-D distributions of the

chord-length measurements.

2.3.2 The University of Cape Town

Crida [11] developed a machine vision system for rock fragmentation in 1995 as part of his PhD
research. He adopted a diffuse lighting arrangement where the response to specular reflection
is low, and shadows separate rocks lying close together. The image processing is based on the
Human Visual System (HVS) in that it has a pre-attentive stage and incorporates an attention

focus stage.

The processing begins with the generation of a multi-scale pyramid, where the image is filtered
with varying degrees to produce n-filtered images. The top image of the stack is the least filtered
and has the largest size, while the highly filtered image at the bottom has the smallest size. Rock
edges are highlighted using adaptive thresholding to obtain rock outlines. Elliptically shaped

outlines are detected on each image in the scale-space using the Hough transform.

Spurious ellipses are detected by comparing the shape of each ellipse to a corresponding outline
on the thresholded image and are subsequently eliminated. These ellipses encode expected size,
position and shape of rocks. This is followed by attention focusing, comprised of rock edge
tracing followed by region classification for removing false alarms. The rock edge tracing step
is guided by the knowledge encoded in the ellipses to determine rock-edge pixels. Finally, the
potential rock regions on each scale-space image are combined using a hierarchical procedure

to select regions which are most likely to represent rocks.

No attempt is made to estimate a 3D rock-size distribution. Instead, the system performance

is quantified by comparison to manually segmented data. The amount of fines ! in the image

'Fines are very small particles which are typically less than a millimeter in diameter. However, in this work,

fines are regarded as the particles that cannot be measured by the system, due to limited resolution.
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are not estimated. In addition, the system tends to split large non-elliptical rocks due to its bias

towards detecting elliptical rocks.

2.3.3 The Wipfrag commercial system

Wipfrag is a commercially available machine vision system for measuring rock fragmentation
for the milling and blast fragmentation industries [42]. It was developed by Franklin and Maerz
in collaboration with the University of Waterloo and industrial groups from the blasting, mining
and mineral processing industries. The inner workings of the image analysis have not been

revealed in their publications.

The following publications address issues related to the workings of their image-based granu-
lometry system: mapping from 2-D distributions of rock sections to 3-D rock-size distributions
using stereclogy and geometric probability principles [40]; inherent sources of error of optical
digital fragmentation measuring systems [43]; Chse studies using the Wipfrag system [51]; im-
age sampling techniques [39]; system calibration [44]; online fragmentation analysis [42]; and

aggregate sizing and shape determination [41].

In [40], it is discovered that many of the underlying assumptions of stereology and apriori
knowledge of geometry probabilities are violated. In response to this, a new method of un-
folding a 3D distribution from a 2D size distribution of sections is proposed. The transform
function involves an empirical calibration to compensate for missing fines and overlapping hid-
den particles. The main drawback of this approach is the assumption that rocks are spherical

particles.

2.3.4 The commercial Split-Online system

The Split-Online machine vision system was made available for commercial purposes in 1997
after eight years of research [62]. It was initially developed at the Department of Mining and
Geological Engineering, University of Arizona. This is currently the state-of-art in the field
of rock fragmentation quantification [62]. Their image analysis processes are not revealed in

detail. From [62] it appears that some form of pre-processing is followed by an automatic
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thresholding procedure to prepare the image for delineation. This consists of 4 steps: gradient

filter, shadow convexity analysis, split algorithm and watershed algorithm.

The output of their watershed algorithm is a binary image where black areas denote fines and
the white areas represent rocks. At this point, user intervention is required to correct for the
inaccuracies of the system due to poor lighting, quality of the image, etc. Since the information

on the inner workings is not supplied, its successes and failures cannot be provided.

2.4 Summary

This chapter presented a literature review of machine vision in general, and in particular pro-
vided descriptions of its fundamental components. Images of an illuminated scene are captured,
processed by a desktop computer using image processing tools to reveal objects and further pro-

%

cessed to recognize objects of interest. <

Previous work on the development of a vision-based rock-sizing machine is presented. It must
be stated that the list is not exhaustive but rather presents systems from both academic and
commercial perspectives. However, commercial institutions tend to reveal little information
about the inner workings of their systems and as a result a proper review of their methods is not

possible.

In closing, the unifying theme is that machine vision in general involves illumination control
for enhancing particular object features, digital image processing for extracting such objects,

and finally some form of feature-based classification for object recognition.
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Chapter 7

Rock feature classification for rock
recognition

7.1 Introduction

The rock-scene segmentation algorithm that has been described thus far has very high fractions
of non-rock regions, which is undesirable. This problem will cause large errors in the rock size
distribution measurement by biasing the measurement towards larger rock sizes. It is a major
requirement to reduce the non-rock fraction to a tolerable level, ideally without significantly

reducing the fraction of detected rocks.

In this chapter, feature classification methods are investigated for the purpose of recognizing
both rock and non-rock regions. Four feature classification methods, in the form of k-nearest
neighbor (KNN), probabilistic neural network (PNN), kernel adatron support vector machine
(SVM) and regularized least squares classification (RLSC), are selected for the investigation.

Feature subset selection methods are then investigated for the purposes of removing redundant
and irrelevant features [23, 24]. These are the features that impair the performances of feature-
based classification methods. Two commonly used feature subset selection methods in the form

of separability index (SI) optimization and principal component analysis are investigated.
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Finally, data is collected in the form of watershed boundary properties to form feature vectors.
Feature subset selection methods are applied to remove redundant and irrelevant features. The

feature classification methods are then trained and tested on the acquired data-set.

7.2 Preliminary definitions

A feature vector [x1,x2,....,x,] of length n is a vector of n measurements whose elements are the
measurements of each object’s properties. Each object is then represented in an n-dimensional
feature vector space as a point [53]. The matrix of feature vectors denoted by X can be con-
structed by arranging all the feature vectors into a block of numbers. It has size p x n, where p

is the number feature vectors and » is the number of measurements.

In supervised learning, each feature vector of X is assigned a target label ¢ which takes on
{+1, —1} for binary classification and real numbers for regression problems. The labels for
each measurement can then be appended to form a vector t, leading to the training set [X, t],
as a set of examples from which a feature classification method can learn. In problems where
there are many classes, a set of sequential binary classifiers can be used [23]. A functional
mapping f : X — t is then learned and is expected to generalize well to new and unseen test
feature vectors. This is the common property of all the feature classification methods that are

investigated in this work.

7.3 Feature classification methods

This section presents the theory behind the workings of the selected set of feature classification

methods.

7.3.1 The k-nearest neighbor (KNN)

The KNN is the simplest form of feature classification, where a test feature vector is assigned a

majority label of the k-closest training feature vectors. For each test feature vector an indicator
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function value y; is computed from
J=k
yi = Etj/k. .0
j=1

Here ¢; is a member of the k-nearest training features. A threshold at zero is then used to decide
on the appropriate label. The constant k is an odd and positive integer. For the simplest case
where the k-value is unity, the classifier is known as the simple nearest neighbor classifier. In
this case, a test feature vector is assigned the label of the training vector that is closest to it. The

commonly used distance metric is the Euclidian distance, which is also used in this work.

The underlying assumption for all the proximity-based classifiers is that feature measurements
are relevant, independent and properly scaled [23]. If these assumptions hold then feature vec-
tors with similar labels are expected to form distinct clusters in the feature vector space. In such

situations, the performance of the KNN is state-of-the-art.

7.3.2 The probabilistic neural network (PNN)

The PNN is similar to the KNN method in that some measure of proximity is employed to
quantify the similarity between two feature vectors. The underlying assumption that a feature
vector should be surrounded by feature vectors of the same label also applies here, otherwise
the feature measurements are irrelevant. The significant difference from the KNN is that a non-
linear measure of similarity is obtained by non-linearly transforming the Euclidian distance via

a kernel matrix K. The elements of this matrix are given by

~D(x;x7)*
K(,j) =€ ), 1.2)

where D is the function for computing the Euclidean distance between feature vector x; and x;,
and o controls the degree of smoothness of the decision boundary and therefore the generaliza-
tion to new data[53]. The choice of a kernel function is usually a Gaussian because it is widely

used and is found to be successful for a wide range of problems[53].

The PNN decision function for each test point has the form

j=p
yi= 3, tiK(x;,x;), (7.3)
j=1
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where p is the number of points in the training set. This is a Gaussian weighted mean of
the training targets 7; to obtain the estimate y; of the test target for each test point x;. A zero
threshold value is then used to assign the appropriate label. This is similar to the KINN in that,
a mean of the training targets is computed to estimate a label for each test point. However in
the PNN, the whole training set (as opposed to k-training points) is used in the determination of
each test label. Each training point label is assigned a weight which decreases with the distance

from the test feature vector.

For small ¢ values, the indicator function of the PNN has a spiky appearance where each local
gaussian function has a purely local influence. In this case, its behavior is similar to that of
the simple nearest neighbor algorithm. For moderately large ¢ values, each local gaussian
function has a slightly wider “sphere of influence”, with the indicator function being smooth
and therefore expected to generalize well. Extremely large ¢ values result in linear regressor

where a hyperplane is fitted through the training data.

This classifier has been found to work well for problems with a moderate feature vector dimen-

sion and a large number of training feature vectors that cover the input space[24].

7.3.3 The kernel adatron Support Vector Machine (SVM)

The SVM is similar to the PNN in that it is also a kernel-based classifier. However, in the SVM
the data are non-linearly projected to a higher dimensional feature vector space, where a linear
separator or hyperplane can be used to classify the data more effectively[45]. This non-linear
projection is achieved by using a kernel function in the form of the gaussian at each data point,
as in the PNN case. However, for the SVM, each gaussian is weighted by the o; weights as

shown in equation 7.4:

J=p
y; o= 2 chth(xi,xj) (1.4)
=1

This equation shows that the target label of each test feature vector is a weighted sum of the
Gaussian functions at that test point in the input space. This decision function is then thresh-
olded at zero, in order to assign the appropriate label for each test point. The o weights are
updated via an optimization process where the empirical risk of misclassification is minimized

by maximizing the margin between the decision boundary and the support vectors [45]. This is
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shown in figure 7.1.

An additional regularization parameter C is used to reduce the local distortion of the decision
boundary, caused by the mixing of classes where class separation cannot be achieved by a
reasonably smooth boundary [45]. The parameter C smooths the decision boundary by con-
straining the upper-bound on the magnitude of the largest o weight to C. This has the benefit of

improving the generalization of the classifier to new data.

The SVM has been found to be state-of-art for many problems from a wide range of disciplines
[451, [57], [33]. Its advantages are that it does not require a lot of data as the PNN because of
its data compression feature, where only a subset of about 20% of the original training data set

is retained as the support vectors [24].

-
4

S
¢ Maximum Margin

Support vectors

Figure 7.1: A support vector illustrating a case where a linear class separator is sufficient.

7.3.4 The regularized least squares classification (RLSC)

The RLSC or simple “regularization” algorithm is similar to the PNN and the SVM in that the
indicator or decision function is also of the form:

i=p

fx) =Y citiK (x;,x) (7.5)
i=1
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where the weights ¢; are determined by least squares regression to minirnize the empirical error
on the training data set [53]. In mathematical terms, the following nonhomogeneous set of p

linear equations has to be solved:

(MI+K)e=t (71.6)

1 is the identity matrix, K is the kernel matrix where the diagonal elements are unity and y
is a user-tunable parameter. Let pyl + K be represented by the matrix P. Then equation 7.6
becomes:

Pe=t .7

The matrix P is square and positive definite and therefore the inverse P~! exists. It is also
well conditioned provided that the py of equation 7.6 is sufficiently large to strengthen the
leading diagonal [53]. In practice, the inverse is replaced by pseudo-inversion where numerical

ill-conditioning problems are anticipated. The solution of equation 7.7 is given by:
c=P7lt (7.8)

where each element of vector ¢ can be interpreted as the weight of importance for each Gaussian
function of each training point. The smaller it is the less important the training feature vector is
to the classification, and vise-versa. The decision function is then constructed and thresholded

at zero, so that one of the +1,-1 is assigned to each test point.

It is apparent in [53] that the “regularization” algorithm has been applied successfully in many
different applications. It has been used in both regression and binary classification type prob-
lems. One of the many mentioned modern regression applications is in the synthesis of images
using computer graphics. In modern binary classification type applications, the problem of face
recognition and classification of people by sex from digital images is mentioned. As a result, it

may also be expected to perform well in this rock recognition problem.

74 Feature vector dimensionality reduction techniques

Feature classification methods usually perform well in a particular application provided that the

following assumptions are valid:

e The feature measurements are independent.
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e The feature measurements are relevant to the problem.

e There is enough data for the corresponding number of feature measurements.

Feature vector dimensionality reduction techniques are concerned with ensuring that the first
two assumptions are valid. Given a particular data set, these techniques remove redundant
and irrelevant features [23]. The techniques under investigation are the separability index (SI)

optimization and principal component analysis (PCA).

7.4.1 Optimizing the Separability index (SI)

The SIis a figure-of-merit that gives an indication of the degree of class separation for a par-
ticular data set [24]. It was introduced by Thornton as the proportion of the feature vectors
whose target label is the same as that of their nearest neighbors [23]. In formal terms this can

be written as:

j=

E(”t,- + /|| + 1)mod2

sI = =1 (7.9)
P

where # is the target label of the nearest neighbor x] of feature vector x; with target label #.

For well-separated clusters of oppositely labelled points, the SI assumes a value close to unity.
However as the clusters begin to merge, the SI falls to a point where the probability of each
point having the same as its neighbor is 50% and the SI will be close to 0.50. A grid of points

in the form of a chess-board will have an SI value close to zero.

It appears that subset selection can be achieved by optimizing the SI of a particular data-set.
This can be achieved by evaluating the SI for each subset of features in the set and selecting the
subset that has the maximum SI. This involves exhaustive search where 2" — 1 feature sets are
evaluated with n being the dimensionality of the feature vectors. For moderate dimensions of

sizes less than 10, this is a viable option [24].

However for larger dimensions, other search methods in the form of evolutionary algorithms
are more suitable [24]. Evolutionary algorithms are biologically inspired processes which are
based on Darwinian theory of evolution [24]. These methods do not require that all the feature

subsets to be evaluated. Instead a form of guided random search is performed where only
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the promising areas of the search space are explored. However, cautionary measures are also
taken so that premature convergence does not occur[48], where the algorithm is trapped on a
local maximum. An evolutionary algorithm in the form of Baluja’s Probabilistic Incremental

Learning (PBIL) algorithm [2, 3] is used in this work.

7.4.2 Principal component analysis (PCA) via singular value decomposi-

tion (SVD)

Principal component analysis (PCA) is a procedure for extracting the principal directions of a
body of data where there is significant variability [24]. The principal directions are based solely
on the feature vectors and therefore ignore the target labels. As a feature vector dimensionality
reduction technique, PCA eliminates the principal components with insignificant variability.

This can be achieved using singular value decomposition [24] as follows:
Xnormalizes =U-S- v’ (7.10)

where X, matizeq is the normalized matrix of feature vectors. The normalization is performed by
subtracting the mean of each column from the respective column and dividing by the respective
standard deviation. The matrix U has columns which are mutually orthogonal unit vectors.
These are the principal directions arranged such that their significance decreases with increasing
index. The amount of variation for each principal direction is captured in the diagonal matrix
S. The matrix V has its columns as eigenvectors. It can be shown that the diagonal matrix P of

corresponding eigenvalues can be determined from S using
S2
i e (7.11)
p—1
The closer to zero an element on the diagonal of S, the more it is necessary to remove its
corresponding principal direction. If the k columns of § with values less than some threshold

are deleted, the following approximation to X,,,ymalizeq is Obtained:
Y =U S V?E (7.12)

This is called the best rank-k least squares approximation t0 X,,rmatized [24]. The matrix Y
has fewer features than X, p,q1i,.¢ and thus feature dimensionality reduction is achieved. How-
ever it must be stated that since PCA does not take into consideration the target labels, it can

eliminate features which are essential to the classification.
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7.5 Methodology

A data set a consisting of 20 ore images taken under varying lighting conditions was assem-
bled. These images are segmented using the rock-scene segmentation algorithm described in
the previous chapter. The complete set of segmented images has a total of 2415 watershed re-
gions which should be classified into rock and non-rock regions. The data is then partitioned as
shown in table 7.1. A supervised machine learning approach is adopted, where the true target
label for each region in the data set is assumed known. The true targets are determined manually
and therefore some human error is expected. The fraction of actual rocks is also shown in the
same table. The test set has an 87.31% fraction of negatives and the main aim is to recognize

these regions and subsequently remove them.

Table 7.1: Data partitioning .

Partition | Images | Regions | Fraction of actual rocks | Fraction of non-rocks
Training 10 1117 22.74% 77.26%
Validation 5 644 13.35% 86.65%
Testing 5 654 12.69% 87.31%
Total 20 2415 17.52% 82.48%

7.6 Rock feature extraction

Eleven features are measured and can be broadly divided into rock shape, gray value and gradi-

ent characteristics.

7.6.1 Rock shape

The only feature under the rock shape category is the regional centroid to boundary distance
variance feature. It measures roughly the circularity of the watershed region. Its computation
involves firstly finding the centroid of the region and its boundary pixel coordinates b;. A vector

of distances d; from each b; to the centroid is constructed. Finally, the feature is then computed
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as
i=n

¥ (di —avg(d))

fo="5l . (7.13)
n—1

This feature is expected to assume a low value for roughly circular regions and higher values

for irregular regions.

7.6.2 Rock gray value

Seven features have been extracted which depend on rock gray value characteristics. The rele-

vant descriptions are provided below.

Proportion of dark interior pixels

This feature is based on the appearance of the rocks as compared to shadows and fines. In most
ore images, rocks appear brighter than the rest of the material. If a cumulative distribution of a
gray value histogram of the image is computed, it can be concluded with high confidence that
the bottom 10 % constitutes the fines and shadows. The gray value at this level is used as the
threshold for detecting dark areas, in the form of fines and shadows in the image. The feature
is then computed as the ratio of the number of detected dark interior pixels of the region to the
total area of the region. It is expected to be low for rock regions because rocks are expected to
be bright. It is expected to be high for non-rock regions because these regions are expected to

be dark.

Proportion of dark boundary pixels

The same procedure as above is used to obtain the binary image of detected dark areas. How-
ever, instead of measuring from the regional interior, the detected set of pixels is measured on
the boundary of the region. The feature is computed as the ratio of the number of detected pixels
on the boundary to the region perimeter. It is expected to be high for rocks because shadows
are expected on the boundary of the rock. Ideally, it is expected to be low for non-rock regions

because shadows are not expected only on the boundary.

98



Chapter 7: Rock feature classification for rock recognition

Proportion of thresholded area to region area

Recall the binary image that was used to derive the centroid and reconstruction methods marker-
sets. The feature calculated here is computed as the ratio of the area of a region in this binary
image to the area of the corresponding watershed region. It is expected to be high for rock
regions and low for non-rock regions.

Average interior gray level

Rocks tend to have brighter gray values as compared to fines and shadows. The feature is
therefore computed as the average gray value on a small disk around the region centroid. It is
expected to be high for a rock region and low for a non-rock region.

Average boundary gray level

This feature is based on the knowledge that the gray value profile of a rock tends to fall off at
the edges. It is computed as the average boundary gray level on the perimeter of the region. It
is expected to be low for rock regions and high for non-rocks.

Boundary and interior gray level absolute difference

This feature is computed as the absolute difference of the boundary and interior average gray

value features. It is expected to be high for rocks and low for non-rocks.

Interior gray level variance

This feature is computed as the variance of the gray values inside the region. It is expected to

be low for rocks and high for non-rocks.

7.6.3 Rock gradient

This category has three features which depend on rock gradients. Their descriptions are given

below.
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Average interior gray level gradient

This feature is based on the knowledge that gray value discontinuities tend to be located at the
edges under ideal lighting conditions. One of the many gradient operators can be used to obtain
the gradient image. The feature is then computed as the ratio of the average gradient value
on a small disk around the regional centroid. It is expected to be low for rocks and high for

non-rocks.

Average boundary gradient

The gradient image is obtained as for the previous feature. The measurement of the average
gradient value is performed on the boundary. This feature is expected to be high for rocks and

low for non-rocks.

Boundary and interior gradient absolute difference

This feature is computed as the absolute difference of the boundary and interior average gradient

feature values. It is expected to be high for rocks and low for non-rocks.

7.6.4 Summary of features

The summary of the features that are extracted is given in table 7.2. In addition each feature is

assigned a symbol f,, where n is the feature number.
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Table 7.2: Summary of extracted features.

feature Symbol | rock | non-rock
Centroid to boundary distance variance fo high low
Proportion of dark interior pixels h low high
Proportion of dark boundary pixels 5 high low
Proportion of thresholded area to region area f high low
Average interior gray-value fa high low
Average boundary gray-value fs low high
Average interior gradient value Js low high
Average boundary gradient value fa high low
Boundary and interior gray value absolute difference fz high low
Boundary and interior gradient value absolute difference fo high low
Interior gray value variance - fio | low | high

7.7 Performance evaluation

The eleven features are measured for each region in the data-set summarized in table 7.1 to

form data matrices [Xrain, 4rain)s [Xvatidation; tvatidation] and [Xresr, trese). Before evaluating the

performances of the various classifiers on the data-set, it is necessary to firstly evaluate the

separability of the classes in the feature vector space. The SI is a quick and easy technique for

doing this. The SI of the training set is found to be 78.25 %. This figure can be improved using

feature subset selection methods.

7.7.1 Rock feature dimensionality reduction

Optimizing the SI using the PBIL

The feature vector dimension is eleven and thus exhaustive search is expected to be computa-

tionally expensive since 2047 evaluations will be performed. Therefore evolutionary search in
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the form of Baluja’s PBIL is a viable option. The settings as well as the amount of processing
time it took for a pentium three 1.2GHz processor with 256 MB of RAM to complete a 1000

evalyations are shown in table 7.2.

Table 7.3: PBIL settings.

no. of evaluations | Learning rate | forgetting factor | processing time

1000 0.1 0.01 36 minutes

Applying this algorithm to the training data-set result in the plot of SI versus the number of
evaluations shown in figure 7.2. As can be seen, the SI improves until 600 evaluations after
which it remains at 82.45%. The selected subset of features consists of features fo, f1, f4, fs,
f3 and fo.
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Figure 7.2: Optimizing the separability index.

In search of reasons as to why the features f,, f3, fs, f7 and f11 are not selected, the correlation
matrix presented in table of figure 7.2 is analyzed. The selected subset of features is shown in
vertically shaded columns. The non-shaded columns are the unselected features and the target
correlation values under the label t. It is clear that features f5,fs and f; should be eliminated
as they are either highly correlated with one of the other features or are weakly correlated with
the target. The elimination of f3 and fio might be justified by checking whether one feature is
a linear combination of the other features. However, this is time-consuming and thus was not

attempted.
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3m belt-cut regression lines
12 Y Y T T

|
:
N\

o
o
T
(]

%cum. mass passing
2
i

&
L
7
I

etk

o BT N;o' 0 10f ' l ‘io’
Log of rock diameter in mm

oF / 1
R

Figure 8.19: A visual comparison between the sieve and corrected machine regression lines.

Once again the linear fits are significant as shown in table 8.4. After carrying out the hypothesis
tests of similarity between slopes and constants, the results show that at the 5% significance
level the null hypothesis which states that the slopes are the same, is not rejected. Further tests
on the similarity of constants reveal that at the 5% significance level, the null hypothesis which
states that the constants are similar, is not rejected. Based on these results, it can be concluded
that the lines are similar and therefore the sieve and machine measured rock-size distributions

are similar on the 3m belt-cut test data.

Table 8.5: Hypothesis testing results for similarity between the machine and sieve measured size

distributions.
Test Hy H, t-stat | significance level
slopes | blmachine = Blsieve | Dlmachine 7 Dlsieve | 0.7022 5%
constants | bOpmachine = BOsieve | DOmachine # POsieve | 0.1411 5%
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8.4 Summary

In this chapter, the major results of this dissertation are presented. In particular, the results of
the comparison between the rock-size distributions of manually segmented test-set images and
those measured by the system are presented. Secondly, the system’s performance is evaluated

on a conveyor-belt video sequence with corresponding sieved data.

The visual results of the comparison between the system output and the manual measurements
reveals that the two distributions are similar with an RMS error of 2.37%. However statistical
tests do not strongly agree with this conclusion. These tests highly depend on the availability
of data. Based on the fact that only a handful of images were used as the test-set, test-set could
be extended for a more convincing conclusion. Another source of error is the KNN classifier
since is expected to have an error rate of approximately 10% with a true positive rate (TPR) of

63.04%. This means 36.96% of the actual rocks on the test-set are missed.

The final tests involved comparing the machine measured distributions of a belt video sequence
to the corresponding sieve measured distributions. It was discovered that there are major dif-
ferences between the two distributions as expected. The main differences are the apparent
dead-band, size-distribution overestimation and underestimation. The major sources of error
are the KNN, missing fines, "fragment lay”, "overlapping fragments” and camera resolution.

The camera resolution is the primary contributor to the dead-band problem. The secondary
contributor is the effect of missing fines. An s-curve from the Sm belt-cut is used to correct
for the effect of missing fines and dead-band. The overestimation problem is due to “fragment
lay” while underestimation is due to “overlapping fragments” [43]. These are corrected using
an "unfolding” method for reconstructing 3D rock-size distributions from 2D distributions of
rock-sections. After incorporating these correctional measures into the system, the performance

evaluation of the updated system on the 3m belt-cut shows that the two distributions are similar.
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Conclusions and Future work

9.1 Conclusions
Based on the results of this work, the following conclusions can be drawn:

@ A machine vision-based instrument for measuring the size distribution of rocks on a con-
veyor is developed. Its main components are a watershed-based segmentation algorithm,
a rock feature classification method in the form of KNN, and a stereology-based correc-
tion scheme for unfolding a 3D rock-size distribution from a 2D size-distribution of rock

sections.

e The visual results of watershed-based segmentation on a test-set of images taken under
varying lighting conditions show that the algorithm is robust to these conditions. How-
ever, high false alarm rates due to lumps of fines appearing as rocks and imperfect lighting

conditions were also obtained.

e Pattern recognition tools in the form of feature classification methods are investigated
for rock recognition with the main objective of reducing false alarm rates. Overall, the
investigated set of methods reduced the FAR significantly with moderate effect on the true
detection rates (TDR). However the most suitable feature classification method in terms
of a good compromise between FAR, TDR on the test-set, and high speed of computation

is the simple KNN.
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e The system is then tested for accuracy on a test-set of images by evaluating and comparing
to size distributions of corresponding manually segmented images. Visual results show
that the two distributions are similar with an RMS error of 2.37%. However statistical

tests showed otherwise.

e The results of a comparison between the measured projected areas and the sieve size
distribution on collected sieve data showed a significant difference between the two dis-
tributions. This difference is due to several sources of error, some of which can be
compensated for. A combination of dead-band and stereology-based correction of the
distributions was applied and tremendous reductions in the difference between the two
distributions were achieved. A statistical decision test revealed that the two distributions

are similar on a 3m belt-cut test data,

9.2 Recommendations for future developments

Based on the results and conclusions of this work, the following recommendations for future

developments can be made:

e Operational lighting conditions are not intensively investigated in this work. A further
investigation on the suitable types of lights as well the geometrical arrangements should

be undertaken.

e A further investigation into the segmentation algorithm’s parameter settings should be un-
dertaken to optimize its performance. In particular, the parameter settings of the iterative

bilateral filter should be given special attention.

o As far as rock feature classification for rock recognition is concerned, the simple KNN

should be used since it performs reasonably well and has a high speed of computation.

e The final rock-size distributions are not as smooth as the sieve rock size distributions,
smoothness can be enforced by using the modified version of the sterelogical transfor-
mation (see appendix B). Further investigations on stereological corrections should be

undertaken.
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e The system cannot run in real-time on a mineral processing plant as the implementation
is not optimized. A more robust implementation of the system should be undertaken so

that more tests can be performed on vast amounts of data.

o A Full 3D surface reconstruction of the rock scene and the subsequent image analysis
thereof can improve the results achieved since accurate quantities such as rock volume
can be computed. A feasibility study of 3D surface reconstruction for rock scenes should

be undertaken.
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