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Chapter 2: Problem Statement

(a) (b)

Figure 2.4: An example of the fract. nature of rocks. The two rocks are not the same size,
but it is very difficult to determine 1ich is larger from these pictures because of a lack of
contextual information. Rock (a) is more than twice as large as rock (b).

A restriction that has been imposed on the attention focusing stage is that it is limited to
finding only one size of rock and is erefore effectively normalised. This is the basis of the

next key element of the research phi sophy which is the use of multiscalar image analysis.

Multiscalar Image Analysis

Section 2.2.4 gives an overview of mn iresolution systems and the benefits that are obtained.
A basic motivation for the use of a multiscalar representation in many of the applications
de:  bed there is the analys of ea obj in the ima; at al different u

order to create a hierarchical represe; tion which is invariant to size, position and orientation.

There is a significant difference in motivation in this rock segmentation application. Most
applications use multiscale to view a object at several levels of detail. In this case, the desire
is to find different sized objects by determining at what position in scale space they appear
the same size. This can be explained by considering that each level of the pyramid is a image
of the same scene from a. greater di ince. Given a matched filter for detecting a particular
size rock, different rocks will be detected in each image. Their actual size can then be inferred
from the scale of the image in which they were found. This method is justifiable due to the
fractal or self similar nature of different sized rocks (without suitable contextual clues it is
difficult to estimate the size of a rock from a picture of it). Figure 2.4 provides an example
of this.

The use of a multiscalar approach to performing rock size measurement has been proposed

previously by Lange [46].
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Chapter 3: Background Theory

Figure 3.3: Rock image segmented by g bally applying the moment-preserving threshold
determined from a histogram of the whole image. A global thresholding technique suffers
from the problem that it is not able to ad t to regions of the image where another threshold
value would be more suitable.

Figure 3.4 shows the result of applying the moment-preserving threshold in a local area
method with a window size of 15 x 15 pixels to image 3.1. It also shows the results obtained
when interpolation is used. The grid spacing is 16 pixels. As can be seen there is very little
visible difference between the two solutior and for a window size of 15 x 15 the interpolation
method is about 250 times faster.

In the local area thresholding method, far fewer rock boundaries have been corrupted.
Large rocks do tend to become fragmented in their interiors but this is only when their size
is large relative to the local window size. The window size must therefore be chosen carefully

to achieve the best results for the rock size which is to be detected.

3.2.3 Greyscale Morphology
Introduction

Mathematical morphology provides an aj roach to image processing which is based on the
shape of geometrical structures in the image which is considered to be a landscape. This is
in contrast to traditional linear systems which do not address this issue and are therefore
often limited for image-like signals. When used appropriately, morphological operations tend
to simplify image data by preserving their underlying shape characteristics and eliminating
small irrelevant features in a nonlinear m ner.

Mathematical morphology is based on 3t theory and nonlinear superpositions of signals.
Morphology has been defined for both binary and grey-scale images. Dougherty [19] and
Dougherty and Astola [20] give introduct: / tutorials in background theory of mathematical
morphology and examples of applications nd techniques. Maragos and Schafer [52] provide

a review of morphological systems to show how they can enrich the theory and applications
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Chapter 3: Background Theory

(a) Nearest neighbour (b) Bilinear interpolation (c) Cubic convolution

Figure 3.6: A comparison of the three types of interpolation used for scaling Figure 3.1 by
a factor of 2/3. Since image size is being reduced and no rotation is taking place, there is
very little advantage in using the more computationally expensive techniques for a negligible
performance advantage.

i.e. NN requires 1 data point, BL 4 a1 CC 16.

In this particular application all resampling is required for reducing the size of the image.
Accurate resampling is more critical w n an image is being enlarged or rotated in which case
aliasing effects become more noticeable. Because the image is being reduced and the solution
is not dependent on exact visual char teristics, the importance of interpolation diminishes
and computational cost becomes more relevant.

This is illustrated in Figure 3.6 which shows the same figure reduced by a factor of % using
the three different interpolation techniques. As can be seen, there is no visible difference

between the images.

3.25 T :'EF 1gh Traa o

The Hough transform {32, Section 11.6] is a technique used for the detection of well defined
lines or curves within images. The image is transformed to a parameter space which can
describe all the possible lines or curves in the image. Peaks in the parameter space correspond
to lines or curves in the image.

Duda and Hart [21] describe the Hough transform applied to finding straight lines. A

straight line can be represented using the normal parameterisation:
zcosf+ysinf =p

where 6 is the angle of the line’s norm. and p is the algebraic distance from the origin to the
closest point on the line. 8 is restricted to the interval [0, 7] and the parameters are therefore
unique. The Hough transform involves transforming all points in an image to the 6 — p plane
in such a manner that all collinear pc ts transform to curves that have a common point of
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Chapter 3: Background Theory

(a) Ellipse (b) Rock edges

(c) Hough transform of ellipse (d) Hough transform of rock edges

Figure 3.7: The performance of the Hc ;h Transform is shown here for two example images.
(a) shows the exact ellipse which is to : detected. There is a clear peak in the transformed
image (c) at the corresponding position. The second example (b) shows the sample rock
image in v " h the edges have been detected and thresholded. The strongest response in
the transform image occurs where the edge image contains structural features similar to the

ellipse in (a).

image intensity gradient.

Explicit knowledge is stored as facts and relationships. This form of knowledge is typically
used within an expert system env ynment. The advantage of explicit knowledge is that
it can be readily examined, corre :d or extended. In addition, the knowledge base can

be completely changed for a different problem domain thus providing a more general

system.

Haralick and Shapiro [33, Chapter 19] provide a basis for knowledge based vision systems
ranging from knowledge representation, control strategies and information integration through

to examples of techniques and applicat as.
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Section 3.4: Classification Theory

3.4 Classification .heory

The subject of classification theory is divided into
the subject of pattern recognition is introduced t
between different objects. Section 3.4.2 describes
Algorithms which will be used to improve classi

features for classification.

3.4.1 Pattern Recognition
Introduction

Tou and Gonzalez [89] st:
living organisms. A pattern is a description of an ¢

' that recognition = a

is that of discriminating between various input dat

but which population they belong to.

The design of pattern recognition systems invo
of sensing the data. This is achieved by means of

) parts in this section. In Section 3.4.1
rovide a mech: sm for differentiating
optimisation . »roach called Ger

tion performance by selecting - l

c attribute of man beings and other
ct. The proble

- determine not their individual pattern

of pattern recognition

three stages ']. The first stage is that

'using attention on a region of interest

in the image. The second stage concerns the ext....ion of characteristic features from the

input data to reduce the dimension: ty of the pro
feature vector x = [z1,z2, ..., Z,] which represent:

space.

The third stage is that of vector classification 1
is classified or labelled by partitioning the multidi
to the different populations; in this case, a region f
the regions should be such that the decisions are ne
one should try to minimise the probability of errc

more expensive than others.

Typically the classification is determined by us
tributions or more commonly in a set of training s
and classification is described in [7], [22] and [89] w

are described for performing vector classification 1

The Bayesian classifier is capable of providing
Unfortunately, it cannot be used in this applicat
proposed as an alternative which is relatively easy
is followed by a brief analysis of classification error

selection.
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m. The features can be represented as a

ie pattern as a point in multidimensional

ch is a process by which a feature vector
nsional space into regions corresponding
rocks and the rest for non-rocks. Ideally,
wrong. Since this is not always possible,

or the average cost of errors if some are

: information encoded in probability dis-
ples. The subject of pattern recognition
e several forms of discriminant functions

ler different conditions.

timal results [22] and is described next.
so the k-Nearest-Neighbour method is
implement and is applicable here. That
d how to reduce it using optimal feature

































































































































Chapter 5: Image Formation

accuracy.

The following four chapters are concerned with the development of suitable algorithms for
the purpose of identifying the rocks in the images which have the characteristics described in
this chapter.
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Chapter 6: Image Preprocessing

Global threshold

. . (b) . 'ment-Preserving local (c)
(a) Morphological Gradient area threshold. tmorph = 30.

Figure 6.6: Highlighting rock edges using morphological gradient detection followed by thresh-
olding with Tezpected = 10.

each level of the image pyramid P; where an elliptically shaped object may be present.

6.3.2 Highlighting Rock Edges

This section presents two methods w ch are used to identify rock edges in the image by
creating an edge image I.44, for the purpose of ellipse detection in Section 6.3.3. This process
is similar to the edge enhancement | 3processing which occurs in the human eye and is
responsible for the appearance of Mach bands [70].

In the first case, a simple approach using an edge detection algorithm based on intensity
gradient is described. The second a ‘rnative incorporates knowledge obtained from the
lighting model to produce a more robt algorithm based on image intensity that is matched
to optimally highlight the edges of rocks which fall into the expected size category. Note that
each of these methods results in a thresholded image since the Hough transform operates on

a binary image.

Morphological Edge Detection

In this case, image gradient is used to find the edges of rocks in the image. Edge strength
is determined using the morphological gradient detection operator GRAD(f, g) (described in
Section 3.2.3), because of its isotropic response. Alternatives such as the magnitude of the
gradient could also be used.

Given the input image Pj, the edge strength is calculated as Igrap = GRAD(P;, D)
where D is a disc structuring element with unit radius (this corresponds to a point and its
four-connected neighbours). The output edge image is then found by thresholding Igrap to
give legge.

Figure 6.6 shows the edge strength nage Igrap in (a) and two thresholded versions of it
in (b) and (c). In (b) the local area moment-preserving threshold described in Section 3.2.2
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Chapter 7: Macroscopic Blob Segmentation

(a) Circular mask (b) Elliptical mask

Figure 7.7: Direction masks for circular and elliptical shapes.

For this reason, the first profile was most successful with circular masks. An ellipse can better
model the shape of a rock and it is no nger desirable to allow a large degree of freedom in
the profile as the edge is expected to remain close to the ellipse in all directions. The second
and third profiles should be used when the actual rock shape can be modelled more accurately
due to better localisation of blob edges.

The following section explains how the edge direction mask which was introduced in

Section 3.2.1 is generated given an ellij cal shape model.

7.3.2 Edge Direction Mask

The role of an edge direction mask is to encode the orientation at which edges must be
detected for each point in an image using a directional edge detector. This is achieved by
encoding the normal direction to the boundary of the shape that is encoded by the probability
mask. Note that the direction will be t : same for all points on a radial line. The following
equation which determines the normal rection to the boundary of an ellipse of parameters

a, b and @ given a parameter value of ¢ is derived in Appendix C.3:

( T ) _ < bcosBcos ¢ + asinfsin ¢ > (7.3)

Y —bsinfcos ¢ + acosfsing

w;vhere z and y are the horizontal and vertical components of a vector normal to the ellipse.
Given that the orientation of the radial line is 9, ¢ can be calculated using (7.2).

Figure 7.7 shows the direction masks for the circular and elliptical shapes used for the
probability masks. The direction masks are stored using direction numbers which increase
in a clockwise direction. Sixteen possible edge directions are currently supported and are
indicated with arrows on the direction mask. Note that the direction mask for the circular
shape has equal quantities for each dir tion while the elliptical shape has flatter sides and

therefore larger regions in those directions. The value at each point (x,y) in the direction
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Chapter 8

Blob Classification for Rock

Recognition

8.1 Introduction

Classification theory was introduced in Section 3.4 where it was found that recognition is a
basic attribute of living organisms [89]. The field of pattern recognition involves discriminating
between input data to determine whi population they belong to. There are two basic
problems which must be tackled to achieve this: (1) Suitable features must be identified which
will allow discrimination between the different populations while reducing the dimensionality
of the classification problem. (2) The feature space must be partitioned into regions which
correspond to the different populations.

Once this has been achieved, a pattern recognition procedure commonly consists of the
following three stages [7]: (1) Data sensing involves measuring the object to be recognised.
This was achieved in Chapter 7. (2) The features must be measured from the measured input
data. (3) Feature vector classification ust then be performed by identifying the partition
in the feature space which contains the vector and labelling the current input data with the
appropriate population. Since it is not usually possible to do this with complete accuracy, it
is necessary to be able to measure the classification error and perform optimisation to reduce
it to a minimum.

The goal of this chapter is to solve the two problems associated with a pattern recognition
system and then perform optimisation to minimise the classification error. An alternative
view of this process is that it is an initial analysis of the labelled region corresponding to each
target that was selected by the preattentive stage in Chapter 6. The analysis is aimed at
identifying which targets could actually represent a rock in the image. This corresponds to
the second stage in the human visual system which compares detected objects to an internal
representation and performs identificat n [90]. In practice, this is achieved by analysing

characteristics of the segmented region created in Chapter 7 to determine whether or not it
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Chapter 8: Blob Classification for Rock Recognition

Figure 8.2: Highlighted narrow gaps using the tophat operator in the regions of interest.

Image Foreground

The aim of thresholding the image is to provide a band containing foreground and background
information. This provides an alternative estimate of which points represent the object fore-

ground in the region of interest which c: be compared with the labelled region.

Thresholding can be achieved using either the moment-preserving threshold (See Sec-
tion 3.2.2) or by using the expected intensity and the lighting model to determine a threshold.

If the moment-preserving threshold value is determined to be tmoment then each point in

the thresholded image is calculated using:

1 ifr z,y ~ ¢ ¢
AM—-P—threshold(l’,Z 2{ ( ) momen

0 otherwise

The measured intensity of a horizontal surface was used to determine a threshold t.q4
in Section 6.3.2 for highlighting the edges of rocks by finding shadows. In this case, the
thresholded image is obtained using the following expression:

Al threshold(T,y) = { b I(z’y.) > fedgele
0 otherwise
Figures 8.3 and 8.4 show the results « thresholding the regions of interest using the two
methods just described. It can be seen that the model based threshold generally provides a
more accurate segmentation of the foreground when a rock is present. However, when the
assumption that the centre of R is the centre (and hence top) of a rock is false, then the

model based threshold is not as accurate as the moment-preserving threshold.
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Chapter 10: Results

Figure 10.11: 2nd real image under indirect light with few fines and spread out material.
Execution time 10:43min. This image has been very accurately segmented. Notice that the
instrument has not responded to rocks which are only partially present since they do not have
any part which could be mistaken i a smaller rock. The large rock is too close to the edge
of the image (because of quantisat 1 errors) to be segmented and so the ellipse is shown
instead.

measuring rocks in the image, and t 1t the measured projected area distribution will closely
match the actual distribution.

Note that the size range of rocks that were available for creating laboratory images is only
from around 2c¢m to 5¢m which gives a dynamic range of not much greater than one octave.
The instrument is actually capable . measuring rocks over a range of almost a decade (from
Dpin to Dpge). It can be seen from 1e results that the system is very sensitive to size since
it is able to distinguish between three size categories (in Figures 10.7, 10.8 and 10.9) over the
small range. Although no quantitative results were obtained with a wider size range, there
is no reason why the instrument should not be able to operate correctly, and there is some
qualitative evidence from the images of real rock-streams that this is the case.

The results in Figures 10.10-10.18 indicate that the instrument is robust in that it can

operate reasonably successfully over a wide range of input conditions varying from laboratory
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Section 10.3: Analysis of Results

Figure 10.18: Image of fines and rock material wet belt under direct sunlight. Execution
time 7:34min. This image contains a pathological case in which e conveyor belt is wet and
there is direct sunlight from overhead which has resulted in a lot of specular reflection. The
results.for this image are poor due to the incorre lighting which does not match the model
which is implied in the segmentation algorithm and classification process.
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