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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 selection 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 1 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. 

1 Belt-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. 

1 



Chapter 1: Introduction 

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 

2Rcsidcncc-timc 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. 

2 



Chapter 1: Introduction 

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[l 1] 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: 

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

ment of rock-sizing instruments using machine vision. 

• Investigate image processing techniques that can be used as building blocks. 

3 



Chapter 1: Introduction 

• Investigate the use of pattern recognition tools for rock recognition. 

• Outline the implementation of the adopted segmentation approach. 

• 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. 

• 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. 
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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. 
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hapter 2 

elevant 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 attractive advantages. In [11], the following 

advantages are stated: 

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

and disturbing the feed to the mill. 

• The instrument takes measurements continuously for 24 hours a day. 

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

tions. 

• 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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In this chapter, a review of the literature on machine vision in geneml is given in section 2.2. 

This is followed by previous work on the measurement of rock size distribution using machine 

vision in section 2.3. 

2.2 1\.-fachine Vision 

Shapiro and Haralik define macrune vision as a science that develops algorithms for automat­

ically extracting and a11alyzing useful information from observed images using a computer 

[26, 27). A typical machine vision system consists of a controlled illumination arrangement, a 

video camera and a personal computer with a gr-;.bber card. The earner-;. captures the scene and 

transfonns it to an analog video signal which is then fed to a frame grabber card for die con­

struction oflhe final digital image [18]. The overall physical set up is shown in figure 1. lt has 

been identified in (11] that a typical machine vision system executes the following processes in 

the specified order: 

• Image capture and enhancement 

• Segmentation 

• Feature extraction 

• Matching features to models 

• Exploitation of constraints and image cues to recover information lost during image pro­

cessing. and 

• Application of domain knowledge to recognize objects in the scene and their attributes. 

Except for image capture, most of Lite processes are executed in software.This implies that the 

design of suitable lighting conditions is not incorporated into this approach. However from 

intuition. and from p!<Wious work on the effect of lighting on machine vision systems[19, 17, 

25, 18], il is clear that the design of a suitable lighting arrangement should be incorporated as 

part of the system. rn general, the lighting arrangement should emphasize features which are 

important to the segmentation and subsequent recognition of objects of interest. 
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J Camera and light sow-ces 

Material on the belt 
Computer with a video grabber card 

Figur~ 2.1: A Typical Machine vbhm sy~t<.:m fur rock siting 

In the next sectioos ;,n introduction to the major building blocks of a machine vision system is 

giveo in the fonn of controlled illumin;,tion, digital image processing and pattern dassification. 

2.2.1 Controlled illumination 

The appear;,nce of objects in images i~ due to the reflectance pmperties of oh_jects under imag­

ing. For there to he rcllcction there should incident illum.inatioo. Duriog the image formatioo 

process. the reflection of light on the object's surface (radiance) is captured by rhc light sensors 

of the camera In a charge-coupled device (CCD} camera, the light sensors form a rectangular 

grid of electron collection sites fun. Each site has three layers: rhe thin silicon w;,fcr, 011 top of 

which is the layer of silicon dioxide, .01d finally the cooductive gale stn1cture deposited on the 

dioxide [ 18]. The light energy falling on each collection site is measured. The measured light is 

then converted 10 an an;,log volu,ge which is sampled and digitized for compnter representation. 

8 
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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 [l]. 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 fat an image point, is proportional to the scene irradiance E (the amount of 

light incident on the objects) and the reflectance rat 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 [l]. 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 
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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 

11 
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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 1 in the image 

1 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. 

12 
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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 stereology and geometric probability principles [40]; inherent sources of error of optical 

digital fragmentation measuring systems [43]; c!se 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, 

anq finally some form of feature-based classification for object recognition. 
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Chapter 3 

Traditional Image Processing 

3.1 Introduction 

Digital image processing involves the development of computer algorithms for image analysis 

and the subsequent extraction of the o~jocts of interest [8]. The core processes are usually 

image enhancement and segmelllation. In this work, digital image processing is divided into 

traditional and morphological image processing. Traditional image processing techniques are 

regarded as the very old techniques which are commonly used in the image processing field. 

This chapter is concerned with the provision of theoretical background of traditional image 

processing techniques that can he used as the huilding hlocks of the rock-scene segmentation 

algorithm. 

An image is considered as a continuous 21) function J(x,y) where x and y are Lhe horizontal 

and vertical spatial displacements. A digital image is a sampled and quantized version of the 

continuous f(x,y). This digital image is then stored on computer memory as a 2D arrny of 

picture elements or pixels. Figure 3.1 shows an example of a digital image in the form of a 

scene of rocks on a moving conveyor belt. 

The scene consists of tines and rocks of various sizes. brighmess values and surface textures. 

The smaller rocks appear to have the same brightness as that of tines. These were pre-classified 

as tines by a grizzle t for storage purposes L38] hefore heing loaded on the conveyor. The 

image is taken from a video sequence of frames taken during a sieving test-work exercise at the 

Waterfall plant in Rustenbcrg. 

1 A grizzle i:-. a form of screen or i.ieve which is u~ed to :.-allow rocks of cenain size to pass chrou~h. 

IS 



Chapter 3: Traditional Image Processing 

}"ii;ure 3.1: A scene of rocks on a con\'eyor bel1 

The main objective of the image processing in this context is to extract rock edges to facilitate 

the measurement of enclosed areas as rock size. As means of achieving this objective. two main 

approaches in the form of edge detection and grey-scale thresholding are investigated. This 

chapter is mainly divided imo two sections, a background theory on gray level thresholding 

techniques is given in 3.2 and edge detection techniques ill 3.3. 

3.2 (;ray level Thresholding 

Thresholding is the simplest fom1 of image segmentation where gray value thresholds are se­

lected for discriminating between two or more classes of gray-levels in an image [ 11]. 'I11e 

simplest case is bi-level thresholding where a single threshold is selected for discriminating 

between two classes of gray-levels. The threshold is usually chosen from the gray value dis­

tribution or histogram of the image. These methods are called image histogram dependent 

threshold selection methods in the literature. 

Most of the techniques, such as Tsai's moment preserving and Ot~u•s discriminant analysis 

methods assume that the histogram of the image is bimodal and attempt to extract a gray 

value with the minimum frequency count between the two peaks as the threshold (34]. The 

underlying assumption is that the backgrOUJld and the foreground gray values are generated 

from two different gaussian distributions resulting in a clear distinction between foreground 

and background[34]. However, this assumption does not always hold, particularly for complex 
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scenes such as a scene of rock assemblages which tend to have rocks with similar gray values 

as the fines. 

The rock-scene image of figure 3.1 is a particular example where global thresholding is nor 

expected to be successful, due to most of the rocks appearing to have approximately the same 

hrigh1ness as the fines. As a consequence !he resullam rock-scene segme111ation is inaccurate 

as shown in figure 3.2. Tn this figure, the threshold is manually tuned lo he the gray value al the 

local minimum between the two peaks. An ideal case is the situation where one peak represents 

1he shadow regions and the other represents the rocks; a threshold in the middle would then 

result in a good segmentation ou1pur where rocks are revealed . 

.-t;•Hll:tll">I ·-
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, 
·~ ·1 
·~ I I 

·1 
• 
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t ,...., 

' } •• ~· ii 
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' " ·~ ,. ... ·-
Figure 3.2: A scene of roch on a conveyor heh, iL'i corresponding histt,gram with a manu3lJy 

,elected ,hre,hold of I 07 :,n<l t!,e resultant him,ry image. ll can be seen that selecting 

the optimal value of'T a~ Lhe minimum gray-level between the 2 peak~ doc.-.; nol rc\·e:.tl 

all the rocks in 1he image 

Prom here onwards, background theory 011 various lltresholding techniques is presented. 
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3.2.1 l\lo1ne11t .Prese1•ving technique 

The moment preserving threshold technique was developed by Tsai [ll] for selecting an opti­

mal threshold given an input. image. Tt uses the first four momenls of a gray-level probability 

distribution namely the area, mean, variance and skewness. For Bi-level thresholding it a~ 

sumes that lhe gray-level probability distribution of an image is bimodal where the two mean 

gr-.i.y-levels of the foreground and background, and 1he threshold Tare estimated using the fol­

lowing proc.edure: A gl"<ty-level probability distribution is computed from the image histogram 

using 
p . - 11j 

i - N (3.1) 

where 111 is !he frequency count of pixels wilhgray-levelj, N is the total number of image pixels 

and j ranges from O to 255 gray-levels. The nrsl 4 moments are then compule<l using 

255 
m; = "'£,/Pj 

j =O 

(3.2) 

where m; is the i'1' moment with i r<1nging from O to 3. This technique requires that these 

momems be preserved after thresholding. In a bi-level thresholding case, a single threshold T 

is used to classify two classes with mean gray-levels wu and 11•1• The first four moments of the 

resultant binary image are given by 

I 

m: = "'i, WkPk 
k=O 

(3.3) 

Here po is the fraction of gray-levels below T, Pt is the fraction above Tandi runs from Oto 3. 

Equating (3.2) and (3.3) produces four eqnation.~ which are called moment preservi11g equations 

for bi-level lhreshol<lingf] 1]: 

Po+Pt = 1 (3.4) 

(3 .5) 

(3.6) 

(3.7) 

18 



Chapter 3: Traditional Image Processing 

The fraction of gray-level~ less than the threshold Ti$ given by 

(1.8) 

The solution of the moment preserving equations determines the value of po. which is then 

used in equation (3.8) to determine the threshold T. The details of the procedure for solving the 

moment pre$erving equations is outlined in [I l]. Applying this technique 10 the image under 

analysis we get the following variables of interest fmm the solution of the moment preserving 

equations. 

, .. 

'fable 3.1: Variables of interest of the moment preserving 1echniq11e 

variable value 
·-

T 112 

II'() 78.2 

Wt 14'.>3 

/JO 0.74 

m1 95 ... 

1,·;~urc 3.3: Moment pre,erving threshold output. The threshold is dclcnnincd to be 112. TIie 

b:«:kground am! foregroun(I meau gray-levels nl'e fot11t(I to be 78 and I 43 respectively. 
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Tbe results show that a global threshold determined from the moment preserving technique does 

not reveal most of the rocks. A global threshold of 112 is higher than the manually selected 

value of 107 and thus reveals rocks even Jess than before. The image under analysis has rocks 

which appear to be covered by fines, and these are the rocks which are not detected. 

3.2.2 Discriminant Analysis technique 

Otsu proposed a threshold selection method which determines the gray-level threshold using 

discriminant analysis theory [34). The following mathematical formulation of this technique is 

obtained from [34]. 

As in the moment preserving technique discussed in the subsection 3.1, the gray-level histogram 

is norrnafued and regarded 11$ a gray-level probability distribution using equation 3.2.l. For 

Bi-level thresholding the image pixels are classified into two classes Co and C1, where the 

probabilities of class occurrences mo and m1 are detennined from 

and 

where 

and 

1' 

mo= LPi• 
;~o 

255 

w, = I., p; 
i=t+I 

r 
m(T) ~ LPi 

i · ·O 

T 

/t(T) =Lip; 
i=O 

255 
/J,o, = Lip;= Wo/10 + W1 /II 

/=CJ 

20 

(3.9) 

(3.10) 

(3.11) 

(3.12) 

(3.13) 

(3.14) 

(3.15) 
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The between-class variation or class separation is then computed as: 

(3.16) 

which is then written in terms ofT-values as: 

(3.17) 

An optimal threshold value is detennined hy maximizing the between-class variance <:>1 to 

obtain Top,: 

The result of applying this technique is shown in figure 3.4 . 
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Figure 3,4: A ninru-y rock scene ob1ai11ed using Oisu's method with an optimal threshold value 

of I 06.5 and its corrc:sponding histogrrun plot shown with !he bc1wccn-dass variance 

on the same set of axes 

(3.18) 

The results show that a global threshold value determined from the discriminant analysis tech­

nique does not rcvea.J all of the rocks. The global threshold obtained is 106.5 and thus the same 

rocks arc revealed as J'or the manual procedure. 

3.2.3 Adaptive thresholding 

In order to extract regions of varying brightness and contrast, an adaptive gray level threshold 

which varies depending on pi.xcl neighborhood statistics is desirable. 1110 simplest and most 
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widely used statistic is the mean or the moving average. Other variants include the adaptive 

gaussian thresholding, where the weights decay as a gaussian function of the distance from the 

kernel center [30]. 

Adaptive mean thresholding 

This form of thresholding is implemented by firstly highly smoothing the image with a large 

uniform or moving average filter. and using the blurred image for thresholding the original. 

The sliding neighborhood kernel has equal weights that sum 10 unity and its shape is square. 

Each pixel intensity in the smoothed image is computed as tlie weighted average gray level 

of the pixels within the sliding neighborhood on the input image l(x,y) using the convolution 

operation 

1,(x.y) =I* K = LLl(i,.i)K(x -i,y·- j). 
i j 

(3.19) 

Here ls(x,y) is the smoothed image and K(x,y) is a p by p normalized mask with p being an 

odd integer. The original image is thresholded with /., as the adaptive threshold, and the output 

is the binary image B where for all indices i and j: 

B(i,j) = 1 if /(i,j) > I,(i,j) CJ.20) 

and 

B(i, j) = 0 if l(i,j) $ l,(i,j) (3.21} 

Results after applying this scheme to the rock scene image under analysis are shown in figure 

3.5. 

lt appears that small kernel window sizes detect small strucrures, such as small rocks and lines 

at the expense of large rocks being split. and noise detected . On the other hand, larger window 

sizes reveal big rock.~ with high success at the expense of smaller stmcrures being missed. 
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Figur~ 3.5: Adaptive mea.n threshoJtling outputs with kernel •.vindow si:t.es of J5x 15 and 31 x3J at 

the top from left to right ru,rl kemel window siz~s of 75x7S and 9h9I at the bottom 

fmm Jeft to right 

3.2.4 The two-window adaptive thresholding technique 

Ii is of utmost importance th.it all 1he rock si~es within 1he image are detected. In this work, 

a two window adaprive thresholding technique is impleme11ted based on this requirement. It 

uses the observation poimed in previous subsection, namely small kernel window sizes tend to 

detect small rocks while larger window sizes detect larger rock sizes. 

Depending on the size of the image under analysis, two windows of siies w1 and w2 are selected. 

' l\vo successive adaptive thresholding processes are applied on the input resulting to two binary 

images. A logical OR operator is then used 10 combine the 1wo binary outputs It) imprnve the 

connec1ivi1y of detected pixels. TI1e final output of applying this technique to the image under 

analysis is shown in figure 3.6. ·11,e window size$ of 25x25 and 95x95 were used. 
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Figure 3.6: The output of the l "-\'O·win<low acfap1ive thrertholding technique 

3.3 Edge detection 

Edge dctcclion is required in this application ro trnce the edge of cad1 roc:k in the image so 

that the areas of the enclosed regions can be accurately measured. It is one of the oldest seg­

mentation tcl)hoiqucs in wmputer vision. together with gre.yscale thresholding[ BJ. However. 

it is expected to produce more accurate re~ults than thre.sholding in this application due to the 

variations in gray levels across surfaces inhibiting the suc:cess the thresholcling approad1. Edge 

detel)tion involves detecting gray level discontinuitie.s in an image with the aim of revealing 

n~jccts of interest. 

There are two types of edge detectors and these are template matching and differential gradient 

or Laplaciau techniques l[]. Differential gr-ddient operators use two masks to detect edges in 

the vertical and horizontal directions. On the other hand, the template matching approach can 

use up to 12 masks for detecting edges in various directions l 13]. This work only inve.~tigates 

the differential gradient techniques due their simplicity and easy implementation. The original 

image l (x,y) is wnvolved with masks K;(.~.y) whid1 detect edges in the horiwntal and vertical 

direc:tinns. The outputs O;(x,y) arc l)Ombined via some function G to obtain the e<lge detec:tinn 

map. 

Ol,,Y) = l(x,y),. K, (x, y) (3.22) 

(3.23) 
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A conunonly used combining operator is the nns (root mean square) operator defined as: 

{3.24) 

lt is common practice to threshold the edge strength map so that the strongest edges arc detected 

and the noise is suppressed. The noise is a result of the noise enhancing property of a derivative 

giving rise to the detecced edges being accompanied by spots. Edge dececcor outpucs are noc 

thresholded in this work since the actual edge strength is required by the watershed transform 

which is described in chapter 5. This section provides descriptions of different edge detectors 

and investigates chcir application to rock fragmcnration images. 

3.3. l The simple gradient operator 

lloriz(mtally and venically adjacent pixels are subtracted and divided by the pixel spacing to 

approximate the gradient. The two outputs are combined using therms operator. Let the original 

image be l(x,y) tltcn cite vertical component of the gradient is given by: 

G,,(i, j) = l(i, j) - l(i,j - I) (3.25) 

and the hori:£ontal component is: 

G,,(i.j) = l(i.j)-l(i- 1, j) (3.26) 

Then the rms operacor produces 

(3.27) 

Figure 3.7 shows the ot11put after applying the gradient operator on 1hc image under analysis. 

The outptll appears to he noisy particularly on nick su1faces. Ideally. high responses are desired 

at the boundaty and not on the surfaces. A suitable pre-filter should reduce the effect of noise 

and rock texture. 
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l•'i~u.rc 3.7: The simple grndicnt operator uutpul 

3.3.2 The Sobel operator 

The Sohd operator computes the derivative of the image using the sobel approximation to the 

derivative as shown in the two masks below. Paliial derivatives in rhe horimntal and vertical 

directions ~re ~pproximated hy w,~ighlcd pixel difforenccs in rh,~ respective directions. l\,~igh­

horhood pixels which are vertically and horizontally aligned with the center have hi2hcr weie.hts 

than the resr. The differences are divided by the number of neighborhood pixels excluding the 

cemer pixel. Therms operator is used to combine the two outputs. 

Tuhle 3,2: The hori,.ont~l direction de1~ction m~sk 

-1/8 -2/8 -1/8 

0 0 0 i 
! 

1/8 2/8 l/8 
- ...... ' 

Tahle :.'-3: The vertical direction detoction ma.°'k 

-1/8 0 1/8 

-2/8 0 218 

-1/8 0 1/8 
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FJgu.re 3.8: The Sobe) operator outpul obtained using:> neighborhood ~izc of3x3 

Figure 3.8 shows lhe resull of applying this operalor on the image under analysis, This outpnt 

is slightly better than the simple gradient onlput in that it is less responsive to wck-tcxturc bnt 

also suffers from noise sensitivity. It also requires pre-filtering with a low pass liltcr. 

3.3.3 The Prewitt operator 

The Prewill opernlor compllles the derivative of the image using the Prewitt approximation to 

the derivative as shown in the 2 masks helow. This operator is similar Lo Lhe Sobel excepl lhat 

the nonzero clements of Ute mask add up to nnity. The ma~ks of Prewitt are apparently optimal 

while those of Sobel are nol (13]. ·111is is hecause each of the non-7.ero elements in mask has 

equal contributions Lo the final response while the Sobel operator response is dominated by the 

clements which arc aligned with the center clement. 

Table 3.4: The ho,i,ontal direction detection mask 

-1/6 -1/6 -1/6 

0 0 0 

116 1/6 1/6 

figure 3.9 shows the outpnt after applying Prcwitt's operator on the image under analysis. IL is 

similar to the gradient and Sobel onlput in that it requires pre-filtering to reduce noise sensitivity. 
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1able 3.5: The vertical direction detection mask 

-1/6 0 l/6 

-1/6 0 1/6 

-1/6 0 1/6 1 

Fi~u.rc 3.9: The Prewia operator output obtained using a neighborhood siz.e of 3x3 

3.3.4 The I ,aJ>lacian of Gaussian 

This opera1or locates edges by com•olviog 1he image with a Laplacian of Gaussian mask. A 

continuous 20 Gaussian func1ion K(x,y) is given by: 

( . .i ... ,2) 
K(x,y)=e- --.;;r. 

The Lap!acian operator V2 on the gaussian function can be written as: 

..,2K(. ) _ o2K(x,y) o2K(x,y) 
V ~,)' - '.\ O + :,_,2 

ax· vr 

{3.28) 

(3.29) 

After substitution and taking deriva1ives the final Laplacian of gaussian operator works out to 

be; 

(3.30} 

This operator effectively detects local edges around the pixel in questions due the dip in weights 

around the center. The space parameter cr controls the width of the dip and thu.s the width of 

the de.tected edge traces. The larger it is, the wider the edge tracks become. Figure 3.10 shows 

25x25 laplaciao of Gaussian mask wilh a o value of 2.5. 
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flgure 3.10: An example of25x25 Laplacian of gaussian operator with the sigma value of 2.:1 

Figure :3.11 shows the result of applying 1he Laplacian of Gaussian on the image under analysis. 

The edge strength at lhe boundary is very high all around the rock boundary. The response is 

high even for the weak edges and thus il i, highly sensitive. rock-surface cracks and texture. 
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~1gure 3.11: The Laplacian of Gaussian up.:raLor output wilh a neighborhood size of 4 lx41 and 

n sigma value of 2.5 

3.3.5 The Canny open1tor 

This operator filters each column of the image with a 1-D Gaussian and then filters the outputs 

with a 1-D derivative of the Gaussian to obtain gradiems in the vertiCll.l direction. This operlltion 

is repeated on the transposed image to obtain grlldients in the horizonllll direction. The two 

gradients are finally combined using therms operator. A simpler implementation convolve.~ the 

1-D gaussian mask and its derivatives first and tL~es lhe resultant ID mask to convolve the image 

along each column in each of the directions. In fom1al terms: 

(3.31) 

K'(x) = (-;)e-<-&zl. 
(J 

(3.32) 

The ID operator is computed as the convolution: 

C(x) = K(x) •K'(x) (3.33) 

The image l(x,y) is convolved with the column vector C(x) along each column to obtain edges 

in the vertical direction. Au example of a 1-D Canny operator C(x) with a a value of 2.5 is 

shown in figw-e 3.12. The image T(x,y} is then transposed and convolved to obtain hori:,;ontal 

edges. The rms operator is used to combine the two outputs. 

The parameter o controls the width of the traces and the rejection of noisy responses. A smaller 

value reduces the width of the traces and results in ll noisy re.~ponse due to rock-surface cracks 
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The Canny 1D Kernel . .,,~------'--~-~--~ 

"' 

' ' I 
' ' ' ' 

io .~ i-o ~ XI -» .. ·· ·40· ··· ➔ 
Domain of support 

Figure 3.12: ·11te 1-1> canny operator with a sigma value of2.5 

and rcxnire. A larger value increases the width of the traces and results in a less noisy image. 

Figure 3.12 shows 1hc output of the Canny operator on the image under analysis. It has lower 

edge strength response on rock surfaces and high responses on the boundary. It appears to be 

less sensitive to noise, rock-surface cracks and texture than the other gradient operators which 

are under investigation. 

tigurc 3.13, The Canny operator output with a ;igma value of 2.5 
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3.4 Summary 

This chapter introduced traditional image prncessing procedures that can be used in the devel­

opment of the segmentation algorithlll. It is apparent that thresholding techniques can be used 

for locating possible rock locations in the image, while rock-edge detection can he used as a 

guide for tracing out edges of rocks in an image. 

The investigation shows that the adaptive thresholding method is more suitable than the 

histogmlll-dependant global thresholding approaches on rock-scene images. Tius is because 

of its ability co adapt the threshold according 10 gray-value changes witliin che image. However 

the window size of the: filter affects the range of sizes of the particles that are detected. As a 

solution to this problem a two-window adaptive thresholding method in introduced. It is found 

to be the best method for thresholding images of rock-scenes. 

finally, wck-edge detection methods are also investigated. It is apparent from the investigation 

chat. with the exception of the Canny operncor, most of these mcchods require a pre-filtering 

siage. The canny operator output appears to he the best of all the operators' outputs since it has 

weak responses from noise and texture variations but strong responses al the actual rock edges. 

The Laplacian of Gaussian appears to have the worst response (Ill the rock-scene image under 

analysis. I lowever, with the introduction of pre-filtering methods the rankings of the operators 

may change. 
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Filtering methods 

4.1 Introduction 

In computer vision .ipplications. the noise !hat is imposed m1 digital images comes from dig­

ital imaging pro<.:esses such as sampling, qt,antizarion and random distt,rbances in the capture 

hardware. Noise is undesirable and should be redu<.:ed before further processing <.:an take place. 

A common property of noise is the wide spectrum of frequencies that it o<.:cupies. As a conse­

quence, the general objective of smoothing tedmiques is to remove the high frequency compo­

nents without severely distotting the signal of interest in the b.ise-band. This can be achieved 

using low pass filters such as the neighborltood averaging tilter. 

The type ol' noise that corrupted the signal of interest is usually unknown. The general assump­

tion in the signal processing community is that of a zero-mean white gaussian noise with small 

v.iri.incc. while the signal of interest is a smooth function. The obje<.:tive is to recover the under­

lying signal of interest However, a filtering operation may be required for more than jusr noise 

suppression but also to enhance objects' appearances by making gray level disccmtinuities more 

prominenc[ I). In this case linear approaches fail as they blur edges and surfa<.:es equally. Non­

linear filtering approaches, which are tailored for edge preservation, are better alternatives and 

they have recently found great attention within the research communities of signal processing. 
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This chapter is concerned with noise suppression and image enhancement techniques. some of 

which wHJ he used in the suhsequenlchapters of this dissenation. A background theory of linear 

and nonlinear approaches is given. A qualitative comparative evaluation of these methods on 

the mck frngmenlation image under analysis is carried-om &imultaneously. 

4.2 Linear filtering 

Linear filters smooth the image by convolving it with a mask of weight&, such that each pixel's 

gray level in lhe outp\tt image is a linear combination of grny levels in a predefined neighbor­

hood. The simplest of these is the box filter or the uniform filter where the normali7.ed mask 

consists of equal weights. However, pixels which are spatially close together within a p1'ede­

fined neighborhood tend to have approximately the same gray value, and the box filter docs not 

exploit this. On the other hand the Gaussian filter exploits Lhis hy assigning a higher weighting 

to the pixels within the ma&k which are closer to the mask-center. In this section, theory of 

linear fillers such as lhe box and lJJe gaussian filters is discussed and their applicability lo the 

problem of smoothing rock scenes is investigated. 

4.2.1 The uniform or box filter 

The image is convolved with a mask of equal weights whose lotal sum is unity for preserving 

the gray value of a flat region. The underlying assumption here is that the image is a smooth 

low-frequency signal corrupted by white gaussian noise with a small variance. The a~signing of 

the mean gray value of the neighboring pixels to each pixel as the estimate is optimal inside the 

almost flat regions since the least squares em,r is minimal. However images have discontinuities 

which characteri.<:e o~jcct shapes where the estimate is affected by the huge deviation in gray 

values. The grny value~ which differ significantly from the rest. in the neighborhood should he 

treated as outliers and not be included in the estimation process, so that the estimate lies on one 

of Lhc flat surfaces. 
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OFT mas,ilbd, of , lxl toxtilter 

,. 

I I I I 

Fi~ure4,1: The Fourier tr~nsform of 3s3 and 7x7 box fillers 

The box filter has a discrete Pourier transform (DI-T) in the form of a sine function as shown in 

figure 4.1. This is a poor low pass tilter becau~e the attenuation does nor increase monotonously 

with increasing ~patial frequency instead it oscillates (31) . The significance of this is that high 

frequency noise is not removed e11tirely by the box filter due to the huge side-lobes as shown in 

figure 4.1. As an example. tigure 4.2 shows the effect of increasilltt the box filter size from 3x3 

to 7x7 in the spatial domain. As can be seen, local det.1il in the form of small sized rocks and 

texture across surfaces is being lost. This is due to the main-lobe being narrower as the window 

size is inc,-eased. Texmre reduclion is desired but the destruction of small sized rocks is not a 

desired effect. ln addition to the destructio11 of ~mall structures, rock edttes are blurred as well. 
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Figul'e 4.2: The effect of varying the ma~k si1e of ::i unifom, filter fTom Jx3, 5x5 to 7x7 

4.2.2 The Gaussian Filter 

The Gaussian filter is a special kind or a moving averaging filter where the mask weights de• 

crease radially from the center to the margins of the mask. It is expectcct to smooth beuer than 

the uniform filter as the DFT or a gaussian with space parameter o is another Gaussian with the 

space parameter being the reciprocal of o. Thus the frequency decreases monotonm,sly with 

increasing spatial frequency. It has a number of desirable mathematical propenies which arc 

used to increase computational speed. One such property is its separability as a result of: 

(4.1) 

The space parameter cr controls the degree or smoothing. /\ larger o value reduces rhe band­

width nfthe tilter, thus destroying the high frequency content such as noise, rock texture, fines 

and small rocks. On the other hand a lower value increases the bandwidth and thus reduces the 

deg,:ee of filtering. The space parameter is exploited in many applications for the detection of a 

wide range of ohje<.:l si..:es in an image by filtering the image with various cr values. This result 
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to a scale-space paradigm inrroduced by \!/itkin[66] defined as 

l(x,y,1) = lo(x,y) * G(x,y,1) (4.2) 

where /(x,y,1) is a population of Gaussian filtered images. lo(x,y) is the original image and tis 

the scale space parameter which varies from O (the unfiltered original) co the maximum value 

(the coan;est scale). It is shown by Koenderink[35} and Humme1[28J that this population of 

images can be viewed as the solution to the heat diffusion equation: 

(4.3) 

where lo sets the initial condition. As an example, figure 4.3 shows a scale-sp.ice representa­

tion of rock scenes. The increase in the scale parameter transforms the images from a fine to 

coarser scales. The drawback of chis approach, which has been pointed out in [52] is the loss 

of "semantically meaningful" object descriptors, namely edges. In their work Perona and Ma­

lik go further by proposing a new scale space paradigm using anisotropic diffusion as opposed 

isotropic diffusion offered by the linear Gaussian filtering. Anisotropic diffusion is described in 

detail in section 4.3.2. 

37 



Chapter 4: Filtering methods 

··1 
.,,·. 

! 
? 
g 

, 

~ . •. 
> X 

.. 

' • · 

·•· 

., ' ,,,-.r 
• 
", • .. , . ,. ~ ,.,.:..,,,-.1_ ... ,, 

l\f/<Uf11·w,.1w,Qo,LO ,, ,. 

\ 
I 

' I' 
' 111 I, ,), ., .' J , \ 
~ '" i :r.•· !11 "t 'I; 
5 .. ,I 

\ I ~- ,i,1' I 
I ,, ', ,.. 

• II)./ ,
11
ip ,,.1-, ....... , .. 

I '1l-1. I II . . 
• I ' I 

•, · ;, ·o '" ·~· 
..... ,, ........... ,., .. 

•·1gure 4.3: A scale space set or derivecl images with the space parameter t on • 2Sx25 neighbor­

hood im .. -reasing from Oto 3 where t i~ zem corresponds to the original image. L3 

denotes the low-pass filtered image at ti~ 3. 
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4.3 Non-linear filtering 

As pointed out in the previous scclion, linear filtering methods do nor preserve the edges of 

objects in an image. and thus cannot be used as a pre-filtering scheme for rock edge detection. In 

this section non-linear filtering methods which preserve edges during filtering are investigated. 

The ~ct of filters under investigation consists of rank value, anisotropic diffusion and bilateral 

filters. 

4.3.l Rank value filters 

The tilters 1hal have been considered so far use 1he convolmion opcralion 10 smooth the image, 

hence the linearity property. The convolmion operation multiplies the signal values which fall 

within a window and sums the products. This operntion blurs edges due its sensitivity to outliers 

in gray values. On 1he 01her hand, rank value filtering is a non-linear operation where the grny 

values of pixels within 1he mask arc compiled imo a list, sorted in ascending. order and the gray 

value in a particular posi1ion of the !isl sclcc1cd as 1he gray value of the ccmcr pixel. A median 

filter is a common type of a rnnk value fi ller where lite medium (S0'"percenlile) value in the lisl 

is selected. Figure 4.4 illustrates the OJJera1ion of a 3x3 median filler. 
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output 

32 3_; 32 32 32 32 
.l'.!l----"3~.Si:;:3~113~~~34:LJ-:-'~2:... 

J.4 ,2 32 .n .,2_ 
3334 32 J'.! 32 
33 32 32 32 34 

~1gure 4.4: mustr-..iion of rank value filtering in a 3x3 neighborhood with the medium value heing 

selected from the sorted list 

The median filler is robust to outlien; as it eliminates gray-value or color outliers from the image. 

It preserves edges to some degree due rhe selection of the median value which ignores outliers 

in the mask It is expected to remove impulse noise without severely affecting the neighboring 

pixel gray values. It can be used for pre-filtering to reduce the texture variation across rock 

surfaces without significantly blurring the edges. Figure 4.5 shows the filtering performance of 

3x3, 5x5 and 9x9 median filters on the analysis image. It is apparent that spots and gray-value 

spikes are progressively removed as the filter support is increased. lo addition, the edges of 

smaller structures also lend to diminish with increasing filter-support size. 

Based on these results it is apparent that the median filter is not a powerful edge preserving 

filter for this application and thus cannot be used for this putpose. Instead it can complement a 

powerful edge preserving filter by pre-filtering co remove impulse noise and gray-value spike.~ 

prior to applying an edge preserving filter. 
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4.3.2 Anisotropk Diffusion 

Anisotropic diffusion is presented by Perona and Malik in (52] where they improve the stan­

dard scale space paradigm to preserve edges. The linear scale space paradigm introduced by 

Witkin[66] = be viewed as isotropic diffusion which is defined by the partial differential equa­

tion: 

I,= div(c(x,y,t)VI) = cl:,/ (4,4) 

where 

c(x,y, 1) = I. (4.5) 

The div operator denotes the divergence opemtor, V / is the gradient of the image 1, 6/ 

is the Laplacian operator on I and c(x,y,t) is the diffusion coefficient. As pointed out by 

Koenderik[66], this form does not permit space variant smoothing due to the constant diffusion 

coefficient c. As a consequence surfaces and edges are blurred equally. This is the fundamental 

flaw of this paradigm. 

Ju the anisotropic diffusion framework, Perona and Malik al low spatial varying smoothing by 

selecting a suitable 11onconsrant function for the diffusion coefficient resulting in the partial 

differential equation 

I, =div(c(x,y,t)VJ) =c(x,y,t).61 'vc•V/. (4.6) 

Ideally the diffusion coefficient should be unity on flat surfaces for isotropic diffusion and zero 

at the boundaries for edge preseivation. A gr.idient image V / is a good indicator of region 

boundaries and can be used to adapt the diffusion coefficient c(x,y,t) using: 

(4.7) 

where IIV!(x,y,1)11 is the gradient magnitude and g(IIV/(x,y,1)11) is tlie so called "edge stop­

ping" function. The desirable properties of this function are tl1at it should approach unity for 

small gradient magnitudes and zero for la.tl;e gnidient magnitudes. The success of the filter­

ing depends highly on the choice of the edge stopping function used. rn the next section, the 

discrete formulation is presented. 
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Perona and Malik's d iscrete formulation 

l'emna and Malik approximated lhe continuous anisotropic diffuidon equation wilh the follow• 

ing discrete version L 4 7 J: 

(4.8) 

where ~( is the discrete image after the t iterations in a 2D grid. s denores the current pixel 

position,,, determines the rate of diffusion. 1), represents lhe spatial neighborhood of pixels. 

and I ll, I is the 11umbcr of nearest neighbors of pixel s a, ,hown figure 4.6. The image gradient 

in a particular direc:lion is approximated by: 

where p is a member of lhe 4 nearest neighbors of s. 

1!11 

s 

figure 4.6: The neighborhood rel1ttions berween the pixels of the discrete anisotropic diffusion 

equation shown at the boundar)·. 

The edge stoppinv; function 

(4.9) 

'TI1e issue of selecting the apprtJpriate edge stopping function requires further ctJnsideration. 

Black and others [47] invesligate various edge ~toppi11g fu11ctions, where they establish a rela­

tionship between anisotropic diffusitJn and robust estimation. The set of edge sropping functions 

include the Lt>rent;,:ian, I luber's minimax and Tukey's hiweighi which are derived from relevant 

error norms. In their work, anisolropic: diffusion is viewed a, a rohttst esiima1ion proc:edure for 

estimating a piecewi,e '11\0olh image from a noisy image. The asst1mption is made thal the 
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noise is Gaussian distributed with zero mean and a small variance, and it is pointed out that this 

assumption is not valid at object's boundaries as some of the pixel's neighborhood gmy values 

are outliers. Some of the highlights of the work in [4 7] are outlined in the remainder of this 

section. 

In robust statistics. the problem of estimating a piecewise smooth image from a noisy one can 

be posed as an optimization problem, where an image is sought wllich satisfies the criterion: 

(4.10) 

Here P( ·} is a robust error norm and cr is 1l1e scale parameter which controls its width. The 

design of the robust error norm should ensure thac the effect of outliers at the boundaries is 

reduced. i\pplying gradient descent to the problem results in: 

1;+1 =l!+-
1 

A I L 111(/p-l;,a), 
l]., p€1h 

where ljl(lp - I,, cr) = p'(/1' -1.,cr). 

(4.11) 

The function IV is termed the influence function in robust statistics liternture [ 47]. Comparing 

the robust estimate equation 4.11 to the discrete formulation by Perona and Malik in 4.8, it is 

clear that the relationship between the 2 fomiulations in tem,s of an arbitrary input x is: 

g(x)x = 1V(x,cr). (4.12) 

This relationship can be exploited by viewing anisotropic diffusion as robust estimation and de­

termining how large a magnitude gradient should be for it to be classified as an outlier ("edge") 

using cr. Figure 4.7 shows the relationship between lhe 2 formulations graphically using the 

least-squares, Lorenzian and Tukey's biweight functions. 

A qualitative comparison of the functions reveals that the Lorentzian is more robust to outliers 

than the least squares since its edge stopping function g(x) tends to 1.ero as x tends to infinity. 

fdeally, the edge stopping function should be zero above a certain threshold. Tukey's bi-weight 

function achieves this by stopping diffusion completely above a threshold o . In [47], the value 

of sigma is deiermined as the "robust scale". a,, of the image found using 

cr, = 1.4826MAD(IIV!II) = J.4826median,[IIVJ-median1(llv'lll)II]. (4.13) 
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The parameter cr,. is a rohust estimate of tlie variation in gradient magnitude of image I. The 

Mi\D dellotes the median ahsolute deviation and Lhe constant l .4826 is selected such that cr,. is 

unity for a zero mean normal distrihuLion with a variance of unity. This occt,rs when the Mi\D 

is 0.6745 [7]. The results of applying the defined anisotropic: diffusion filter with a CT value or 

0.0196 Oil the image under analysis, for a val.'ying nt1mber of ilerntions rare shown in figure 4.8. 

Observing the cross sectional profiles, it call be seen that where huge deviations occur in gray 

value, diffusion does not take place, while on regions with small challges ill gray value diffusion 

increases with Lhe number of iterations. Inspecting Lhe actual filtered images, it call be seell that 

texture on rock suifaces, cracks and edges are preserved. This is due to the low cr value. This is 

the scale space paradigm proposed hy Malik and Perona as a replacemelll of the linear standard 

paradigm. 

An interesting scenario is where the image is anisotropic diffused with various CT values while 

keeping the numher of iterations t and the diffusion rale constant. Tl is expected thal t11e sel 

of filtered images will range from images containing only strong edges with high o values. Lo 

images preserving. most edges at low cr values. However, the anisotropic diffusion is already 

computatiollally intensive due to the high number iterations required for effective smoorhing. 

Therefore such a scheme would increase the computational burden on the system. 
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Figure 4.8: Resulls of seuing lhe number of iterations 10 50 in the top image, 100 in the second 

image from the top. 250 in the tl1ird image and 300 iterations in the bonom image 

while keeping the diffusion rate and sigma value constllnt at 1 and 0.01% respec­

tively. 
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4.3.3 The Bilateral Filter 

The bilateral tilter is a non-iterative edge preserving filtering technique introduced hy Tomasi 

and Manduchi[59] . The filtering is spatially varying as in the anisotropic diffusion method. The 

usual Gaussian kernel has weights which decrease with increasing distance from the center of 

the kernel. On the other hand, the kernel weights of the bilateral filter are a combination of 

spatial distance from the center of the kernel and the similarity in gray-value or color between 

the pixel in question anti the kernel center pixel. The bifoteral filter as introduced in (59] has 

the form 

(4.14) 

where the normalization term is 

k(x) = j j c(l;,x)s(f(l;),f(x))dl;. (4.15) 

The term~ c(; , x) and s(f(~, x)) are the closeness and tonal weight functions of the Euclidean 

distance between their argwnents respectively. The gray value f(i;) in the neighborhood of the 

central point xis compared to the gray value f(x) to ohtain the spatial tonal weight s(f(l;),f(x)). 

In [60], rhe gener-alized version of the Bi laleral filter is introduced. 1t is argued that the central 

value f(x) is noisy and should not be used as a good estimate for the tmderlying true signal 

value f60]. Instead a less noisy estimate should be used by introducing a second image g which 

pmvides a helter estimate g(x). The new formulation of the .Bilateral filter becomes 

(4.16) 

where the normalizati,m term is 

k(x) = j j c(l;,x)s(f(~),g(x))d~. (4.17) 

Th.is is called Spatial-Tonal 'Nom,alized Convolution. The prohlem with this formulation is 

that the procedure for ohtaining the Jess noisy image g is not specified. If non-edge preserving 

smoothing is used to obtain the image g, then g(x} will not he an accurate estimate at the edges. 

On the other hand, an edge preserving scheme will use the noisy r(x) value as the true estimate 

to obtain the image g. Based on this dilemma, the original formulation of Tomasi and Manduchi 

as expres~ed in equations 4.14 and 4.15, is therefore used in the rest of this work. 
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Gau~sian Bilateral lilterlng 

In this version, the closeness and tonal-weight fullctioos arc delined as Gaussian functions of 

their arguments, where 

(4.18) 

and 

(4.19) 

is the Euclideao distance between~ and x. The tonal-weight is given hy 

(4.20) 

where 

ti(f(~). f(x))..,, !If(~)-- f(x)II (4.21) 

is the absolute dilforence of the intensity values f(~) and f(x). This implementation requires 

prior values of the space parameter CJ,1 and the similarity or range scale parameter cr,. llased on 

tests, the space parameter bas little effect on the preservation of edges: it ooly imposes a close­

ness constrnint so that pixels far away from the kernel center have little influence on the kernel 

weighted mean. On the other hand, the selcctioo of the similarity parameter cr, is critical, and 

call be estimated using the mbust scale parameter proposed for the robust anisotropic diffusion 

frn.mework given by equation 4.13. As shown in figure 4.9, a single iteration of the bilateral 

filter does not remove nc.>i$e effectively because the central gray-value f{x) is noisy. 
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Figure 4.9: Result< nf ;cuing the number of iteJ'ation~ lo l. 5. JO ;,nd I 5 from the top to lhe 

bottom image respccti\'cly. ,vhilc kcl.-ping range and sp~c<. sigma comaant at 5 and 3 

rc~pccli \'cl y, 
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Iterative Bilateral filtering is expedetl 10 remove noise anti rock surface tex1ure effec1ively as 

the iteration index progresses, due lo better estimates of the kernel center pixel gray values. 

The required number of iterntions is low compared to those required for anisotropic diffusion. 

After experimentation anti tests it was de1ermined that J 5 i1erations are suitable for rock scenes. 

This number can be reduced furlher hy increasing the cr, value with the increasing iterations 

as shown in tig.ure 4. JO. This is expected lo smooth rock su,face cracks in addition lo surface 

rexture and noise. Preceding this scheme with a 5x5 median filler should remove gray-value 

spikes due to cri1cks and while spors on rock surfaces. 
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for the two profile, on the lcrt. 
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4.4 Summary 

In this chapter. variou, linear and non-linear filtering methods were investigared. Ill partk:ular. 

linear merhods in the form of the uniform and Gaussian filters were examined. These filter, are 

not suitable for smoothing rock scenes since they blur edges and Aat surface, equally. I lowever 

non-linear filter, in the form of median filter,, anisotropic diffusion and the bilareral filter are 

found to be suirable. 

It was found thai impulse noise in the form of rock-surface texture and gray-value spikes 

can he removed using the median filler. while rock-edges can be emphasized using either the 

ani,01.ropic diffusion or the bilateral filter approach. However, anisotropic diffusion is found 

to be more compulationally intensive than the bilateral filter. The bilareral filter is the adopted 

method for smoothing rock-scenes. 

The standard hilateral filter has a flaw in lhal it uses a noisy estimate of the true signal against 

which the image gray-values are compared and as a re,ult the filtering is not effective. An 

iterative version b expected to peiform better ,ince less noisy estimates of the true signal are 

achieved as the iteration index progresses. ·nus i, the ver,ion of the bilateral that is used in the 

rest of this work. 
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Chapter 5 

Morpl1ological Image Processing 

5.1 Introduction 

lt is apparent that it would he a cumhersome task tn use only traditional image processing tech­

niques witli pre-filtering methnds in the development of a segmentatilln algorithm. In [3!1]. edge 

detection with correctional procedures in tile form of histogram-dependent image thresholding 

is adopted. Hllwever, it is reported chat the desired accuracy is not achieved. Thus an integra­

tive approach which invlll ves cllmbining tools frllm both traditional and morphological image 

processing with pre-filtering methods is a more viable route to follow. 

:\1:athematical Morphology is an image pmcessing paradigm whose tools modify lhe image 

content using geometrical sm1ctures of particular shapes. with the image heing viewed as a 

landscape f J J ]. The structural elements val"y from square to ball-shaped structures. its initial 

ideas originated from the work or Serra and Matheron in the t960"s [58] and now have grown 

into a field that provides many useful image processing tools. Its pnmitive tools such as ero­

sion and dilation, and the advanced tools in the form of closing and opening, modify the image 

content non-lincarly by subjecting them to mathematical ~cl operations [381 thal either contract 

or expand Lhe regions in Lhc image. In addition, modern morphology in the form of the wa­

tershed transform is recently perceived a.s the method llf chllice for many image segmentatilln 

ta.~ks [56]. In this work, the watershed transform forms the kernel or the core of the adopted 

sc.gme111a1ion approach. 

This chapter is broken down as l'ollows: fiTStly, l'om1al definitions llf the ha.sic and advanced 

morphological techniques are given in sections 5.2 and 5.3 respectively. The reconstructillll 
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opcraror is rhcn introduced in section 5.4. Jn section 5.5. the walcrshcd transform is introduced 

in lerms of its background theory and defini1ions. Finally marker-based watershed is introduced 

in secrion 5.6. 

5.2 Basic transforinations 

This SO(•(ion presents background theory of basic morphological transformations and their ap­

plication to rock scene i magcs. 

5.2.1 .Erosion and dilation 

Erosion and dilation arc the fundamental transformations of mathematical morphology from 

which the advanced transformations arc derived. 

Binary Dilation can be regarded a~ the expansion of a set by an amount limited by the properties 

of the structural clement. TI1csc propcrlics are the shape, size and the reference or the origin of 

the structural element. The formal definition for binary images in terms of set lhcocy is 

(5.1) 

where pis the ,·un-cnt pixel position, gp is the translated structuring clcmenl with its origin at ll 

and fisU) denotes the dilation operation on the binary image f. In a nutshell, the dilation result 

is the set of image pixels where the intersection between the lrnnslating structuring element and 

the foreground region is not empty [9]. 

Binary Erosion can be regarded as the contraction of a set hy an amount limited by the proper­

ties of the structuring element The fonnal definition of erosion is 

(5.2) 

The rcsull of image erosion is the set of all the pixels of f where lhc translated structuring 

clement gP is com1Jlctely contained within the foreground area [9]. Binary morphology can be 

regarded as a particular example of grey-scale morphology where the gray values arc limited to 

one and zero. 
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The generalized gray-scale morphological. operations are realized using the concept of an 

Umbra function U(f) [11]. TI1e Umbra of a d-<limensional function /(x), where x is a <l­

dimensional vcclor, is given by 

U(f) = f (x,h): h::; /(x)}. (5.3) 

The Umbra is the sel of all points on and beiow the surface function /(x) as shown in figure 

5.1. The original function J(x) can be recovered using the top operation T defined as 

/(x) = T(U(f)) =max{h: (x,b) E U(f)}. (5.4) 

U(i) 

X 

Figure 5.1: The umbra U(O of a func1ion f(x) 

Gray scale erosion an<l dilation are defined in terms of the Umbra of an image fas 

feg = T[U(f)eU(g)] = min{/(x+y)-g(y)} (5.5) 

and 

f~g = T[U(f) EBU(g)] = max{f(x-y)+g(y)} (5.6) 

respectively, where g is the translating structural element.. the posititlns x±y fall within the do­

main of the function f and y is within the domain of g. Figure 5.2 shows the result of applying 

binary image erosion and dilation on a bim1ry rock scene. 1t appears that erosion reduces the 

foreground and if holes are present. they are enlarged. Foreground areas smaller than the struc­

turing clement are removed. Dilation enlarges the foreground areas and closes holes whose size 

is smaller than the structuring element size. 
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Figure 5.2: The original binary image, binary e,oded and dilated images with a square st,ucturing 

demenc of si,.e 3,3. The original sample im~e is a<mptively thresholded with a 

,1,;indow size of 91 x9 I 

Figure 5.3~ The sample ima~c. grcy~calc eroded and Uila1ed image~ with a disk suucmring ele• 

meot of radius 5. 

Hgure 5.3 shows the resulL~ of applying gray-scale erosion and dilation on the sample image. 

The erosion outpul has dark disk shaped patches whose gray values are the minima values 

within 1he disk shaped neighborhood. The dilatic.•n output has bright di$k $haped patches whose 

gray values arc the maxima values within the disk shaped neighborhood. 

5.3 Advanced transforn1ations 

This section presents the background theory of advanced morphological operations f6l and their 

application to the rock scene sample image. 
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5.3. l Opening and closing 

TI1csc operation, are derived from the combinations of erosion and dilation. The opening oper­

ator is defined as 

Jog= U e g) w g. (5.7) 

Opening can be lhoughr of intuit.ively by considering the image as a landscape where the gray 

value at the poinr x is the height. Sliding the stmctucing element g underneath the surface and 

determining how high it can be pushed up defines the opening opefation. 

The closing operator is defined as 

(5.8) 

Intuitively, the structuring element is slid on top of the image instead of undernea1h. The ex rent 

to which it can be pushed downwards is determined. The resulr is a morphologically closed 

image. 

Figur~ 5.4: The original hi nary i<ccni!~ hinaT)• opened and closed images ,•.:ith a square ~tructuring 

element uf size 3x3. The urigin,11 srunple iuu,ge is adap1ively thresholded wilh a 

window ,;,. of 9 J x9 I 

Pigure 5.4 shows the resulr of applying binaty opening and closing operntions on a binary rock 

scene image. It can be observed that the opening operation removes noisy spots without sevefely 

distorting larger structures. Closing fills holes without sevefely distorting the shape of larger 

strnctures. 

Figure 5.5 shows the result of applying gray-scale opening and closing operations cm the sample 

image. It can be observed that the opening operation·s output is a non-linearly low pass filtered 
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Fi1,•11r~ 5.5: The sample im3ge, greyscale orened and c)Qsed image, with disk strncttu·in,i element 

of radiu!<ri 5. 

image. Bright and noisy srrncwres whose widrhs arc less rhan the diamerer of strucrnring ele­

ment are removed. On the other hand, the closing operation fills holes whose radii are smaller 

than the radius of the structuring element. 

5.3.2 lvlorphological gradient 

Edge detection is presented in chapter 3, where various dilforential edge detectors are investi­

gated. The morphological gradient operJtor achieves edge detection using n10rphological op­

erations. A simple subtraction of the eroded iniagc fron1 rhc original image gives the required 

quantity. This is written as 

grad(}) = f - (f (:~ K) (5.9) 

Figur~ 5.6: MnrphoJogical gradient with a disk s1ru<.:1uring dcmcn1 ur uuil,y radius 
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5.3.3 The Distance !<'unction 

The distance function assigns to each pixel in a binary image a value equivalent to its distance 

from the background. In fonnal terms, let Y be a set of Z2 then for every element y of Y the 

distance d{y) to the complemenrnry set ye is defined as: 

d(y) =dist(y,Y"), foraUy E Y (5.10) 

Figur~ S.7t A blnnry mr.k sc:~ne an(I i(s diimmr.e trnnsform version 

Figure 5.7 shows a binary rock SCo.)llo.) imago.) a; an inpnt to the distance function and Tl1o.) distance 

function output. 

5.4 Reconstruction 

Reconstruction is a very useful tool of mathematical morphology. Some of the applications 

where it is used are in characterizing frotl1 flotation performance in {20] and [67]. Reconstruc­

tion operators can be divided into binary and greyscale reconstruction operators. 

5.4.1 Binary reconstruction 

Binary reconstruction can be defined in terms of connected components and geodesic 

dilations[67]. 
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Connected components 

Let I and J be two images defined over the same domain D wilh J \; l. This means that J is the 

marker image and l the mask image, according to the literature. Let the connected components 

ofl be lr ,h ,I, ...... ln. Then the binary reconstruction R1(l) of the mask J from marker J is the 

union of the connected components of I which contain a pixel from J. In formal terms 

Geodesic dilations 

Ri(J) = U /k. 
./f)/,fO 

(5.II) 

Geodesic dilations (erosions) are defined in tenns of geodesic distance. Geodesic distance is 

defined in (6] as follows: suppose that a set X is a subset of the Z2 space. and x and y are 

two points within X. TI1cn the geodesic distance dx(x,y) between x and y is the length of the 

shortest path included in X that links x and y, as shown in figure 5.8. 

. ' ,~,,, 

! 
i 

\, ;\) 
.. ....___/ 

•1gure 5.8: Geodesic distance between points i and y 
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The concept of Geodesic dilations is defined in terms of geodesic distance as follows in [671: 

suppose that the set X is a subset of z2 and Y is a subset of X. Then the geodesic dilation of 

size n of the set Y ( where n is a positive illleger) is the set of all points wilhui X whose geodesic 

distance to Y is less than or equal ton. In formal terms 

(5.12) 

An elementary georie$ic dilaLion of the set Y is obtained using the following equ3tlon 

{5.13) 

where B is a unity sized stmcturing elemem. A geodesic dilation of size n (where n is a pos­

itive integer) is obtained by iterating elementary geodesic dilations u times. Based on these 

definitions, the binary reconstruction Rx(Y} of the set X from marker Y is given as 

Rx(Y): U stl(r) (5.14) 
n;;:l 

This pe1forms iterations of geodesic dilations of marker Y until stability is reacheri. rigure 5.9 

shows the binary reconstruction of the white areas using the black areas within the white blobs 

as the set of markers. 

Figure S.9: Binary reconstruction of the white Jt-eJ, with the Mad, areas "ithin the white blobs 

as the set of markers. 

S.4.2 Greystale 1·etonstruction 

Greyscale reconstruction is defined here in terms of geodesic dilations as obtained from [67]. 

An elementary geodesic dilation of greyscale image Y under X is tlcfincd as: 

(5.15) 
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where Y ff!B is the greyscale dilation of Y by a structuring element of size unity, and 1he ,\ is 

lhe point-wi!-ie minimum operator analogous to the intersection operator. 

A geodesic dilation of siz.e n is obtained by iterating elementary geodesic dilations n times a~ 

in the binary case. The Greyscale reconstruction Rx(Y) of X from Y is obtained by iterating 

geodesic dilations of marker Y until stability is reached. In formal terms 

Rx(Y)"' V st'l(r), (5.16) 
ne:-1 

where •v• is the supremum operator which is analogous to the union operator of the binary ca~e. 

Figure S.10: Greyscale reconslruction 

Figure 5.10 shows the greyscale re<--onstruction of the mask function g using function fas lhe 

marker. It appears that greyscale reconstruction extracts or removes the peaks of the mask 

function. The dual reconstruction can be defined in terms of iterations of elementary geodesic 

erosions Ek defined a~ 

(5.17) 

Here V is the point-wise maximum operator, e is the erosion operator and B is a unity siz.ed 

strocturing element. Based on this information, the dual reconscmction Rx (Y) of ma~k X from 

marker Y is obtained by i lerating geodesic erosions of marker Y w1til stability is reached. lt1 

formal terms 

Rx(Y) = f\ E~')(Y). (5. 18) 
tt~J 

The relationsllip between the reconstruction Rx (Y) and its dual r~construction Rx(Y) ii. given 

as 

(5.19} 
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Thi~ shows that the dual reconsuuctinn can be illlplementcd using the reconstruction operator 

by explniting the complementary feature of the rccomtruction and it.s dual reconstruction. 

5.5 The \Vatershed transformation 

The watershed transform is the methnd nf chnice for many seg111entation rnsks in the field of 

mathematical mrnpholngy [6). This is mainly due to the attractive features which ir possesses in 

the form of continuous contour detection, a11d the e!liciency in computation which lends itself 

well to real time implementation. 

The segmentatinn is based on t.he nat.ural phenomenon of flooding a topographical landscape. 

The image i.~ seen as a topographical lands cape where each point ·s gray value is equal to the 

height of the landscape at that point. Holes .arc pierced at the minima of the landscape and it is 

lowered into some fluid at a constant speed. The liquid is expected to penetrate the holes and 

fill up the catchment basins until llui<ls from various basins begin to merge. At I.he occun-ence 

of this event, <lams are built at the points of merging t.o separal.e flows from different. basins. 

These dams are the watersheds and the barriers are the watershed Jines. 

This forms the imlllersion definition, and it is argued to be better suited to practical implemen­

tation than the definition by catchment basins [ 611- The catchment basin definition is ha.~ed on 

the fact that points will only be assigned tu the same catchment. basin if imaginary drops of 

water falling on them descend to I.he same minimum [SJ. 

This section presents the formal definition .-,r the watershe<l transfom,ation. 

5.5. l Preliminary definitions 

The concepts or geodesic zone of inlluence and skeleton by influence zones are introduced, as 

obtained from [6]. 

Geodesic zone of uifluence izx (Y,) of connected component Y; in X is defined as the set of points 

in X al a finil.e geodesic distance, and closer to Y; than any other Y;. In formal terms: 

iz,x(},;i = {x E' X,,lx(x, Y;) finite, v; # i,dx(x, Y;} < dx(-",Yi i }. (5.20) 
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The boundaries between the various geodesic zones of influence are called the geodesic: skelelon 

by zones of inffuence SK/Zx(Y) ofY in X. This is fonnally written as: 

SKIZx(Y) = X/TZx(Y). (5.21) 

Tiie symbol "j" denotes the set difference, and IZx (Y) is the union set of all the geodesic zones 

of influence izx (Y1). Figure 5.11 shows the visual descriptions of the various concepts. 

Figure 5.11; Geod~ic zooes ofinfluence and skeleton by zones of influence 

5.5.2 The definition of the walershed by immersion 

The fonnal definition of immersion thai is given here is obtained from [61 and [67]. The 

greyscale image f is assumed to be a 2D function of the image space grid. The absolute nlini­

mum off on the entire domain is denoted as h,,11,, and h11iax is the ab.'lOlute maximum. A section 

off at level his denoted by Z,,(J). More formally: 

T.1,Ui = (x E Z2 : f(x) :5 Ii}. (5.22) 

The immersion procedure begins at the minima Zhm;. where the water penetrales the pierced 

holes. If the hm;,, level is incremented by one, the section Zh,.;.+ 1 is obtained. 

relationship 
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holds. Let Y be one of the connected components of the section z,.m.,-'-1. fo (67] it is identified 

that there are three possible relationships between the connected components of the sections 

Z1,m1n and Z11,,.r.+ i, name I y: 

• Ynz,,m,, = 0 : a new minimum is encoutJtered at connected component Y where its 

surrounding pixels have gray values greater than II,,,;,, + 1. This minimum should be 

pierced so that water enters to fill up its associated catchment basin. 

• Y nz,,m,. =J 0 and is connected: Y is still withitJ the catchmetJt basin associated with lhe 

minimum zh,,,;,,· The grey value of the pixels ofY are less thatJ or equal to hmirr + I. 

• Y nzhm"' =J 0 and is not connected: other minima are encountered and the concept of 

geodesic zones of influence is used to create the watershed lines. 

Combining all the possibilities for the second set, and denoting by W1,(f) the catchment hasins 

off at section level h, the following relationship is obtained: 

(5.24) 

Here mi11hm1n+l (f) denotes the set of points at altitude lz,.;,. + J belonging to the minimum off. 

This relationship is generalized for any value of has follows: 

The minima 1ni11h+i (f) of at level h + I are obtained from: 

(5.26) 

where the "/" denotes the set difference operator and R is the reconstruction operator defined 

in section 5.4. The algorithm is initiated at 11'- t = 0. The final watershed line set WL(f) is 

WL(f) := {Wt(f), with N = max(!)}. (5.27) 

Figure 5.12 shows the construction of the watershed by the process of immersion as defined in 

equation 5.24. 
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minimum at h+1 

~~ / '< I 
different same ca.tcl1ment 
catchment basins basin 

Figure 5.12: Wate,'Shed consu·uction based on the three possible relationships 

5.5.3 The over-segmentation proble1n 

The watershed algorithm as prc.~cntcd over-segments the image undel'going segmentation. The 

reason for chis is that in real world images catchment basins are nol well defined due to im­

age noise and texture. This result in the image having too many catchment basins which are 

identified by the immersion process. 

Pre-smoothing 

One approach to reducing over-segmentation is tn apply a pre-smoothing filter before applying 

the watershed transform. Obviously the noise anti texture level will be reduced sn that there arc 

fewer catchment basins than before. However, low-pa.~s 11lters which arc not sensitive to edges 

will destroy some of the boundary gradients, and as a result the shape of objects outlines will be 

distorted. Assuming thar an edge sensitive pre-smoothing filter is used. such as the bilateral or 

the anisotropic diffusion filter, the over-segmentation will be reduced. However, this does not 

remove the problem completely. 

5.6 l\'.Iarker-based watershed scgn1cntation 

Another approach to solving the over-segmentation, which can be used in tandem with 

pre-smoothing is enforcing a pre-determined set of markers to be the local minima of the 

gradientf6]. Most of the time in pmctice the centers of the objects can be de1cnnincd. En-
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forcing these centers to be the global minima with respect to the objects will lead to a single 

catchment for each object in the image. These markers will be the new minima of tbe gradient 

function and the real minima will not be taken into account. As a result the behavior of the wa­

tershed transform will change. TI1c rollowing is the modified watersl1ed definition as obtained 

from [6]. 

Let g be the gradient image, Wh(g) be the section of g at level h, and M be the marker set. Then 

(:5.2R) 

where tl1c initial flooding sources w_, are the predetermined set of markers: 

\V_,(g) =M. (5.29) 

This new definition of the watershed transform appears simpler than the original version simply 

because the real minima of g are not determined. 

5.6.1 Homotopy modification 

The process of modifying the gradient function g as de~ribed above is tenned homotopy mod­

ification. In other words, the homotopy of the function has been changed by piercing holes and 

thus creating new minima as shown in figure 5.13. This can be achieved by reconstrucring the 

sections of g with the marker set Mas follows [6]: 

(5.30) 

The function g1 can be recovered from the sections using 

g'(x) = min(h: XE Z1, (g1
)) (5.31) 

Once the homotopy of the gradiem function g is applied to obtain g' then the final step is 

performing the marker-based watershed segmentation of g'. 
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!iigure 5.13: Wa,ersheo.l tonslruction b>ISeo.l on lhe lhree possible relalionships 

5.6.2 The watershed transforn1 of a rock scene 

The wate~hed transform is applied on the rock scene image under analysis and a few remarks 

are made. Firslly, the successful application of the water,hed transform requires a gradient 

transform of the original image to enforce ca1chmen1 basms. Secondly, a sci of markers of local 

minima of the gradient image has to he pre-determined. These markers form the initial positions 

of the immen,ion pmcess. 

The immersion process requires well defined boundaries of the catchmem basins in order to 

stop flooding al. the correct pnints. Unfiltered images Lend to have inaccurale watershed lines 

due to the nni se and cracks across rock surfaces. Figure 5 .13 shows the predefined set of markers 

overlayed on the nriginal image, the noisy and inaccurate watershed lines, and the more accurate 

watershed lines due tn pre-filtering with a low pass filler before applying the gradient opcra1or. 
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(b) Noisy and inaccllfate 

w·.itershed lines of the 

origin.al image 

(c) Accurate wate,.hed 

lines of a smoothed im-

Figure 5.14: Applying the wat=hed transform to a rock-scene image 

5.7 Sun1n1ary 

1n lhis chapter, the underlying theory behind the most useful tools of mathematical morphology 

is presented. In parlicular, I.he basic morphological tools in the form of erosion and dilation are 

handled. This is followed by the description of more advanced tools which are derived from 

the basic ones in the form of opening, closing and the morphological gradienL The distance 

function is another advanced tool but it is not based on the basic tools. All of these tools can 

form useful building blocks of the rock scene segmentation process. 

The theory behind the most powerful tools in the fonn of the reconstruction operator and the 

watershed transform is finally presented. These tools form the core of the work presented in this 

dissertation as far as the segmentation of rock scenes is concerned. Reconstmction is used for 

determining the positions of Lbe local minima of the gradient image. The watershed transform 

is a very powerful image segmentation tool. 

In addition, a combination of the watershed transform and greyscale reconstruction result in a 

marker-based watershed transform, where a pre-selected set of minima is used to significantly 

reduce the over-segmentation problem. However, when thi.s is applied on a rock-soene without a 

pre-filter the resultant watershed lines do not acCW'dtely trace the edges of the object~ of interest. 

An edge preserving pre-tilter should be used to increase the accuracy of these lines. 

70 



Chapter 6 

Rock scene segmentation 

6.1 Introduction 

Rock scene segmentation involves partitioning a scene of rocks into disjoint regions, such that 

each region is a closed outline of each rock in the image. These outlines should resemble as 

closely as possible the perceived edges of rocks. In !his chapter, a mt:k scene segmentation 

procedure that is expected to he capahle of segmenting any scene of mt:ks is constructed. The 

complete system is then tested on ore images from two different mineral processing planrs. 

which are captured under l'arying lighting conditions. TI1e test-ser is expected to rcsr the system 

for rohustness under the spet:ified conditions. 

Generally. the implemented segmenter has rwo main components: the rock locator for deter• 

mining markers of rocks. rhe actual segmentation process which is based on marker-based wa­

tershed segmentation and a scheme for locating fines. This t:hapter is hroken down a., follows: 

in section 6.2. an approat:h for pre-sclet:ting a set of minima or markers is implemented. This is 

followed by the t!evclopmem of a watcrshct!-baset! segmentation algorithm in section 6.3. The 

implemented segmentation alg01ithm is then 1esred forrobustncss 10 varying lighting conditions 

in section 6.4. rinally. the procedure for locating fine patticles is described in section 6.5. 

71 

I 



Chapter 6: Rock scene segmentmion 

6.2 Automatic rock location for marker extraction 

The immersion process of the watershed transform requires mitial position$ of tile gradient 

local minima wilhin the image. It is obvious that in the case of roe!( scenes there should be 

one marker for cnch rock to avoid splitting or incrgiog. Splitting i-.; cnxmcous when a two or 

more marker$ are assigned to a single rock, while merging is em>neous when :t single marker 

is assigned to two or more rocks. Thus an effective procedure for idcmifying and m:trking of 

rocks, should dctcr111ine markers without resulting in spJitling or merging of regions. 

In ideal condilions where a rock is smooth without any texture and cracks across the sutface, 

the gradient of its grey values will have a maximum al the boundary and a minimum at the 

approximate roe!( center. These approximates centers are the regions lhal should be located. 

Two 1netl1ods in the fonn of the centroid method and the reconstruction method arc devised and 

investigated for determining these approximate centers. In what follows it is assumed that a 

binary rock image is obtained by thresholding a grayscale rock j 111age using the two-window 

method. 

6-2.l The centroid incthod 

The centroid method determines the centroids of the white areas in a hina1y rock scene. The 

centroid co-ordinates of a connected foreground region in a binary image are determined by 

finding its center of mass co-ordinates, as shown ligurc 6.1. For each connected region, the 

center of mass co-ordim1les are computed as 

(C ,C,,) = (nu~1:m(x;).11umn(y;)) , (6.1) 

where i is the counter for each pixel co-ordinate position (x;,y;) in the foreground area. This 

met.hod local.es a cent.er for each connected foreground region. However. it is not robust to 

situations where adjacent rocks are in contact with each other. This is because the bi-level 

thresholding prnce,, introduce, em>rs in situations where there i, no ~hadow separating two 

rocks in close proi<imity. This results in erroneous 1J1erging. Sollle of these events are shown in 

figure 6.1. 
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Fii,,'llre 6.1: A Binary rock scene wilh marked foreground meas 

6.2.2 The reconstruction method 

The rcconsnuction method attempts to remedy the drawback of the c:entrnid method by extract­

ing the positions of the local maxima of the distance transform as rock Joca1ions. The distance 

tran~form (UT) is described in chapter 5 and there it is shown that lhe DT local maxima posi1ions 

can be extrac:te<l using the greyscale reconstruc1ion operator. The signal under recons1ruc1io11 i, 

the distance transfom1 of !he binary rock scene. This signal is termed the mask in reconslruclion 

lerminology, and the marker image is the mask signal negatively offset by a constant h: 

marker= DT - h. (6.2) 

Herc DT denotes the clis1ancc transformed image. The reconstruction is then performed as 

reconsmtcced = Rr,-r(DT · h). (6.3) 

The rcconMrnctcd signal i, the mask signal with local ma,~ima chopped off as shown in figt•re 

5.10. The local maxima arc recovered by subtracting the reconstructed from the original DT 

image: 

I.Ml'= OT-Rv-r(DT-h), (6.4) 

where I.MP denotes Local Maxima Position,. Figure 6.2 ,hows the positions of the UT lo­

cal maxima overlayed over the original rock scene image. As can be seen, the reconstruction 

method doc, acknowledge connected rocks by assigning mulliple markers in such situations. 

However, due to the imperfections of the thesh,)lding method giving rise to irregularly shaped 
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foreground areas, a single rock can be assigned many markers resulting to emmeous splitting. 

This occurrence can oflen he reduced hy selecting a suitable value for the h-paramcter of the 

grey-scale reconsttuction method. 

l•igurc 6.2: llinary rock scene "ith mal'kers detel'mined from the ,-ocoostruclion method 

6.2.3 The cmnhinational approach 

Thi.~ approach aims at correcting for the errors caused by the reconstruction method by using 

the centroid method. For each foreground region in the binary rock ~cene, a decision needs 

lo he made o[ whether to select a m:irker from either the centroid outpul or marker~ from the 

reconstruction output. a.~ ~hown in figure 6.3. This selection is expected to correct for either 

em>neous splitting or merging. It requires a suitible criterion for making the decision. I lowevcr, 

it is difficult t.o devise a criterion which docs not involve the segmentation outpm. 

A more realizable approach involves the case where the t.wo methods arc used with the segmen­

tation process as shown in figure 6.4. Regions can l:>c selected which resemble rocks in a sense 

that they arc roughly circular in shape. Por each white area of the bina1y rock scene a com• 

parison between the corresponding segmented regions derived from both the cenl.roid and lhe 

reconstruction method is made. The watershed region features rhar arc used arc the circularity 

o[ the region 

(6.5} 
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Binary 
rock scene 

Centroid 
method 

Reconstruction 
> method 

~ Rock 
' locations 

\ 
\ 

\ 

Intelligent 
switch 

Fii:ure 6.3: A block diagram f"l?presentarion of the combiuaiional approach 

and the area proponion between the watershed region in question and the corresponding fore­

ground region in the binary scene 
Ari-gio,1 

Ap----·­
Ahi11()0• 

(6.6) 

Here A,,~;00 and P,08;0 ,, are the area and the perimeter of the region in question, and Ai,;nary is 

the corresponding foreground area in the binary rock scene. The outputs of the method that 

have higher feature values than the other are selected as possible rock candidates. ln a sense, a 

Bina,;, 
rock scene 

graysealo 
image 

S.gmelllalion ·h 
process , 

\._- ;, Se911entation 
output 

Segmentation 
process 

grayscale 
imag& 

,.,_ 

\ 
\ 

lnteligent 
switch 

Figure 6.4: A block diagram reprei:.entution of the reali1.able combinational approach 

decision is being made of whether to split or merge a region given the features or characteristics 

of segmented regions derived from the two methods. 

75 



Chaprcr 6: Rock ,cene segmentation 

6.3 \Vatershed-based segmentation 

The watershed transform requires a set of markers of lhe local gradient. minima and rhc actual 

gradient inmge as inpurs. Given these two items. a watershed segmentation of lhe gradient 

image ls execute<I and the out.lines of the rocks arc dctennined. However, real images have noise 

and texture imposed on them and as a rc,ull the watershed lines will be inaccurate. Therefore 

a suitable pre-smoothing technique for rock scene segmentation is required. In chapter 4, the 

ircrative bilateral filler with an increasing photometric similarity parameter cr, is proposed. This 

technique is expected to be superior to the single iteration bilateral filter in that various edge 

preservation levels are explored and edges arc enhanced. A filtered image h tapped at each 

output. stage resulting in a population of images filtered at variou, degrees of e<lge preservation 

and edge enhancement is achieved via the iterative property. 

6.3.1 The basic framework 

The strncture o( the iterative bilateral filter is ,hown in figure 6.5. It is dear lhat this tilter has 

one inpur and n outpur,. Provided thitt the mnge <J,. values increase monotonically, the filtered 

images 11rc expected lo vary in edge preservation from preserving most of the variation (edges 

due to texture. some noise and cracks) at small c,,. values. to preserving only highly varying 

regions (strong rock edges) at higher O'r values. 

(a,,o,.1) ( cr,.cr,.2) (cr,.crr1) ( cr,.cr,4) 

➔; BJ,'1 HF2 BF3 81-'4 
-J - ..._ __ ,_l 

Ml F12 Fl3 Fl4 

Figure 6.5: The !\t1ucture: of rhe iterative bilateral tiller 

ln the context of the watershed transfom1. at small c,, values the watershed is expected to fol-
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low the gradient lines of small structures such as tex1urc, small rocks, and cracks across rock 

surfaces. However, this is driven hy the selected set of markers in that the numher of detected 

small stmctures is determined by the numher of markers. On !he other hand, at higher CJr values 

most of the small variation due to 1e:<ture, small rocks and cracks is diminished. In this case, 

the watershed lines are expected to follow the outlines oflarger structures such as hig rocks. 

However. these outlines might not be accurate as most of the detail has diminished at this stage. 

The basic structure which includes Ilic wmershed processes is shown in figure 6.6. A gradient 

operator (GO) is applied at the output of each hilateral filter (BF) stage. Any of the available 

gradient operators of chapter 3 can be used. Tn this work, the morphological gradient operator 

is used. Marker-based watershed scgmemation processes (W) arc then executed on each gra­

dient image. The information from the n-watcrshed images is 1hen combined using a multiple 

watersheds analysis process to form a single final output image. 

luput 
---, bi' , 

fin•l Output 

ViguN> 6.6: The structure of the watershed-based rock-scene seimentation framework 

6.3.2 Incorporating the combinational approach 

The structure of the basic framework as shown in figure 6.6 shows a single marker sel input 

However. as pointed out in section 6.2 there are two marker sets. Recall that the combinational 

approach, where both marker sets from the centroid and the reconstruction methods are used 
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in the segmentation, is proposed in section 6.2. It is clear that iucorporating this approach as 

shown in figure 6.4 would require twice the nwnber of execu1ious of watershed processes that 

the ba~ic framework currenlly holds. This would be a significant burden as far as computational 

speed is concerned. 

A less burdensome solution is shown in figure 6.7. A~ can be seen, the marker-set from the 

reconstruction method (RM) is applied in moro stages than the centroid method (CM) marker­

_<;et. This i.s because it Ls expected to be more accurate than the centroid method on scenes 

which contain predominantly small rocks. However, it tends to split larger rocks and therefore 

requires a correcting signal. The centroid method is expected to provide this signal by providing 

highly merged watersheds in such situations. Based on this reasouing, the CM marker-se1 can 

be injected at a position closer to the lower a, values, where !he accuracy a11racing rock edges 

is expected to be higher, as shown in figure 6. 7. This ensures accurate segmentation of lnrger 

rocks in the absence of cracks. There is a wide scope of oplions consisting of heuristic position 

assignments of the marker sets within the ba~ic framework. Once the watershed images are 

obtained, the goal is to determine those regions which are most likely to be rocks using the 

watershed region features defined in .<;ection 6.2.3. This is achJeved via multiple watersheds 

analysis. 

lnpul 
-+ kll 

RM M~1ke1 
set ···.....__ 

' 

WJ 

' 

. J 
-...~ 

Fin:11 ( )11lp11I 

w.1 

Rigurc 6.7: The stn1cture of Che mudHitLl wutershcd-basc<l rock scene segmentation framework 
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6.3.3 J\.fultiple ,vatersheds Amdysis 

\1ulliple watershed~ analysis is a procedure that combines the information fium the various 

watershed output images to form a single segmented output image. This approach is required to 

extract from the population of ti-Watershed images those watershed lines which arc most likely 

to lie the actual rock edges. After much experimentation with various t1 values, the suitable value 

for n was found to be 8. Therefore 8 stages of the iterative bilateral filter arc used rcsulling in!\­

watershed outputs as shown in figure 6.R. The C:M marker-set was injected at the 3rd waten;hed 

process from the highly merged watershed. As shown in figure 6.8, the images are arranged so 

that the 81
" watershed image was obtained using the centroid method marker-set. 

J.-jgun 6.8: The outpuL~ of the watershed processer. 

The execution of the watershed-based segmeutation algorithm ompms then-binary watershed 

images so far. The proposed strncture of the multiple watersheds analysis solution is shown 

in figure 6.9. In this figure, n = 8 Md the hiriary watershed images (BW) are arranged so that 

tl1c output from the C.\1 marker-set is the 8th image on the highly merged side. The procedure 

begins by adding the t1-bi11ary watershed outputs to obtain a single image. The motivation for 

doing this is that traces of rock edges 011 the rt-images arc expected ro overlap. Therefore adding 

these binary watershed images is expected to result in high response values at the rock edges 

of the resultant image. It is also expected that the overlap of traces will not be perfect and 

this will result IC.I disconnected boundaries when a high threshold is used for detection. On the 

other hand, a lower threshold will result to spurious traces being also detected. This serves 

as a motivation for adopting a multi-level thresholding approach. The image is thresholded m 

(11- !)-levels ranging from I to n-1, resulting in a further (11- l)-,;et of hinary images (BT). 

As shown in figure 6.9. the binary watcrshro outpur from the C:M marker-set is then appended 

as one of the resultant images, to give 11-outputs. 
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T\·fult1-thr~s?1<, ·.111 

~~~ 
BT5 }~;~I: HI/ 
...- . .:.:;J_ I,_ 

..-:iii 

.UOu ndary sdoction 

Ou!!ir('S f<cm 
~•:t-Ct.l'!el 

Figure 6Jl: The proposed structure for multiple w:ucrshed analysis 

In practice, the outputs of the highest two thresholds rend to have poor pixel connectivity and 

as a result they are removed, as shown by the bounding box of BT6 and BT7 in figure 6.9. An 

example of outputs after multi-thresholding the summation of the images of figure 6.8 is shown 

in figure 6.10. As can be seen, at low threshold values, the outputs tend to be highly split. While 

31 high thresholds including the appended image, there is merging. 

figure 6.tO: The muhi-lhresholding outpucs 

The multiple watersheds analysis is finalized by a boundary selection scheme. In this scheme, 

the multi-thresholding outputs are traversed from the highly merged ro tlte highly split image as 

shown by Ille arrow of figure 6.9. At each image. boundary outlines which arc roughly circular 
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in shape and whose proportional area with the corresponding area in the hinary rock scene 

is greater than some threshold are collected. This scheme favors merged regions in a sense 

that if a particular outline meet~ the requirements in the current image. then in the next image 

the cofl'esponding outline will not be considel'cd. The final output of the multiple watershed 

analysis is shown in figure 6.11. 

(a) Original rock-scene image (b} Segmentation output 

Figure 6.1 t: Fin.al segmentation results 

1l1e black patches arc a result of the circularity C and the area proportion Ap parameters not 

being set to zero on BTI, as shown in figure 6.9. As a result, regions of BTI which do not 

match the criteria are not selected by the boundary selection procedure. Provided that the BTl 

parameters assume the lowest values as compared to the other BTs. then the ignored regions are 

the worst regions. and it is justifiable to leave them out. 

6.4 Testing for robustness to varying lighting conditions 

Io this section, the watershed-based rock-scene segmentation is tested for robustness to noise, 

texture and surface cracks under varying lighting conditions. Six different images of ore from 

two rnineral processing plants are used as the test-set. The images of the test-set consisting of 
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image! to image6 are shown on the left in figures 6.12 to 6. 17 re,pec1ively. 

The first three scenes of figures 6.12, 6.13 and 6.14 are captured from the Waterval mineral 

processing plant. The ore under imaging is on a conveyor belt under a hood. A single light 

source at about 2m vertically from the conveyor belt to the hood i, used. The camera is installed 

next to rhe light source. On the other hand, the ore images of figure, 6.15. 6.16 and 6.17 are 

captured from another mineral processing plant under different lighting conditions. 'lbe images 

from the latter appear to have been captured under brighter lighting conditions than those from 

the former. 

6.4. I Parameter settings 

The rock-scene segmemation algorithm bas the following user-tunable parameters: 

• Two windows w1 and w2 of the 1wo-window adaptive JJlfe,holding method. 

• The h-parameter of the recons1ruction method. 

• The number of stages N of the iterative bilateral filter and range cr, of each stage is com­

puted by determining the robust scale cr, of each stage defined by equation 4. 13. The 

weights (0.25/ l.4826,0.4/l.4826, 0.55/l.482(,.0.7 /1.4826, 0.85/ 1.482(,. I/ 1.4826} are 

u,ed to weigh each cr,, value so that each weight from Jefl to right weighs the correspond­

ing cr, value from !he highly split to the highly merged end respectively. The resultant 

values are the ,elected cr, value,. 

• The area proponion (Ap); and circularity Ci at each level of rhe stack of watermed images. 

At i ~ l i, the highly merged watershed image and at i ~ 5 is the highly ,plit watershed 

image 

The actual settings are shown in table 6. l. 

6.4.2 Algorithm evaluation 

The aim here is to judge the output of the algorithm visually and numerically. Presented below 

are the outputs afler applying the implemented segmentation algorithm on the test-set. The 

82 



Chapter 6: Rock scene segmentation 

'l'abJ~ 6-1: P-Jiameter :<etlings of the rock-scene segmentation algoriftun. 

Parameter Regions 
.... 

Wt 2.'ix25 
--·-·-- -···-
i IV2 [__ ______ 95x95 

h 25 
.. . ··--···-

N 7 
1--·-··· . . 

(Ap)I, C1 0.75, 0.80 

(Al')2, C2 0.70, 0.70 

(Al')3, C3 0.60,0.60 

(Ap)4, C4 0.25.0.50 

(Avh- C5 0.0,0.50 

visual results arc shown on the right-hand side of figures 6. 12 to 6.17. It can be seen that the 

algorithm performs well on average on all chc images of the test-set. At this stage the average 

processing time for a 236 by 250 image is 36.032 seconds. The algorithm is implemented in 

matlab with C-mex files. 

Based on the assumptioJJ that the actual rocks in tlie image are accurately ~egmeJJted, the total 

negatives (fraction of non-rock) for each image arc compmcd and presented in table 6.1. The 

actual JJumher of rocks was dete1mined manually from each image. The fraction of non-rocks 

N is defined as the fraction of the total number of regions (TNR) which arc non-rocks. In formal 

terms 
.,_ TNR-ANR 
" - TNR ' 

(6.7) 

where Al\'R is the actual number of rocks. Clearly, the fraction of rocks or total positives Pis 

ANR 
P= TNR' (6.8) 

The fractions of non-rock regions are above the 50% mark for all the analyzed images, which 

is undesirable. These regions should be removed before measuring chc rock size distributions, 

otherwise chc errors will be large. Ideally, the fraction of non-rock regions sliould be reduced 

without significantly reducing the fraction of -detected rock regions. IJJ the next chapter. a set of 

tools from pattern recognition are applied to address this issue. 

83 



Chapter 6: Rock ;cene segmentation 

l'«!bll! 6.2: False alann rates of Lhe seimt:ntatioo algol'ifhm. 
_ .. 

image TNR ANR N p 
.. 

• 69.80% ' imagel l06 32 30.20% I 
! ·-

image2 106 27 74.52% 25.48% 
. ·-· 

image3 l02 36 64.70% 35.30% 

image4 145 39 73.10% 26.90% 

image.'i 150 40 73.33% 26.67% 

imagc6 138 57 58.70% 41.30% 

Flgu~ 6.12: Te>1-1mngel and the corresponding outp\11 after seg,nenw11ou. 

Figur~ 6.13: Tcst .. lmagc2 and the corrct-cponding oulput after segmentation 
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'Figure-. 6.14: Tc~t-i10a9:e,\ :in<l the con'e'-pontling outpu, after si;~1nl;'ntatinn 

~ 
... . . . . . - . 
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Figure 6.17: Tel=:t•image6 and the corresponding output afLCr segmentation 

6.5 Locating fines 

The segmentation algorithm as it stands does not facilitate the mea$urement of fine particles. 

These arc the small patticles which range in si1..e from I pixel to about 50 pixels in area. These 

particles arc ignored by the algorithm since it is biased to selecting large circular particles as 

rocks. Most of the tine patticles are rejected by the rock locator process to limit computational 

costs. These particles should be recovered via a less computationally expensive scheme. 1)1 this 

section, the momem preserving threshold is proposed as a method for detecting tine particles. 

6.5.1 Using the moment preserving threshold technique 

The moment preserving technique of chapter 3 has three intensity values as its output namely. 

the moment pre$erving threshold T. the background mean gray value wo and the foreground 

mean gray value w,. The proposed method of locating fine particles using the momem pre­

serving technique assumes that rock recognition has been applied prior 10 fines location. This 

allows negative masking of the coarse rocks of the original gray-scale image as shovm in fig­

ure 6.1 S. The moment preserving threshold technique is rhen applied and using the foreground 

mean gray value wr as a lhreshold. the fine particles are detected, as shown in figure 6. I 9. A 

logical OR operator is the used to combine the detected fines and coarse particles and the final 

output is also shown in figure 6. 19 ($ee al$o the flow of processing diagram in figure C. I). As 

can be seen, this technique docs not recover all the fine particles in the image. This is mainly 
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due to the bias in detecting bright particles and the limited camera resolution . 

• 
• • 

Figure 6.18; Original image and rhe: oorre~ponding negati\'ely masked image 

~,gore 6.19: Located fines and tlie overall tine and coarse panicle~ 

6.6 Summary 

In this chapter, the implementation of the rock scene segmentation algorithm is described. The 

main components of the algorithm are the automatic rock locator. the iterative hilateral filter, 

the marker-based watershed transform including marker extraction, the multiple watersheds 

analy~is scheme and the fines locator component. 

A rock locator for marker extraction is firstly applied on the image to provide indications of rock 
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ll)Catil)ns. Two sets of markers are derived from a binary rock-scene llSing two methods in th.:: 

fom, of the centroid and reconstructil)n me\hl)<lS. The centroid marker m.::tho<l tends to merge 

regions while the reconstructil)n methl)d tends ti) split them. These properties arc expll)ited in 

the watershed-based segmentation framework for segmenting rock-scenes. 

Th.:: wutershe<l-based s.::gmenta1ion of rock-scenes firstly tillers the image at various degrees 

of edge preservation using the iterative bilateral filter. Watershed processes are then applied l)n 

each filtered output ti) l)btain a set of n-watershed images. A multiple watershed analysis scheme 

that selects the watershed boundaries which are mosi likely to represent rock bl)undaries is then 

executed. 

Th.:: final algoritlun is applied to various ore images to te,t for its robustness to noise, texture and 

surface cracks under varying lighting conditions. The visual results arc encouraging. However. 

the numoricnl rosllhs show high frnclions of non-rock rcgioJls of grouter thnn 50% on the IO~t-sct. 

Th.:: linal component of the rock scene segmentation algorithm is fines locator. This component 

is .::xpcc1e<l to facilitate th.:: measurement of fine particles. 
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ock feature class· cation for rock 
·tion 

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, .... ,xn] oflength 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 n is the number of measurements. 

In supervised learning, each feature vector of X is assigned a target label t 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 Yi is computed from 
j=k 

Yi= L fj/k. (7.1) 
j=l 

Here ti 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 K.NN is state-of-the-art. 

7.3.2 The probabilistic neural network (PNN) 

The PNN is similar to the K.NN 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 

(7.2) 

where D is the function for computing the Euclidean distance between feature vector Xi and xi, 

and cr 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= L fjK(x;,xj), 
j=l 
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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 1j to obtain the estimate Yi of the test target for each test point Xi. A zero 

threshold value is then used to assign the appropriate label. This is similar to the KNN 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 cr 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 cr 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 cr 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. j weights as 

shown in equation 7.4: 
j=p 

Yi= L O.jtjK(xi,Xj) (7.4) 
j=l 

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 a 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 

92 



Chapter 7: Rock feature classification for rock recognition 

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 a 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 

[45], [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]. 

/ 
/ 

,,,/' ,,, 
,/1" 

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 

J(x) = L CitiK(xi,x) (7.5) 
i=I 
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where the weights Ci are determined by least squares regression to minimize the empirical error 

on the training data set [53]. In mathematical terms, the following nonhomogeneous set of p 

linear equations has to be solved: 

(pyl+K)c = t (7.6) 

I 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: 

Pc=t (7.7) 

The matrix P is square and positive definite and therefore the inverse p-l 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: 

(7.8) 

where each element of vector c 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" algcrithm 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 modem 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. 

7 .4 Feature vector dimensionality reduction techniques 

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

following assumptions are valid: 

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

• 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 SI is 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: 
i=p 

I/llti+r:11 + l)mod2 
SI= _i=_l ______ _ (7.9) 

p 

where tf is the target label of the nearest neighbor~ of feature vector Xi with target label ti, 

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 Incremeqtal 

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

7.4.2 Principal component analysis (PCA) via singular value decompo~i­

tion (SVD) 

Principal component analysis (PCA) is a procedure for extracting the principal directions tjf a 

body of data where there is significant variability [24]. The principal directions are based sol~ly 

on the feature vectors and therefore ignore the target labels. As a feature vector dimensionality 

reduction technique, PCA eliminates the principal components with insignificant variabilf ty. 

This can be achieved using singular value decomposition [24] as follows: 

Xnormalized = V. s. vT (7.10) 

where Xnormalized 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 respect~ve 

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 increastng 

index. The amount of variation for each principal direction is captured in the diagonal matjrix 

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 
P=--. 

p-l 
(7.11) 

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 S with values less than some threshold 

are deleted, the following approximation to Xnormalized is obtained: 

(7.12) 

This is called the best rank-k least squares approximation to Xnormalized [24]. The matrixl Y 

has fewer features than Xnormalized and thus feature dimensionality reduction is achieved. Hqw­

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 
L (d; - avg(di) )2 

~ i=l Jo=------
n-1 

(7.13) 

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. 
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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 fn 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 Jo high low 

Proportion of dark interior pixels J1 low high 

Proportion of dark boundary pixels Ji high low 

Proportion of thresholded area to region area /3 high low 

Average interior gray-value J4 high low 

Average boundary gray-value Js low high 

Average interior gradient value J6 low high 

Average boundary gradient value h high low 

Boundary and interior gray value absolute difference Jg high low 

Boundary and interior gradient value absolute difference Jg high low 

Interior gray value variance J10 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 [Xtrain, ftrain], [Xvalidation, !validation] and [Xtest, ftest]- 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 

evaluations are shown in table 7 .2. 

Table 7 .3: PBIL settings. 

no. 

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 Jo, /1, /4, fs, 

/s and/9. 

SI optimization 

0.1 

o~-,~00-200~~ ... -~.oo~-..,.,~--~-,~ .. -~...,--... ~~, ... 
number of evaluations 

Figure 7.2: Optimizing the separability index. 

In search of reasons as to why the features fz, /3, /6, hand /11 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 h.f6 and h 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 /3 and /10 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. 

102 



Chapter 7: Rock feature classification for rock rncognition 

_, --
fn , 1.0000 o 1536 00953 O.OlW -0.0705 -o.1148 n~o<.>~ I 0.1\17 tJ.1188 : 0.0602 -0.06% •0,0826 

>--l-----+---1----+---<---+----<I---~------+---<---+--······ 
f1 0.1536 lOOOli 0.9170 ,0.-1351 -0,@W• -0.'57! 0.~2jj !-o.LOOi il'--0.5~~ -0.1931 -o. ,~23 -0.l.\ll 

o.~:3. o!po J.0000 0.332: ◄1-'ll"~I ~-~2CI 0.1096 -0.0258 , -O • .P:!5 -0 013: -0.0;49 ~0016 

0.0359 --0.435.J -0.332i 1.00,),') 0.5408, (/.3i2.j -0.0389 I 0.3634 0,(,956 0.-1-081 0.0299 0.33.51 

-u0'705 -0.6909 -0587.2 0.5·100 LOOOO O ~4;6 -0.0098 i 0.4563 , 0.2615 O.SD1 0.1721 0.346:1 

-0.1148 -u.~573 -0.6620 u.3724 0.7476 I.OO(IO •0,2799; 0.1911 i 0,8215: u.30G8 0.1695. (I, 1621 

0.2u91 ti.22~7 0.1096 0.0389 -0.0098 -0.2799 1.0000 0.3ID1 -0.38'1 O,J((I.J 
; 

0.0112 j -(l.0004 : 

0.1 lli -il.1007 -0.0258 03034 0.4563 0.1911 Cl3801 1.0000 10.1101 ll9439 021M 0.4053 -~ . 

I ' •1 
.(lJl88 --0.5225 -0.-1725 u.09.56 v.~6~; 0.8:1~ -0.3861 :-0.1161 IJ.)001,1 0.0051 0.092o -0.0627 

1-----1 --·····-· --f---+--1 ·--··-+---
0.5:~ ~111~ o.10~: i ~-~39 o.0051 1.~ o.:~91 o.~9 -' 00602 --01939 -O.Oi3i 0,4(1$1 

.o,OW(, --01223 -0.0i\9 0.02.<l9 0.1,11 ul695 O.OHL o.s161 0.09:!0 ti .•• 59 1.0000 1 O.s035 

1 -no8U> -0.1513 0.0010 0.33.'1 oJ4M• 016:!<I .o.wo1 0.-10.53 .• 0.062~ 1 o.4109 o.~03.\: J.(l(l(l() 
' ; 

Fi1'rure 7 .:l: The t::tble of correl:nion coenicienL<i: 

Removing insignificant principal components 

The principal component analysis via singular value decomposition is applied on the normalized 

training data set. A scree plor of J•i••;;v"("'·' values where pis !he sample si~e is shown in figure 

7.4. II is apparent that the first eight principal components should he retained, based on the fact 

rhat the eigenvalues fall off significantly after the 8th principal component. 

'fable 7.4: $VD-based data 1ransformations and their merits. 
' .. .. __ 

Jnpul feature transformation I Notation SI - ' 
normalized rraining darn Xuarmu/i4ed 78.25% 

-· ··-
hest rank-8 approx. to whitened data L"s 78.69% 

best rank-8 approx ro data rotared imo principal components ; Us ·Ss 78.25% 
. - . --·-

best rank-8 approx_, to original data j r Cx-Sx-Vx 78.33% 
·-· 

Tobie 7.4 shows various atlempts at improving the SI by rcdudng the feature vector dimension­

ality to eight and transforming using PCA via SVD. The highest improvement in Sl of 0.44% 
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Figure 7,4: A saee plot of eigen ,,alues ~bowing where the cut-0ff threshold should be taken 

is achieved when the best rank-8 approximation to data rotated into the principal component 

transformation is used. Based on these results it is apparent that PCA is not significantly useful 

at improving the separability of the classes in the feature vector space. 

7.7.2 Tn1ining and testing 

The training of classifiers entails finding t11e parameters that will result in acceptable perfor­

mance levels. The set of classifiers under investigation. consisting of KNN. PNN, SVM and 

RLSC. were trained separately on the validation set and the parameter seUings were determined. 

The settings and the training accuracy on the validation set, are shown in table 7.5. 

Testing the classifiers for generalization on the test set results in the generalization results shown 

in table 7.6. lt appears that the RLSC or "regularization•· algorithm has outperformed the rest of 

the foamre classificmioo methods. This is followed by the PNN with generalization accuracies 

of 91.59%. wltich outperforms the SVM. Finally, the KNN has the least generalization accuracy 

of about 90%. 
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l'Ablc 7.5: CIM&ifier 1.1u111lng results. 
" 

Feature clussificulion method Parameterl Parameter2 Train111g accuracy 

KNN k= 13 none 90.00% 

PNN cr= OSI nouc 90.99% 

SVM Cl= 0.51 C ~ 100 90.22% 
' 

RLSC ! Cl= 0.51 y ~ 0.09 90.37% 
' " .. --

'fable 7.6: "Ac.:ur.icy" und "Precision" 

Cfassifier 
I 

Time accuracy FPR TPR precision 

KNN 1.5sec 8991% 6.13% 63.04% 91.13% . 
PNN 1.5 sec 91.59% 1.22% 42.16% 97.20% -.. 
SVT\1 I 6.39 sec 90.67'¾ ' 1.41% 36.17% 96.25% 

- · 
~<I~<;C 12.03 sec 92.35% 2.28% 55.40% 96.05% 

In add1llon ro the accuracies of the classifiers. the overall false po~itive (FP) and true positive 

(TP) mies are also shown in !able 7.6. The fraction of rocks in the test set i~ l 2.69% before rock 

recognition is applied. This constitutes the total positive~ (P), while the fraction or non-rocks 

of 87 .31 %, constitutes the tot.ii negatives (N). For each classifier the false positive. true positive 

rate and precision are computed from the following[ 151: 

and 

FPR= FP; 
N 

1'P 
FPR=-; p 

(7. 1-1) 

(7 .15) 

precision= TPr_:FP' (7.16) 

As can be seen in t~ble 7 .6, the best cl~ifier in terms of a good compromise he tween TPR, FPR 

and processing speed is [he simple KNN classilkr. This is because ir has an acceptable FPR 

and precision, and the highest TPR on the rest-set. and irs computation i~ alruosr instantaneous. 

However. the TPR w1d PPR values of a particular classifier determine the operating point of 

lh:it classifier on an ROC (Receiver Operating Characteristic) plane (15j. The operating point 
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i$ usually ehanged hy varyiog some thre$hold that dfatinguishes between 1he two classes (in 

binary classificatioo). This results in a curve that specifics !he performance of the classifier for 

each threshold value. The TPR and FPR val11es that arc reportoo here, form a single point on the 

ROC for each classifier, as shown in figure 7.5. The diagonal line is the ROC eurve of a purely 

random classilier. For each threshold, lhis clas$ifier is expected to achieve equal true and false 

positive rates. lt is random hec1111$e the likelihood thal a positive is true or fal.sc is the same for 

all the thre$hold,;. Good cla$sificr,; should have ROC curves which reside within the top triangle 

or above this random line. 

111, perfonnanoos <1f 1he classifiers on an ROC graph 

. . ... -'---'--~'----' 
'::.'- o.s v.e '::.1 

false posirive (alann) rnte 

Figun, 7.5: Tile ROC space, show in .. ~ the performances or the four dassi ficrs 

In [15], it is argued that classifiers ,;hould oot be comp.1roo based on a single point on an ROC 

plane, because the result of the comparison might not he valid at nther points. It i, also stated 

tliat an ROC ct1rve of a classifier ean he generated by varying its decision threshold. In this 

work, the decision thresholds were set 10 i.ero for all the classifier,. To other words, the decision 

functions ofequations 7.1. 7.3, 7.4 aod 7.5 were compared to a zero tl1rcshold, in order to decide 

on the mosl probable label. Clearly, varying tltis threshold changes the deci6ion boundary of 

lhe dassilier, and therefore the TPR and FPR. The tlu·eshold is valied between -~ and +''°· 
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The ROC curve starts at (0, 0), where the threshold is +oo. A, the threshold is lowered to 

the point that the decision function is encountered, more trne positives and less false positives 

are progressively encountered. This results in the slope of the ROC curve being steeper. As 

the global minimum of the decision function is approached, more false positives and less true 

positives are pr~igressively encountered, as a result the slope of the ROC curve decreases. AL 

-=, both the true positive and false positi,·es are fully detected and therefore both TPR and 

FPR assume unity values. The ROC curves of the four classifiers are shown in figure 7.6. 

I-· .,. 
ROC curves of tl1e \'ruious classifiers 

' 1/ I 

... ROC ofKNN _, 
ROCOfl)(lr 

- ROCofSVM 
ROC:of RLSC , -

Q,$ Q.6 0 7 O,t\ 0,0 

raise positivt ratl} 

t·i~urc 7.6: The ROC cur\'eS of the four classifiers 

A perfect classifier should have an ROC curve that passes through the poi1u (0,J). In other 

words, there snould be a threshold where its false positive and true positive rates are zero and 

unity respectively. Any classifierthat is closest to tllis perfect ROC curve is the the best classifier 

on the Lest set. As can be seen in figure 7.6, the KNN is the besc classifier on this test-set. 

The KNN is funher tested on a subset of the images !hat were u~ed Lo Lesl the segmentation 

for rohuslness to variations in lighting conditions. The obtained visual resuhs are shown in 

appendix A. 
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Th0 visual rcs1i!ts on the tcst•sot of tho KN;-;: and the RLSC arc ~hown in 11gures 7.5 and 7.6 . 

... ·: 

l'i~""' 7.7: Test rcsulll< on test-Set image, 1·3, •howing K;-.JN classified regions on lhc Jcf't and 

RLSC classified regions ou the tight. 
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l!i2urc 7.8: Tesr result~ on test-set images 4-5, showing K!\N classified region, on rhe lefr and 

RLSC classified region:; on the right. 

7.8 Summary 

The main aim of this chapter was to investigate, implement and f1pply foature classification 

methods 10 reduce the high false alarm rates of the segmentation algorithm. four classitic.1tion 

methods in the form of KNN, PN::-1, SVM and RI .SC are selected. All of these classifiers are 

data-driven. 

Dara was collected and feature vector reduction methods in the form of feature subset selection 

using SI and PCA via SYD were applied. Optimizing the SI 11sing the PBIL algorithm improved 

the SI fron1 78.25% 10 82.45%. The PCA via SYD method was not succe~sful ar improving the 

separability of the classes in the feature space. This was pmhahly due to its ignorance of the 

target classes. 
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The classifiers were the11 trained to determine their optimal parameter senings. Testi11g for 

generalization followed, and tlie results showed that the RLSC method outperformed all the 

other methods in tenns of generalization, but that the KNN has the best compromise between 

the false alarm rates, true detection rate.~ and speed of computation. The emphasis is placed 

on the achievement of the main objective of reducing the FAR on the test-set from 87.31 % to 

5.35% with the simple KNN classifier. 
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Chapter 8 

Results 

8.1 Introduction 

In this chapter, the overall results of this dissertation are presented. firstly, projected rock 

area distributions at pixel level on test-set images are measured. These measurements are then 

t:ompared to projected area distributions of manually segmented images. The primary objective 

of this experiment is to evaluate the ability of the system to act:urately measure projected rock 

area distributions. The secon<la1y objective is to ascertain whether the system has reasonable 

ourputs by using the hand-segmented data as ground 1111th. 

Set:ondly, real plant da1a in the fotm of sieved size distrihutions with corresponding video se• 

quences are collected. The video sequence is analyzed by the system, and the projected rock· 

area distribution is measured and compared to the actual n'taSs fraction distribution of the sieved 

data. A difference in the two distributions is expected since the 01ethods are not measuring the 

san,e thing. 

Empirical corrections are then made to enable a fair co01parison between the two size <listri• 

bmions of the belt-cuts. Both visual and statistkal results of the compatisons are presented. 

Finally. a summal)' of the overall results is presented. 
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8.2 1\tleasuring projected rock area distributions 

In this section the resull5 are presented in terms of two images fo( visualization purpo,cs, and 

the corresponding distribution, for qualitative comparisons. One image is Lhe system's output 

and the other is the corresponding manually ~gmented image. The Human Visu,11 System 

(HVS) is capable of locating mcks al a global level, where it is easy to distingui,h between rock 

and non-rock patches. As a consequence the time consuming prncess of location of fine, is not 

anemptcd. Conseqt,cmly, the system's fine~ locating capability is 11lso switched off to ensure 

a fair comparison between autommically ,md manually detem1ined rock ,izc di,tributions. As 

far as the plotting of the distribution is concerned, a n1cthod for creating suitable bin si:.:es is 

required. ln thi, work, bin widths arc dctcnnincd through the use of the Freedman-Diaconnis 

ru\c[29]. The bin width his given by: 

(8.1} 

where IQ is the interquartile range and n is the size of the data-set. ·rhe p(()jected rock a(ea 

disl(ihutions a(e plotted on the same set of a:<es for cornpatison purposes. Tiic test-set ha, live 

images, and thus live a(ea distributions of c11ch catcgmy (n1anually or automatically determined) 

can he averaged for each bin to obtain a single disuibulion. Finally. a quantitative comparison 

betwceo the average distributions from the manual and m,1omatic method is made. 

At thi.5 point, the system c11n rne11su(e projected area distributions in 1cm1s of the nun1bcr of 

pixels 11s shown in figures 8.J and 8.2. As can be seen on this image. the automatically deter­

mined projected area distribution dose ly matches that of the manually determined disllibuLion. 

Jlowever, it must be stated clearly that the manually dctcnnincd distribution is not the actua I 

distribution of the material in the picture. It is only the approximate prc~iected area distribtttion 

of the rocks which arc visible to the human eye. 

The p1oje~ted rock ,uea di.stributions of the cest of test-set images are shown in figure~ 8.3 to 

8.10. Figure 8.11 shows the average distributions for each category. It can be deduced by 

qualitative cnrnpa(isons that the automatically determined distributions doscly match that of 

the manuiilly detennined projected area distributions. However a quantitative mca,tu'C of this 

match is rec1uircd. 
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Figure 8 .. 1: Test image{ segmented using the KN;\-ha.-.ed segmentor is shown on the left and on 

the right is ,he manu:iUy segmeme<.I ver!-:ion, 
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Figure 8.2: The con·espo11d'111g projected area distributions of the automacically and manually 

segmcnlcd ima~cs of tcst-:,;cl image 1. 

One quantitative measure of difference is obtained by computing the RlvlS (root mean square} 

enor between the two distributions. This error measure is found to be 2.37% on this darn-set. 

Another approach of quantitatively comparing two cumulative distributions is omlincd in [49]. 
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0 

Figure 8.3: Test image! segmented using ttle KNN-based sc)!mcmor is showo on the left Md on 

the right is the numuaUy segmented version. 
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Figun· 8.4; The corresponding projected area distributions of the automatically and manually 

segmented images of test-set imnge2. 

The process begins by linearizing ihe two distributions using a Rosin- Rammlcr tmn,formalinn, 

where the x-axis and the y-axis are transformed using: 

x,ww = ln(x) 
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and 

Figure 8.5: Tesl image! segmented u,ing 111e KNN-based seg,nentoc is shown oo the ldt and on 

111e right is Lhe manually segmented version. 
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lfi:;u•-c 8.6: The corresponding projected area distribution.< uf the automatically and msnunlly 

segmented images oftest-set image3. 

100 
)'new = Ln(ln(-)) 

)' 
(8.3) 

It is claimed in [4'JJ rh:it this should lead to a linear relationship between the transformed vari-
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fil;!ure 8.7: Test imagel segmented using th.c K.NN-b:<:!ed ,egroentor is shown on Lbe left and on 

lhe right is the manually segmented version. 

Project.:d rock area distrib111ion of image 4 
1· ,. ' ' 

; 

~9· 

~.8• 
I .-

' 1=_;,111:11•1 seor:ierttd I 
t·.?;--

ul~r.i&~•;e•t S!!O~llle.d .. 
. s , 
~ ,.:: ' >'l C·.5L 
i ! ·./ 
~ 

I 
o.s ~ . :' 

I " I , / 

§ I I 

0.-4~ ! 

~ I 
I 

o.3r i 
' 

0.2- / 

:.1-

0 '-•'-' -·-· -,o' to' 1~• 

Rock diMleler in pixels 

l'i~ur~ ~.!i: rhe corresponding projected llJ"Ca disnihutions of the automatically :md manually 

segmented illl<\l\CS of test-set im.age4. 

ables. However, the variable y assumes values less than or equal to unity, and the reciprocation 

followed by the amplification results in large numbers for values dose lo zero. The attenuation 

provided by lhe two natural logarithms is insufficient to compensate for this distortion, and as 
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0 

J!'igure 8.9: Tcsl image 1 segmented using the KNN-bascd scgmcntm is shown on the left and on 

the .-ighl is the manu,tlly segmented versio,1. 
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Figu.-e 8.10: The corresronding projected area distributions ur the autmruttically nud manually 

scgmcntc<l imnsei,; or tef.t-set iin.a.s,e.5, 

a result the output is non-linear. Based on this fact, an alternative procedure for linearizing is 

adopted in this work. This procedure involves transfonning only the x-axis as done in equation 

8.2. Regression lines are then titted on the resultant data and the resulls are shown in table 8.1. 

117 



Chapter 8: Results 

Pr4.iecl rock. area distribution of the test 8el 
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FigureS.11: Th~ ov~rall projcctl!d rock~ disuibtuions on the test-set 

It appears that a linear fit is significant for both lines since the F-statistics obtained from the 

regression outputs are significantly greater than the F&m value of 9.28 from the F-tables. 

Therefore the linearity assumption is justified. 

T.1ble 8.1: Machine vs ~l.anual measurements linenr regressioll remits 
--· 

Parameter Automatic Linc ; Manual Line 
I 

•. 

bo -1.2396 
; 

-1.1263 : 

195% confidence interval on bo (-1.4867 to-0.9926); (-1.2831 to-0.9695) : 
i---~· : 

f ' 
b1 0.5214 i 0.4923 

95% confidence interval on b1 (0.4583 to 0.5846) I (0.4523 lo 0.5324) 

Ri 91.09% I 95.77% 

Observed F-statistic 286 ! 633.57 i 

The two lines arc shown in figure 8.12. Visually, they appear to be very close to each other. 

A hypothesis test for slopes, with Ho being the null hypothesis stating that the two slopes arc 
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Regression lines oftrnusfornied data 
1.1 

x-variablc 

Figure 8.12: Regression lines of linearized projected aren distributions of the test-set. 

similar, and the alternative hypothesis H1 being lhe two slopes are different is carried out 10 

investigate this closeness. Ju formal terms, 

Ho: ba = b.,, (8.4) 

(8.5) 

where ba is the slope of the automatically determined data and bm is the slope of the manual 

measurements. The test is a two-sided t-test because the null hypothesis Ho should be rejected 

when ha -b,,, is either significantly negative or positive. The lest statistic is given by 

(8.6) 

where tn-k-l is the studenr's t-distribution with 11 - k - I degrees of freedom and Sb1 is the 

standard error on b1. The variables n and k are the number of samples (30) and independent 

variables (1) respectively. The standard error on the slope ba is given by 

MSE 
s;(n-1)' 

119 

(8.7) 



Chapter 8: Results 

where MSE is the mean square error of the automatic regression line on the data, and sx is the 

s1andard deviation of the independent variable x. The quantities S:r and MSE are determined to 

be 0.4262 and 0.0047 respectively. Using these values, the test statistic value is determined to 

be 0.960. The 5% significance level for the two-sided test is 18a°25 = 2.048 which is significantly 

greater than 1he test-stalic value. It can be concluded that there is insufficient evidence to reject 

Ho at the 5% significance level, and lherefore lhe rwo slopes are deemed to be similar. 

A similar approach as lhe one used for 1esting for similarity in slopes is adopted for testing for 

similacity in constants. The null and alternative hypothesises are: 

Ho : Ca = r:m 

The test statistic is given by 

as before. where -'c. is the standard error on c0 and is compmed as 

/MSE s,. = Vn=T· 

(8.8) 

(8.9) 

(8.10) 

(8.11) 

The test-stalistic is determined to be 8.7735 and using a significance level of 5%, Ho is rejected. 

Therefore based on statistical 1ests on lhe similarity of regression lines, the 1wo distributions are 

not similat. The discrepancy is ar lhe fine end where lhe machine genera1ed size distribution 

appears to be coarser than the ground truth. The major sources of en·or are the segmentation 

algorithm and the KNN classifier. However, the encouraging outcome is that the visual results 

seem to suggest that the two distributions are similar. In addition, expanding the number of 

images in the te~t-set and repeating the statistical tests may confirm this suggestion. 

For the purposes of representing distributions in terms of rock mass fraction against size 1n 

mm as is done in tile mineral processing industry, a conversion from the representation of the 

prQjected rock area in terms of the number of pixels to squared-centimeter cm2 is required. This 

conversion can be done using: 

Rock Area= Aroc1; · f(p,,r1,m) (8. 12) 
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where Arn,·k is the rock oll'ea in pixels and f is a function of pixel size p,, image reduction factor 

r I and a magnification factor m [ 11]. The conversion from area lo diameter in cm is achieved 

using 

Rock diameter= 2✓ Roc~rea . (8.13) 

This is a diameter of a circle with the same :uea as lhe projected rock area RockArea. 

8.3 Co1nparing 1nachine 1neasured size distributions to 

sieved data 

The previous section tested the system on a test-set of images, and compared the clistribution 

obtained to the distribution of corresponding manually segmented images. The visual results 

show !hat lhe two distnl>utions are similar, but quantitative results are not convincing. In this 

section a further evaluation of the system on i,ieved data is carried out. In particular, qualillltive 

and quantitative comparisons between the automatically measured and the actual sieved rock­

size distribution are carried out. 

8.3.1 lVlelhodology 

Sieved data was collected in the form of rock-size distributions of3 and 5 metre belt-cuts with 

corresponding video at the Waterval mineral processing plant in Rustenburg. The two rock­

size distributions as obtained from lhe test-work are shown in figure 8.13. It appears that the 

5m belt-cut is finer than the 3m belt-cut at the fine end and coarser at the coarse end. This is 

because the first 5 meters of the total belt-cut consists of coarse and fine material, while the last 

3 meters consisis of only fine material. 

Calibration objects in the form of discs wilh diameters of 64mm were included with the material 

under imaging. The scaling from pixels to cm2 is determined to be one pixel area being approx­

imately equal to one square-centimeter. This allows us to map the diameters from pixel values 

to millimeter values. The methodology for performing a comparison between the machine mea­

sured and sieved rock-size distributions involves using the sieved distribution of the Sm belt-cut 
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Rock size distributions from sieving 
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Figure ~.l3: The 5m helH.:ut sieve size tlistribution with the corrcch:tJ projcclc<l rotJ... area distri­

bution of the machine \•isiou system. 

for empirical corrections, wh.ik retaining the Jm belt-cut for evaluating the effectiveness of the 

corrections. 

The total belt-cut video sequence has 1084 frames. This is a I minute and 12 second long movie 

when played al 15 frnmes per second. The number of frames was reduced ro 362 by sampling 

at 3 frame intervals to reduce redundancy. The first 227 of the 362 frames belong to the 5m 

belt-cut and the rest lo the 3m belt-cut. The Sm belt-cut frames were analyLc<l by the system 

and the resultant distribution is shown in figure 8.14. It is apparent that there is a <lead-band in 

the range between 7.em and 6mm. This is due to mainly the limited resolution of the cameras 

and other factors outlined in L4:\J, such as missing tines. 

8.3.2 Dead•band correction 

t\ slightly better approximation of the sieve distribution is obtained by fitting an s-curve at the 

tine end to correct for the dead-bane! problem and missing fines as shown in figure 8.14. Filling 
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a srnndard "'tail'" ors-curve to estima1e fines is standard procedure in the comminution industry 

[65J. This is done to estimate fine particles which are too small to be measured. The extent 

of dead-band correction is determined as the length of the dead-band and is found to rnn from 

che J-'' .~ample co 1he 19t1, sample or che machine generated dis1ribution curve. The procedure is 

as follows: The machine genernced cumulative disiribution is firstly converted lo a probability 

distribution function (pdf); the fir$l 19 samples of the pdf of the $ieved 5m J:,elt-cut are inse1ted 

into the first 19 slors (dead-band lengrh) of rhe machine genera1ed pdf. the modified machine 

generated distribulion is then normalized to oblain a dead-band correc!ed pdf, and it is then 

convened lo a cumulative distribution function(cdf). 

Thi$ correction is rested on the 3m bell-cul 10 evaluate its usefulness. The visual results as 

shown in figure ~-15 are encouraging. 

5m bett-cut rock size distributions 
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Figure 8.14: The 5m belt-cul sieve size distribution with 1he corrected projecced mck area distri­

bution of the machine vision system. 
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J•'i~urc 8.15; Tl1e 3n1 belt-Cul sieve Mize <li:>tribution with the corrcMpon<ling com·cccd projected 

rock area distribution of the rnachi ne \'ision .;;ystem. 

A quantitativ-: comparison can b-: don-: using the same wchniquc which is used to quantify the 

difforcnce between manual and automatic distribution measurcmcncs. Results in table 8.2 show 

that the two linear tits arc significant and thus the linearity assumption is justified. 

Tobie 8.2: Machine vs sieve discributions linear re~e~sion resull; ou tlte Jm bell-cut <latu 

' 
Paramct-:r Machine Linc Sieve Linc 

ho 0.2917 0.360] 
.,_ 

95% confidence incerval on ho i (0.2649 lo 0.3 I 85) (0.3414 to 0.37~8) 
-···· .. . . - .... 

' bi 0.0959 0.1164 
-- ···-

95% confidence interval on 1>1 (0.08<i6 to (U052) 
1 

((U 099 to 0. I 229) 

R2 ! 94.74 % 98.21% 
.. 

I. ohse1ved F-slalistic 450.5 1368.5 
.. 
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Figure 8.16: A \·isuaJ comparison hctwccn the machine antl sieve regression lines. 

A visual comparison of the regression li11es show11 in figure 8. l 6, shows that the two li.11es appear 

to be different. But how significant is this ditlcrence'/ A similar procedure as ihat which was 

used to compare two regression in [49] is used here. The results of the t-test are summarized in 

tahle 8.3. It appears that the two slopes are significantly cJiJforcnt since Ho ls rejected at the 5% 

significance level. There is no need to go further and rest for the similarity of the constants. If 

lines have different slopes then they arc different. Therefore the two rock-size distributions :ire 

significantly different. 

Table 8.3: Hypothesis testing r~ult~ for simih\rify betwee1t the machiJle and sieve measured iiize 

d'1srribud-0ni.. 
·- · ······-

Test !lo H1 t-stat rejection level 
-· -

slopes b lmaddne =:"." b 1 s;1.•v(! b I mm:ldm: =/=- h 1 sieve 4.727 5% 
·- ·-. ... ...... . ..... ,-··-·· 

constants hOmachine = bOsiei'" b011v1chim1 F' bO,vie:11e none i none 

This result is expected hecause what is being measured by the two approaches is dilforent. 

The sieving method measures the overall distribution of the material while the machine vision 
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system measures the projected areas of rocks as well as overlapping rocks on top of the pile. In 

[431, they go further and state that assuming that the rocks are anisotropic in shape and that they 

lie flat, the machine vision system will tend to measure the major and intermediate diameters. 

While the sieve methods will measure the minor and intermediate diameter.~. Therefore the 

machine measured distributions will tend to be coarser than those of the sieve methods as seen 

in figures 8.14 and 8. I 5. 

Further corrections in the fonn of compensating for overestimation due to "fragment lay" and 

under-estimation due to overlapping fragments [431 should be made. The Wipfrag system of 

[ 43] uses statistical lmnsformations wbich are based on stereology and geometric probabilities 

to reduce these errors. The same tnmsformations of their work are attempted from here on. 

8.3.3 Stereology-based correctiou 

As seen in the previolls section, that simply fitting an s-curve at the fine-end is not sufficient 

even though the visual results obtained are encouraging. In this section, other empirical correc­

tions, based on stereology and geometric probabilities. are attempted. In particular, the selected 

transformation is based on the following stereological relationship from [43]: 

iH 
NA=-Nv 

2n 
(8.14) 

where NA is the number of rocks per unit a.tea ou t11e sectioning plane, Nv the number of particles 

per unit volume intersected by the sectioning plane and Mis the mean curvature of the particles. 

Assuming rocks to be spheres where M = 2nd, the resultant relationship becomes 

N,1 . ,INv, (8.15) 

where d is the average diameter. TI1erefore the number of rocks per unit volume for each bin in 

the histogram can be determined using: 

(8.16) 

where dav, is the average rock diameter of each bin. In [43 ], a calibration function f is included 

to account for overlapping fragments and the effect of missing fines. The new equation is 

(8.17) 
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Tiiis appears to he a generalization of equation 8.15. since iris rhe specific case where f(dm-,) 

is a set of uniry values. 

The stereological solution of equation 8.15 is applied prior to applying dead-band correction. 

See also the visual re.~ults of applying the calibrated slereology correction 8.16 in appendix 

A. The exrent of dead-band correction is detennined on rhe 5m helt-cut data and its length is 

heuristically determined to be J 9 samples.. The two concctions arc then applied in the specified 

order and tJie results on Ille two belt-cuts arc shown in figures 8.17 and 8.18. The results appear 

to have improved tremendously. 

no 
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Figure 8.18: A ,,;,"'11 comparison be1ween 1he sieve and coo:ected machine size distributions on 

the 3m bclr-cut dnta. 

Treating the 3m belr-cut as the rcs1-se1. rhe next step is t.he quantification of the apparent im­

provcm<.,"llt. The regression results are sl1own in table 8.4 and the obtained regression lines arc 

~hown in figure 8.19. 

T~ble 8.4: Machine vs sieve distribu1ions linear regression resuliS on rhe 3m l:>elr-cut data 
--

Parameter Machine Line Sieve Line 

bo 0.3617 0.3601 
', 

95% confidence interval on bo (0-33(i(i tn 0.3867) . (0.3414 lo 0.37~~) 
. 

bi 0.1135 
; 

0.1164 l -
95% confidence interval on b1 

I 
(0.1049 to 0.1222) , (0.1099 to 0.1229) 

' 
R2 

: 
96.66% ' 98.21% I 

Observed F-statistic 723.9 1368.5 . 
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Flgure 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 Ho Hi t-stat significance level 

slopes blmachine = blsieve blmachine-=/= blsieve 0.7022 5% 

constants b0machine = b0sieve b0machine -=/= b0sieve 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 5m 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 distrirutions 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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Chapter 9 

onclusions and Fu re 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 methcxl 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. 

• 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. 

• 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 (TOR). However the most suitable feature classification method in terms 

of a gocxl compromise between FAR, TOR on the test-set, and high speed of computation 

is the simple KNN. 
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• 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. 

• 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: 

• 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. 

• 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. 

• 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. 

• 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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• 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. 

• A Full 3D surface reconstruction of the rock scene and the subse.quent 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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Appendix A 

Recognition results on experime11t images 

The following are visual rock recognilion results on a suhsel of images used for testing the 

segmentation algorithm under varying lighting conditions. A KN~ with a k-va!uc of 13 is used 

for recognition. 

Figure A. t: Segmentation output of test•image5 and the corresponding rock recognition output. 
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Appendix B 

Results of the calibrated stereology method 

The calibrated stereology-based correction is applied and the obtained visual results are shown 

in figures B.l. B.2, B.3. The di,tribution, arc smoother than the distributions of the uncalibrated 

method, however there is a larger dissimilarity in the obtained regrcs,ion lines. As a fcl-~ult, the 

statistical tests reveal that the two distributions are dissimilar. as shown in table ij.2. Table B. l 

shows that the linear fits are significant. 
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3m belt-cut rock-size distribution 

1201 

100,-
- fir&' dis!rtn.l.icn 

'.3M ~t~III d~nblll!Or. 
<:ti :111~d slcre:fout :o'l"CIC1io1 

OJ 
i C: 

'ti) 6/Jc ., 
"' a. 

rol 
., ., 
"' E : 

- uie(l't'K'ltd d ~1::IJ.ict 

E 
40L ::; 

0 ! ~ 

! 
;)J'-

I 

Q • 
·a· Hf 1:' ,o' 

Rock diameter in mm 

Figur~ R.2: The ~m heh-cut rlistrihutkm after~ calihr:.ned ~tereology correction 

Table 8 .. 1: Machine 'lt'S skvc JisLribulions linear rcgrc~sion resu1Ls on the 3m bcJL-cul <lata 

Paramc1cr Mm.:hinc Linc Sie,·c Llnc 

bu 0.3898 0.3601 

95% confidence interval on bo (0.3679 to 0.4117) (0.3414 to 0.3788) . 

b1 0. 1031 0 J 164 

95% confidence imerval on h1 (0.0955 tn 0.1107) (0. l099 In 0.1229) 
--·· . ·-···- ' . . ... ··-··-

R2 96.9% 
' 98.21% 

Ohserved l'-slatislic 781.6 1368.5 
.. 

Table lJ..2:- HypOLhc~b tc.-.;ting rc!-tults for similarit}' hcr.vccn the machine and sieve measure<l size 

<lir.tT'ihution~. . i Tes, Ho I Hi t-stal rejection level 
... ·-. ·--·-· 

slopes b 1 machint• = b I sit.>ve b 1 mud,ine :/: b 1 sie~·e 3.7495 5% 
·--- .. 

constants bOmadiim.• = bO,ieve bO,m,dline =/= b0sit•11e 3.0549 5% 
.. . . .. 
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1.2------

Cl1apter B: Results of the calibrated stereology method 

Regression lines 

- mad"lnelir,e . 
!'~~ur.e I 

' ' ' .t 

1.: -o' 

Log of ro~k d1ar.)eter 

Figo~ B.3, The corresponding regression lines 
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Appendix C 

The system's flow of processing 

The .Oo"v of processing 
Rock scene image 

~ 
Rock scene seitmentation 

! Locatirig r111es 

L Rock~] ~ 

w;i~:tl OR operato1 I 

~-!, ------- . 
Rock size mea~11rement 

.ij. 
Rock size <lb--tribution 

Ji'igure C. 1: The flow of pmcc..o;sing diagram 

Hgure C. I shows the flow of processing diagram. where a greyscale image of the rock scc11e is 

the input to the system. This is foo c.lireclly into the rock scene segmentation process to locale 

the boundaries of rocks in order lo facilitate the measurcme11t of rock size. However, some 

of the resultant boundaries are spurious and must therefore he removed. This is perfonned 

via rock recognition by using patten, recognition methods or classifiers. However. it was later 
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Chapter C: The system's flow of processing 

discovered I.bat fines or smaller particles are missed after these processes are performed. A 

fines locator algorithm was then incorporated to solve this problem. The classifier and the fines 

locator outputs are then combined using a logical OR operator and the particles on this final 

image are measured for die linal estimation of rock size distribution. 
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