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ABSTRACT 

The characteristic properties of potash (KCl) crystals depend not only upon their 

chemical composition but on their morphological attributes as well. Hence, to determine the 

quality or grade of the crystalline product, it is necessary to be able to precisely quantify the 

size as well as the shape parameters of a sample population of the crystal product. 

Moreover, as process parameters during crystallization influence the size and shape of the 

crystal product obtained, accurately quantifying the size and shape parameters can serve to 

provide feedback information for on-line control of the crystallization process itself in order 

to obtain a better grade of crystalline product. This thesis presents a pattern recognition 

scheme that uses image analysis to acquire size features and Fourier descriptors to 

effectively describe the shape of a particle and neural networks for shape classification. 

Image analysis is presented as a viable, accurate, and time-efficient method that can 

be used to simultaneously and objectively characterize size and shape of crystal particles. 

The Zahn and Roskies Fourier descriptors, evaluated from the Fourier series expansion of 

angular bend as a function of arclength, are used to effectively describe the shape of a 

particle contour, and are considered to be ideal shape parameters. A pattern recognition 

system that comprises of a machine vision system and a neural network classifier is 

introduced. The shape features, which are the Fourier harmonic amplitudes, are the input 

vectors to competitive and backpropagation neural networks, which act as shape classifiers. 

The ideal number of Fourier harmonic amplitudes required for crystal shape 

discrimination is also studied. 15 to 20 harmonics are found to be ideal. Unsupervised 

competitive neural networks were used to cluster input vectors into classes without 

providing any feedback or supervision. In spite of successful clustering, competitive 

networks were not an ideal choice due to the constantly shifting clustering with increased 

training of the network. However, this unsupervised clustering made it possible to generate 

input and target vectors for training a multi-layered neural network using the 

backpropagation learning algorithm. Crystal shapes were classified into five classes 
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corresponding to "excellent", "good", "fair", "poor", and "bad" crystal shapes by the 

backpropagation network. It was observed that all particles used for training the 

backpropagation network were correctly classified. 42% of particles not used to train the 

network were correctly classified and 48% were classified into classes adjacent to the 

desired class, which is acceptable considering the subjectivity involved in selecting input 

and target vector pairs. The remaining 10% were classified into classes farther than the 

adjacent class. Thus, an effective accuracy of 90% was achieved in grade classification of 

crystal shapes. The entire system was developed to behave like a "black box", with a single 

application package being developed to capture crystal images and analyze size information 

as well as the ZR Fourier descriptors, which are fed into the feedforward neural network 

that classifies the crystal shapes. The system is an objective alternative to the subjective 

decision making process of human inspectors in determining the grade of the crystalline 

product. 
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1. INTRODUCTION 

1.1 Introduction to Thesis Problem 

The size and shape of fine particles affects their properties in many important ways. 

For example, these properties determine the setting time of cement, the coloring power of 

pigments and the activity of chemical catalysts. The taste of food, the potency of drugs and 

the sintering shrinkage of metallurgical powders are also strongly affected by the size and 

shape of the particles of which the powder is made up. Characterization of the size and 

shape of fine particles including crystals is receiving increasing interest in particulate, 

precipitation and crystallization processes as the efficient use of the final product is often 

dictated by its morphological characteristics. It also enables an increase in the efficiency of 

such systems and permits their control. 

The characteristic appearance of crystals (or crystal habit) is determined by its 

chemical nature, but process conditions concerning temperature, pH, additives such as 

growth restrainers or enhancers, shape modifiers or mixing are also known to have a 

significant effect [1]. Shape kinetics, that is, shape modification over time, may occur due 

to any of these factors during crystalline growth. Breakdown, attrition and agglomeration 

can also modify the final shape of a crystal. As crystals exhibit a number of specific shape 

features which develop in close relation to the conditions of growth and agglomeration, the 

quantitative evaluation of these shape features by adequately defined parameters can serve 

to obtain a deeper insight into the mechanisms and kinetics of crystal agglomerate 

formation. To date, crystal grading has been done on the basis of the size distribution alone 

and shape information has been largely ignored by the industry. However, both crystal size 

and shape are important and must be considered in grading the crystalline product. 

Crystals and crystal agglomerates are characterized by an extreme diversity of 

characteristic shape features. Some specific properties of crystal and crystal agglomerate 

habits are given below [2]: 
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- With non-disturbed primary crystals, very specific habits with fixed ratios 

between the edge lengths are found. The macroscopic shape is in general, strictly convex. 

-Flat facets and sharp edges are distinctive for crystals, yet they may be more or 

less abraded and rounded, indicating mechanical stresses during crystal growth in industrial 

mass crystallization. 

- Crystal growth disturbances lead to characteristic deviations from the expected 

crystal shape. Impurities or additives in the mother liquor, for example, may lead to shape 

modifications. The appearance of a dendritic habit (a branching treelike mark made by one 

mineral crystallizing in another) may be attributed to growth instabilities at high 

supersaturations, or again, to specific additives. 

- Crystal agglomerates are distinct from primary, non-dendritic crystals by the 

existence of concavities. 

- The adhesive forces in inter-crystalline boundaries are orientation dependent, 

hence in the presence of mechanical stresses, crystal agglomerates are subject to a selection 

process and high proportions of oriented crystal agglomerates can be observed in some 

instances. 

The size and shape of a spherical particle are uniquely defined by its diameter. For a 

cube the length along one edge is characteristic, and for other regular shapes there are 

equally appropriate dimensions. With some regular particles it may be necessary to specify 

more than one dimension. For example, for a cone: diameter and height; for a cuboid: 

length, width and height. Unfortunately, crystal particles rarely have regular shapes and 

completely describing their size and shape becomes more involved. 

A large number of techniques, some simple, some sophisticated, have been 

developed for the characterization of crystals and other fine particles. Some are of general 

use while others are best suited for a given type of particles. Microscopy is the foremost 

technique to characterize the morphology or shape of objects. Quantitative image analysis is 

a tool to perform this characterization automatically with objectivity and without operator 

fatigue. Shape distribution over a population can be obtained and the distribution kinetics 

can be monitored. However, one must keep in mind that an image is a two-dimensional 

representation of the three-dimensional reality. Shape characterization should be made 

independently of the size and position (orientation) of the particle in the image. 

Macroscopic crystal characterization is generally performed by sieving, which gives only a 
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rough idea of the size distribution as it is derived from a measure of the weight of the 

particles. More sophisticated techniques, discussed in detail in Chapter 2, such as the 

Coulter Counter, Microtrac laser diffraction or sedimentation can also be used, but these 

methods do not provide any information on the crystal shape, and they require a shape 

factor to accurately determine the size distributions. But since both size and shape of 

crystals play a crucial role in the characteristic properties of the crystals, it is necessary to 

develop a technique which allows both size and shape parameters to be determined. Size 

and shape parameters are necessary to ascertain the quality of the crystalline product and 

also to implement an on-line control mechanism to take corrective action during the 

crystallization process in order to obtain a better quality product. Quantitative image 

analysis is one such method that allows both size and shape parameters to be evaluated 

simultaneously. The virtual explosion of advanced computer technology and image and 

data processing algorithms over the last couple of decades has made it feasible to implement 

this methodology, commercially as well as for research purposes. 

Computer based image analysis as a method of quantitative size and shape analysis 

is important as a means of product control in industrial crystallization processes, where 

crystal size and shape are related to product quality. The two-dimensional image of a 

particle and its contour line contains much of the relevant information on particle size and 

shape, and it is much easier to obtain than a three-dimensional image. Images can be 

obtained from diverse sources such as optical microscopes, scanning electron microscopes 

(SEM), transmission electron microscopes (TEM) or video cameras. 

Image analysis is the quantitative measurement of geometrical features that are 

exposed in two-dimensional images. Each discrete element of the picture (pixel) is uniquely 

associated with several parameters, for example, x and y co-ordinates and brightness 

(Figure 1.1). Usually, there are up to 256 (28) brightness or gray levels which are 

represented by an 8-bit number. There are five distinct but related components to image 

analysis which are listed below [3]. 

1) Image Generation and Capture: Image generation and capture refers to the 

process of creating the image and capturing it in such a way that it may be encoded in a 

digital format. 

2) Image Coding: Image coding refers to the techniques used to store the captured 

image in digital form. 
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3) Image Reconstruction: Image reconstruction is the process of reconstructing an 

image that has been captured and coded. 

4) Image Enhancement: Image enhancement refers to the manipulation of the 

detected image and techniques to improve certain aspects of an image before analysis. 

5) Image analysis: Image analysis refers to the actual determination of preselected 

parameters. 

14_ 
y I 

Picture :.':ment 
(pixel) 

X 

Each pixel has an 
8-bit brightness value 
associated with it. 

Figure 1.1: Relationship between pixels and brightness. 

Computer-based image analysis allows finer intervals or even individual grains to 

be analyzed, permitting more detailed inspection of the size and shape distributions. A 

single image analysis system may allow for more than one aspect of size (length of one or 

two axes, length of particle perimeter, projection area, etc.) and shape (roundness, 

compacity, slenderness, global shape factor, etc.) to be analyzed. Moreover size and shape 

can be determined simultaneously on each and every particle in the analysis unlike other 

size characterization techniques. 

The use of image analysis in determining size and shape parameters is not a new 

concept and various techniques and algorithms have been developed. A number of methods 

including determination of various shape factors, fractal dimensions, crystal signatures and 

their derivatives, geometrical methods of approximation to polygons, as well as Fourier 

coefficients have been used and discussed in the literature [2,4,5,6,7]. These will be 

discussed in more detail in Chapter 2. A technique of shape characterization using Fourier 

descriptors is also discussed in Chapter 2 of this thesis [8,9]. This technique is referred to 

as the Zahn and Roskies (ZR) Fourier descriptor representation. Once suitable size and 

shape characterization features have been identified, a pattern recognition algorithm is 

requir~d to classify particles on the basis of these features acquired by image anlysis. 
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Pattern recognition is the research area that studies the operation and design of 

systems that recognize patterns in data. It includes subdisciplines like discriminant analysis, 

feature extraction, error estimation, cluster analysis (together sometimes called statistical 

pattern recognition), grammatical inference and parsing (sometimes called syntactical 

pattern recognition). Important application areas are image analysis, character recognition, 

speech analysis, man and machine diagnostics, person identification and industrial 

inspection. In many realistic situations, the amount of relevant information in a large 

amount of data is very small; pattern recognition algorithms can extract a reduced set of 

numbers representing essential information. 

There are two aspects to pattern recognition - developing a decision rule and using 

it. The actual recognition occurs in the use of the rule; the pattern is defined in the learning 

process by the labeled samples. A pattern recognition problem is solved when a decision 

rule is derived which assigns a unique label to new patterns. In some practical problems, 

determining "natural" pattern classes, rather than assigning them, is the problem. Figure 

1.2 shows the two sequential stages of pattern recognition, deriving the decision rule and 

using it [10]. 

Figure 1.3 shows the stages in the derivation of the decision rule in a practical 

pattern recognition problem. The raw data describing the physical system is referred to as 

the measurement space. Feature selection is the process by which a sample in the 

measurement space is described by a finite and usually small set of numbers called features, 

which become the components of the pattern space. A point in the measurement space is 

transformed by intermediate processing into a point in the pattern space. The pattern 

classification algorithms should be applied in a pattern space which is finite-dimensional 

and contains enough information to satisfactorily perform the classification. Finally, on the 

basis of a finite set of labeled samples, a decision rule must be developed with which we 

can classify a point in pattern space corresponding to an unlabeled sample. The major areas 

of pattern recognition are feature selection, deriving the decision rule (usually through 

training) and applying the decision rule (pattern classification procedures). 

It is easy to visualize the pattern classification problem in two or three dimensions, 

but it becomes much more complex as the dimensions increase. Foley and co-workers 

[11,12] have demonstrated the pitfalls inherent in using a small number of samples per 
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class in deriving the decision rule. The boundaries that separate the class clusters are 

referred to as decision boundaries or discriminant surfaces. 

LABELED 
PATIERN .. 

PROCESSING 
_.. DECISION 

SAMPLES 
.... ..... RULE 

NEW DECISION .. ~ t LASSIFICATIONI PATTERN .... RULE 
SAMPLE (FIXED) 

Figure 1.2: Sequential pattern recognition. 

PHYSICAL MEASUREMEN1 PA1TERN 
REDUCED .... .... .... PA1TERN 

SYSTEM .... SPACE ... SPACE ... 
SPACE 

I I 
FEATURE PA1TERN 

SELECTION OR CLASSIFICATION 
PREPROCESSING 

~ , 
DECISION 

RULE 

Figure 1.3: Stages in the derivation of the decision rule. 

1.2 Thesis Objective 

As stated before, the characteristic properties of crystalline products are closely 

related to their morphological characteristics. It is with this in mind that new quantitative 

techniques that can accurately describe the size and shape of crystal particles are being 

investigated. There are three main objectives for the application of various methods of 

quantitative size and shape analysis which are of particular interest: 
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1) to evaluate size and shape features by adequately defined parameters to obtain a 

deeper insight into the mechanisms and kinetics of crystal growth and agglomerate 

formation, 

2) to automate the process of shape classification, thus removing the subjectivity 

involved with human visual interpretation, and to quantify more precisely the quality of the 

crystallization product, and 

3) to use these features as a means of product control in industrial crystallization 

processes, where crystal shape is related to product quality. 

The main objective of this thesis is to develop a size and shape characterization 

technique that can be used to classify crystals into separate classes on the basis of their size 

and shape to enable grading of the crystalline product. The technique should be suitable to 

enable on-line monitoring and quality control of the crystallization process. It is desirable to 

develop a technique that allows both size and shape parameters to be analyzed 

simultaneously, keeping in mind the main constraints involved such as cost and delay time 

for classification. 

This thesis attempts to achieve the objective of KCl crystal size and shape 

characterization by means of automated image analysis and pattern classification techniques 

using neural networks. Various size and shape characterization techniques are evaluated in 

terms of their suitability for characterizing crystal size and shape and applicability to an on

line process in Chapter 2. A number of shape features including the Zahn and Roskies 

Fourier descriptors are also investigated in this chapter to determine their ability in 

accurately describing the shape of crystal particles. The suitability and application of neural 

networks for supervised and unsupervised pattern classification are discussed in Chapter 3. 

A commercial KCl sample and a sand sample is used for the experimental implementation 

which is presented in Chapter 4, and Chapter 5 presents the results and discussion of 

results. Summary, conclusions and recommendations for future work are made in Chapter 

6. 

7 



2. SIZE AND SHAPE CHARACTERIZATION 
TECHNIQUES 

2.1 Introduction 

Many unique properties of fine materials are a direct result of their particle size and 

shape distributions. Particle size and shape affect many chemical and physical properties, 

such as reactivity, reflectivity, flowability and packing density [13]. The measurement of 

crystal size and shape distribution in a continuous crystallizer is very difficult and the 

control of the distribution has been a long-standing problem. Size and shape distributions 

are difficult to define because of problems associated with: 

( 1) obtaining and examining a sample representative of the bulk sample, 

(2) resolving the three-dimensional nature of particles from two-dimensional image 

measurements, and 

(3) obtaining statistically significant data in a reasonable amount of analysis time. 

A large number of techniques have been developed for the characterization of 

crystals and other fine particles. Some of the most commonly used techniques such as 

sieving, electrical sensing zone, laser light scattering, sedimentation, and image analysis are 

discussed here to assess which is the best suited for attaining the objectives of this thesis, 

specifically accurate characterization of crystal size and shape distributions and adaptability 

to on-line monitoring and control. The shape of a crystal can only be determined from an 

image of the crystal particle, and thus image analysis is the only practical method to 

evaluate shape distributions. However, even with image analysis alone, a large number of 

shape parameters can be calculated. Several shape parameters are presented, compared, and 

evaluated with regard to their suitability in characterizing crystal shape. These parameters 

include several shape factors, crystal signatures, fractal dimensions, and three different 

Fourier series expansions. A good shape parameter should satisfy certain conditions such 

as invariance to geometric transformations and the ability to discriminate between different 

shapes. 
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2.2 Size Distribution Techniques 

To date, only the size distribution of crystal samples was taken into consideration in 

general grading of the crystalline product. Shape information, being difficult to extract was 

largely ignored. Some of the techniques for estimating size distributions of crystal samples 

in common use in industry include sieving, electrical sensing zone, laser light scattering, 

sedimentation, and image analysis. These are briefly discussed below. 

2.2.1 Sieving 

Sieving is a means of size classification and has been in use since at least early 

Egyptian times for the preparation of foodstuffs. Nowadays, sieve aperture sizes are 

standardized by means of the International Standards Organization (ISO) reference series 

which is based on a root-two progression starting at 45 J..lm. The sieve size is the minimum 

square aperture through which the particles can pass. Sieve cloth is woven from wire and 

the cloth is soldered and clamped to the bottom of open cylindrical containers. Machine 

sieving is carried out by stacking the sieves in ascending order of aperture size and placing 

the sample on the top sieve (Figure 2.1 ). A receiver is placed at the bottom of the stack to 

collect the fines and a lid is placed at the top to prevent loss of the sample material. A stack 

usually consists of five or six sieves in a multiple of root-two progression of aperture size. 

The stack is vibrated for a fixed time and the residual weight of material on each sieve 

determined. A size distribution is then obtained by expressing the results in the form of a 

cumulative percentage in terms of the sieve aperture. 

Although the principle of sieving is not new, automated systems for wet sieving, 

sonic, electromagnetic, and air-jet particle agitation have been added to the standard 

mechanical dry sieve shaking method [14]. Sieving is suitable for size discrimination above 

30 J.lm using standard woven wire sieves, but micromesh sieves extend the range down to 

5 J.lm. Sieving works well if the crystals are close to being equi-dimensional in habit. One 

normally regards the crystal size measured by sieving as the second largest diameter of 

non-spherical particles; however, it has been shown that data correlate well when the size is 

taken as the geometric mean of the single-crystal diameters [ 13]. 
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The apertures of a sieve may be regarded as a series of gauges which reject or pass 

particles as they are presented at the aperture. Whether or not the particle will pass the sieve 

when it is presented at the sieving surface depends upon its dimension and the angle at 

which it is presented. Sieving is popular as it is low cost and capable of producing 

reproducible data for many different materials. The downside of sieving is that it is a very 

labor intensive method and the results are obtained with delays and hence undesirable for 

crystallizer control. The effect of particle density on particle size is important for techniques 

such as sieving that directly involve some measure of sample weight [14]. Heavy particles 

tend to be found preferentially in the finer sieve classes. Care must also be taken not to 

overload the sieves with sample particles to avoid erroneous results. Non-spherical 

particles have nominal diameters greater than that of a sphere passing through the same 

sieve. Thus sieving is expected to underestimate the nominal diameter of a particle. 

Although sieving gives no direct information on the shape of the particles, the size 

distribution estimated by this method is affected by the shape of the particles. 

Direction 
of shaking 

Figure 2.1: Diagram of a stack of sieves used for size distribution analysis. 
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2.2.2 Electrical Sensing Zone 

The electrical sensing zone (or resistance pulse counter) technique is a method of 

determining the number and size of particles suspended in an electrolyte by causing them to 

pass through a small orifice on either side of which is immersed an electrode. A constant 

electric current flows between the two electrodes. The changes in resistance as particles 

pass through the orifice generate voltage pulses whose amplitudes are proportional to the 

volumes of the particles. The pulses are amplified, sized and counted and from the derived 

data the size distribution of the suspended phase may be determined. This method is 

suitable for particulate matter greater than 0.5 J..Lm in diameter. 

A controlled vacuum initiates flow through a sapphire orifice let into a glass tube 

and unbalances a mercury siphon. The system is then isolated from the vacuum source by 

closing tap A (Figure 2.2) and flow continues due to the balancing action of the mercury 

siphon. The advancing column of mercury activates the counter by means of start and stop 

probes, so placed that a count is carried out while a known volume of electrolyte passes 

through the orifice. The resistance across the orifice is monitored by means of immersed 

electrodes on either side. As each particle passes through the orifice it changes this 

resistance, thus generating a voltage pulse which is amplified, sized and counted, and from 

the derived data the size distribution of the suspended phase is determined. 

To vacuum 

~-----------------------( 
~-------------------------( 

Threshold 

Figure 2.2: Diagram of the electrical sensing zone method of size distribution 

analysis. 
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The amplified voltage pulses are fed to a threshold circuit having an adjustable 

threshold level. The threshold level is indicated on an oscilloscope screen by a brightening 

of the pulse segment above the threshold setting and the pulse pattern also serves as a 

monitor. All pulses above the threshold level are counted and this count represents the 

number of particles larger than some determinable volume proportional to the appropriate 

threshold setting. Some instruments have upper and lower threshold circuits which permit 

sizing between two determinable volumes, i.e. a relative-frequency distribution. 

A range of orifice diameters are available (10 to 2000 f..Lm). The upper particle 

volume diameter, which may be measured with any orifice, is limited to about 40% of the 

orifice diameter, since frequent blocking of the orifice occurs if larger particles are present 

in the suspension. It is possible to size over a wide range of volumes (8000 : 1 = 203 : 13) 

equivalent to a size range of 20 : 1, roughly 2% to 40% of aperture diameter. Hence, with a 

100 f..Lm orifice, a size range between 2 and 40 f..Lm may be measured. The lower limit arises 

due to electrical (background) interference, the latter due to non-linearity of response and 

aperture blocking. A number of tubes with overlapping ranges are thus required for 

material with a wide range in size (e.g., apertures of 30 f..Lm for 0.6-12 f..Lm particles, 200 

f..Lm for 4-80 f..Lm, and 2000 f..Lm for 40-800 f..Lm). The raw count is corrected for 

background, that is, particles which are present in the electrolyte before the addition of the 

fine sample, and coincidence. The latter factor is derived empirically to compensate for loss 

of count when two particles go through the orifice together and are counted as one, and for 

the gain in count due to two particles below threshold size being in such close proximity in 

the orifice that the pulse generated is above threshold. To minimize coincidence errors, very 

low concentrations of particle solutions are used. 

The resistance of the element in the region of the orifice without any particle in it is 
oRo=<p1oi)jA. The change in the resistance o(M.) of the element (in the region of the 

orifice) due to the presence of a particle is given by: 

(2.1) 
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where: 81 is the width of the element under consideration 
p1 ,ps are the resistivities of the fluid and particle respectively, and 

a, A are the cross-sectional areas of the particle and the orifice respectively. 

The external resistance in the circuit is sufficiently high to ensure that the smallchange M 

in the resistance of the orifice due to the presence of a particle will not affect the current /; 

the voltage pulse generated is therefore IM. It is found in practice that the response is 

independent of the resistivity of the particle, which is good, otherwise a different 

calibration factor would be required for each electrolyte-solid suspension. Thus, the terms 
involving p1 IPs may be neglected, and 

(2.2) 

The response, therefore, is not exactly proportional to the volume of the particle, but is 

modified due to the term a/A . 

This method is suitable for measuring particle sizes from 0.6 to 1000 J..Lm; however, 

different size ranges require different orifice sizes selected to be no less than twice the size 

of the maximum crystal size in the sample. Measurements are usually made by suspending 

the sample in a conductive fluid in which the sample is insoluble. The basic assumption 

underlying this method is that the response, i.e. the voltage pulse generated when a particle 

passes through the orifice, is directly proportional to particle volume. Particle shape, 

roughness and the nature of the material have little effect on the analysis [ 15]. Porous 

materials are unsuitable for this method. This method senses the solid part of an aggregate, 

not the total volume of the aggregate and expresses the result as a volume-equivalent 

sphere. The electrolyte in the aggregate structure conducts current unless it is completely 

occluded from its surroundings. Particle rupture is another important instrumental effect. 

Mean flow velocity through the aperture is 5.4 ms-1, with a residence time of about 25 f..LS 

in the highest shear region of the aperture. Particles that break up while in the sensing zone 

contribute to the pulse broadening effect. Thus there will be some undercount of the larger 

aggregates in a spectrum. This technique also fails to provide any shape information. 

However, this technique has been adapted for on-line monitoring of particle size [15]. 

Typical models are the Coulter Counter and Elzone Particle Sizer. 
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2.2.3 Laser Light Scattering 

This method is based on the principle that when a particle is illuminated by a parallel 

beam of monochromatic coherent light, scattering from this beam occurs. Such low angle 

forward scattering of light is known as Fraunhoffer scattering. The undiffracted light is 

collimated to a point on the axis of the optical system and the diffracted light forms a 'far

field' Fraunhoffer pattern of rings around the central spot (Figure 2.3). The ring pattern of 

scattered light resulting from a suspension of solid particles can be interpreted to produce a 

size distribution of the particles present. The theory behind this interpretation process is that 

for spherical particles with diameter greater than the wavelength of the illuminating 

radiation, the diameter of the diffraction pattern is inversely proportional to the particle 

diameter. The diffraction pattern does not vary with particle movement, thus a stream of 

particles can be passed through the beam to generate a stable diffraction pattern [16]. 

HeiNe 
Laser 

Beam 
expander 

t 
Particle 

field . 
(sample cell) ~~i 

.. .. 
parallel ::-:: 

monochromatic ·.:·. 
light ::~: 

t 
Fourier 

transform 
lens 

Direction of flow 

Ring 
Detector in 
focal plane 

of lens 

Processing 
& Output 

Figure 2.3: Optical arrangement of the laser diffraction particle size analyzer. 

Typical size ranges for this technique are 2 to 300 f..Lm; however, this range can be 

extended with proper instrumentation. The size distribution produced is based on the 

projected area equivalent diameters. Typical models are Leeds and Northrup's Microtrac, 
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Celus Granulometer, and the Malvern Particle and Droplet Sizer. The angular distribution 

of light intensity I ( 8) is given by: 

where: 8 is the scattering angle, 

r is the particle radius, 

n(r) is the size distribution function, 

k = 2n I A (A being the wavelength oflight), and, 

11 is the Bessel function of the first kind. 

(2.3) 

This expression must be inverted after having measured /(8) to obtain the size distribution 

[14]. 

Light diffraction pattern analyzers measure the average diameter over all particle 

orientations (because particles are randomly oriented due to free rotation as they pass 

through the light beam). The laser diffraction analysis method has the advantage of being 

rapid, precise, capable of processing a large number of samples, and easily adaptable to on

line process applications. The true volume concentration may also be measured for solid 

particles suspended in a liquid. Data from the diffraction rings, giving relative concentration 

of particles of different sizes, can be combined with information from the undiffracted light 

beam to give the absolute concentration of particles in the suspension. 

However, this technique is not very accurate in the sub-micron range and it does 

not resolve polymodal size distributions very accurately. Other limitations involve the 

assumption of spherical shape and fitting of data to a specified form of distribution, and the 

assumption of uniform particle composition and density. If particles are not spherical, the 

size distribution is expressed in terms of an equivalent sphere based on the projected area of 

the particle. The translation of the directly measured scattered light pattern into a size 

distribution is an ill-conditioned and difficult operation. The ill-conditioning means that 

small changes in the measurement, or the light energy, lead to large changes in the inferred 

size distribution. Another limitation of the light scattering technique is that the concentration 

of particles must be sufficiently low so that there is no significant multiple scattering. The 

dimensional response of this method is dependent to a large extent on the particle 
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characteristics, such as the shape, as well as the optical properties (transparency) of the 

particles. The effects of particle shape can be corrected to some extent by the theorem that 

states that the average geometrical projected area of a convex particle with random 

orientation is one quarter of the total surface area [ 16, 17]. It has been observed that 

irregular particles give larger reported particle sizes. This technique also fails to provide any 

shape information. 

2.2.4 Sedimentation 

The particle size distribution of a fine powder may be determined by examining a 

sedimenting suspension of the powder. The powder may be introduced as a thin layer on 

top of a column of clear liquid, the two layer technique; or it may be uniformly dispersed in 

the liquid, the homogeneous suspension technique. In the incremental size analysis by 

sedimentation, changes with time in the concentration or density of the suspension at 

known depths are determined and from these the size distribution may be found. In the 

cumulative method, the rate at which the powder is settling out of the suspension is 

determined and, from a knowledge of this, the size distribution may be found [15]. Most 

sedimentation techniques are over thirty years old; however, the use of x-ray attenuation to 

sense the time-varying density of a settling suspension is a recent addition [14]. 

In the sedimentation method, the analysis of the data in a fluid medium requires 

consideration of the settling velocity of the individual particles as well as measurement of 

the cumulative mass settled as a function of time. This method is also very sensitive to 

shape and gives smaller reported sizes for irregular particles. This technique provides a 

measure of the Stokes' diameter of the particles and is well suited for particles in the size 

range of 0.5 to 100 !liD. Although the sedimentation sizing technique is sensitive to shape, 

it provides no direct information on shape. 

2.2.5 Image Analysis 

Image analysis is the quantitative measurement of geometrical features that are 

revealed in two-dimensional images. In spite of the lack of objectivity and reproducibility, 

the human eye is a good image analyzer, and it is not easy to reproduce its way of 

analyzing images within the computer. The computerized image analyzer is characterized by 
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its objectivity and reproducibility, and it allows the study of a large number of images 

without operator fatigue. Depending upon the process type and size of particles to be 

characterized, the capture of images can be undertaken by different means; light 

microscopy, SEM (scanning electron microscopy), TEM (transmission electron 

microscopy), or pre-recorded video images on video cassettes or optical discs. 

Microscopes and cameras (or other video signal sources) are connected directly to the 

image capture board in the computer (Figure 2.4). The image capture board transforms the 

analog image into a digital image, i.e., a matrix of n lines containing m picture elements or 

pixels each. Generally, n and m are equal to 256, 512, or even 1024. The larger the 

number of pixels, the greater the computer storage capability and speed required . 

. d d 
1 

microscope/camera 
vi eo recor er 

o tical disc 

TEMI 
SEM 

Image acquisition board 

Image 
visualization 

Image 
treatment 
software 

Outputs (numerical results) 

video signal 

digital signal 

Figure 2.4: Schematic diagram of the image analysis system setup. 

In 'black and white' image analysis, the value attributed to each pixel is the gray 

level of the image zone around each pixel center of the n x m rectangular grid. Generally, 

256 gray levels are used with 0 for black and 255 for white. The purpose of the first part of 

image ·analysis is the determination of the crystal outline or edges as raw data in some x-y 
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co-ordinate system for size and shape characterization. Edge detection is not a trivial matter 

to automate, and many times human intervention is needed. Separation of the object of 

interest from the background is performed by thresholding which gives a binary image. 

The threshold is chosen to be somewhere in between the gray level values of the 

background and the objects of interest. All pixels with gray level values greater than the 

threshold appear as white and the rest as black (or vice versa). This effectively separates the 

background from the objects. The projected size of the object is obtained by counting the 

number of pixels contained in the filled hull of the object and multiplying this number by 

the scale (e.g. mm2 I pixel). Once the object of interest has been defined, the boundary 

points of the objects can be determined by using simple algorithms and the position of these 

boundary points can be stored in a file. 

Good results can only be obtained from good images. Although image processing 

is neither information creation nor information synthesis, it is generally required to remove 

illumination irregularities and other distortions. The second step in image analysis is the 

numerical determination of one or more measures of particle size (e.g., length, width, 

major and minor axis, Feret diameter, projected area equivalent diameter) and shape. 

Automated and semi-automated image analyzers allow finer intervals, permitting 

more detailed inspection of the size distributions. They allow more than one aspect of size 

and shape to be analyzed (length of axis, perimeter, projection area, etc.). However, care 

must be taken to ensure that all particles, regardless of size, have the same probability of 

being analyzed. Since only microgram quantities of sample can be evaluated, it is often 

difficult to obtain representative shape and size distributions. Automatic edge detection 

remains problematic in automated analysis of particles that are in contact with each other or 

that contain pseudo boundaries. If a low-magnification is employed to count a statistically 

reliable population of particles, the resolution and precision of the instrument -calculated 

diameter decreases rapidly for the finer particles. However, at higher magnifications, the 

number of particles in a given frame or cell of the image is greatly reduced, and thus more 

frames must be analyzed. A semi-automatic system, though slower than the fully automatic 

systems, is more accurate as particles can be selected in an unbiased manner, multiple 

crystals are not analyzed as single crystals and crystals can be distinguished from "foreign" 

particles. Image analysis is suitable for analyzing particles in any size range (by a proper 

choice of optical or electron microscopes). Above all, it can be used to determine size and 
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shape simultaneously for each and every particle. When the number of edge points is 22 or 

more, the nominal sectional diameter is within 1% of the true diameter [14]. The system 

can be programmed to reject any particle with fewer than 25 edge points, so as to reduce 

the noise. 

2.2.6 General Comparisons and Comments 

It is important to note that the definition of size distribution depends upon the 

method used to determine the particle size distribution (PSD); therefore, when reporting the 

PSD, the method used for determining the size must be clearly stated. As well, the size of 

an irregular particle, determined by any measurement technique, is a function of the particle 

shape. Particle shape features influence different dimensional response characteristics in 

various particle size measuring instruments. Thus, the derived diameters are functions of 

the geometric parameter measured by the instrument such as volume, surface area, 

projected area, aerodynamic drag, etc. [18,19]. For spherical particles, all measurement 

methods agree very closely; however, for irregular shapes, there is little agreement. Every 

size analysis technique measures some combination of size and shape. Table 2.1 gives 

various instrumentation techniques discussed here along with the size-related property that 

each instrument measures. 

Table 2.1: Particle sizing instruments and properties measured. 

Type of instrument Size-related property measured 

Image Analyzer projection area, length, width 

Laser Diffraction Analyzer projected area equivalent diameters 

Zone Sensing Analyzer equivalent volume diameter 

Sedigraph (sedimentation) Stokes' diameter 

Sieve second-largest diameter 

The measurement of a single axis of an object is an inadequate definition, unless the 

body is regular such as a sphere or a cube. Area is usually measured by placing a particle in 

a stable position, thereby defining an area that approaches the maximum projected area of 

the particle. Thus information perpendicular to this area is not available. However, area is a 

better measure of size than a single length. Volume accounts for all three-dimensions of a 
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particle and as such can be considered as an adequate descriptor. Area and volume can also 

be converted into an equivalent length by using a circle or sphere as a reference shape. 

Griffith and Smith [20] suggest that more than 95% of the three-dimensional particle 

information can be obtained by using a two-dimensional maximum projection plane. 

A single particle has a large number of linear dimensions, and it is usually only 

when they are averaged that a meaningful value results. Some definitions of particle size are 

given in Table 2.2 [15]. Particles having the same diameter can have vastly different 

shapes; therefore, one parameter should not be considered in isolation. 

Table 2.2: Definitions of particle size. 

Name Definition 

volume diameter diameter of a sphere having the same volume as the 

particle. 

surface diameter diameter of a sphere having the same surface area as the 

particle. 

Stoke's diameter the free-falling diameter of a particle in the laminar flow 

region (Re<0.2). 

projected area diameter diameter of a circle having the same area as the projected 

area of the particle resting in a stable position. 

perimeter diameter diameter of a circle having the same perimeter as the 

projected outline of the particle. 

sieve diameter the width of the minimum square aperture through 

which the particle will pass. 

Feret's diameter the diameter of a fictitious circular object that has the 

same area as the object being measured. 

Martin's diameter the mean chord length of the projected outline of the 

. particle. 

It has been shown that, in general, 

sieve diameters< light diffraction diameters< maximum (optical) diameters [21]. 
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There is usually good agreement between the laser diffraction technique and image analysis 

as both methods report diameters based on the projected areas. 

2.3 Shape Parameters 

Once an image has been acquired and the outlines of the particles determined using 

image analysis as discussed in Section 2.2.5, various size and shape parameters can be 

evaluated. Besides determining boundary co-ordinates of objects in the image, image 

analysis allows determination of several size parameters such as object surface area, 

perimeter, major and minor axis and average diameters and radiuses. A large number of 

shape parameters can be evaluated by computing the ratios between various size parameters 

or directly from the boundary co-ordinates of the objects. 

There are several ways in which the shape of a particle can be represented. This 

includes determining various shape factors (compacity, Feret diameter, area, irregularity 

factors, sphericity, aspect ratio), fractal dimensions, particle signatures and their derivatives 

as well as several methods of determining the Fourier coefficients of the given shape. It 

should be noted that most of these shape descriptors are reported as a single value factor 

which results in low discriminating power among various shapes. To overcome this 

problem, this thesis focuses on a technique of using Fourier descriptors (i.e., the harmonic 

amplitude and phase angle pairs calculated from the Fourier coefficients) to uniquely 

describe the shape of a particle. This section introduces various shape parameters and 

evaluates their usefulness in terms of the objective of this thesis. 

For the discrimination of image shapes, optimal parameters that completely describe 

the objects are required. Invariance to translation, rotation, scale and starting point on the 

boundary in the 2-dimensional observation plane are prerequisites for ideal shape 

parameters [8]. There are two points of view regarding the assessment of particle shape. 

One is that the actual shape is unimportant and that all that is required is a number for 

comparison purposes. The other is that it should be possible to regenerate the original 

particle shape from the measurement data [15]. This thesis takes the latter view, as a single 

number does not uniquely identify a shape. A quantitative method of describing shape is 

needed so that automated inspection/quality control systems can be implemented. 
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Figure 2.5: Schematic diagram showing the major ways in which particle outlines can be 

described or quantified. 

2.3.1 Shape Factors 

If it is required to define the size of an irregular particle by a single dimension, it is 

usual to do so by expressing the size in terms of one of the diameters defined in Table 2.2. 

The variation between these diameters increases as the particles diverge more from a 

spherical shape, and hence shape is an important factor in the correlation of sizing analyses 

made by various procedures. There are numerous shape factors that have been defined and 

used in the literature [2,4,6,13,22,23,24], some orientation-dependent and some 

orientation-independent. These shape factors are evaluated by simply taking the ratio of 

various size parameters such as surface area, perimeter, major and minor axis and radius 

evaluated by means of image analysis. Some of the shape factors commonly used to 

represent shape by a single value are listed below: 

h 
. . surface area of a sphere of equivalent volume as the particle (2.4) 

sp enc1ty = , 
surface area of the particle 
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t t
. polar diameter 

aspec ra 10 = , 
equatorial diameter 

1 d 
small semi- axis of ellipse 

sen emess = , 
large semi - axis of ellipse 

. ~4 xarea Feret diameter = n , 

. width 
length ratio = , 

length 

b . area h b ox ratio = ; w ere ox area = length x width, and 
box area 

Rmin 
global shape factor = --, 

Rmax 

(2.5) 

(2.6) 

(2.7) 

(2.8) 

(2.9) 

(2.10) 

where Rmin is the radius of the inscribed circle centered on the barycenter, i.e. the shortest 

distance between any point of the outline and the barycenter and Rmax is the radius of the 

circumscribed circle centered on the barycenter, i.e. the longest distance between any point 

of the outline and the barycenter, 

· 
1 

·t . d standard deviation of side length 
uregu an y m ex = , 

mean side length 
(2.11) 

. perimeter2 

compac1ty = , and 
4nxarea 

(2.12) 

4nx area 
roundness (or form factor) = . 

2 
• 

penmeter 
(2.13) 

Although shape factors are a convenient method of describing the shape of 

particles, as mentioned before, they are reported as single value factors which results in 

low discriminating power among various shapes. Two particles having one shape factor the 

same may have entirely different values of other shape factors. 
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2.3.2 Characterization by Signature 

Several shape characterization techniques are based on the study of the signature of 

a particle. The definition of the signature depends on the convexity of the object. 

In the case of a convex object (Figure 2.6a): 

signature = R( 8) with radius R = GM where G is the barycenter and M the point of 

the outline at angular position 8(8 e I0,2trl). 

For concave objects the curvilinear abscissa is used (Figure 2.6b ): 

signature= R(s) with s = OM, 0 being the origin of the curvilinear abscissa and R 

= GM. scan be normalized with respect to the perimeter P. Writings'= siP 

signature= R(s) with s' e 10,11. 

The signature is dependent on object orientation and size. Curve recognition 

techniques can be used but classification based on the signature normalized histogram and 

its first moments is more general. Signatures may also be considered as periodic functions 

and Fourier transformations have been applied by various authors. The Fourier series 

transformation is discussed in more detail in Section 2.3 .4.1 of this thesis. 

Convex object Concave Object 

s = curvilinear abscissa 

G 

(a) Signature = R(8), 8 e [0,2tr] (b) Signature = R(s' ), s' e [0,1] 

. Figure 2.6: Definition of signature of object profiles in the shape plane. 
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Figure 2.7: Signature of an arbitrary shape profile. 

Figure 2.7 shows the signature of an arbitrary shape profile. This diagram can be 

extended by adding a third axis denoting time perpendicular to the two existing axes. This 

diagram would then give the shape kinetics of a crystal particle as it grows or decays. 

2.3.3 Fractal Dimensions 

Fractal dimension is considered to be a useful parameter for characterizing the 

complexity of a curve. An algorithm has been developed which can easily be implemented 

if a string of co-ordinates along the profile is available. This method is suitable for semi

automatic image analyzers. Fractal dimension is useful for the characterization of texture or 

ruggedness of particle profiles. Co-ordinates can be stored in memory as a list of x-y pairs, 

the spacing of which can be chosen in three ways: constant steps in x direction, constant 

steps in y direction, or constant distance between the points. 

For the evaluation of fractal dimensions, the basic method is to estimate the length 

of the profile with varying resolution and to calculate the fractal dimension from a diagram 

in which the logarithm of the length estimate is plotted against the logarithm of the 

resolution. In practice the resolution is chosen to range from very fine to the order of the 

total profile length. The data points are substituted by a straight line of best fit which can be 

obtained by a linear regression analysis. The slope equals 1-D where D is the fractal 

dimension of the curve [5]. 
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Figure 2.8: Mandelbrot-Richardson diagram for evaluating fractal dimension. 

Various methods have been used to measure the length of the profile with varying 

resolution. In the first method, the irregular curve of the original profile is approximated by 

polygons each with constant side length (resolution) which increases in consecutive steps. 

In principle, this approximation will yield a smaller value when the step size 'S' is 

increased, and, for very convoluted curves, will increase with decreasing S until S is much 

smaller than any irregularity of the curve. This method can be implemented in an image 

analyzer by varying the spacings in consecutive measurements of the co-ordinates. The 

number of co-ordinates times the spacing (resolution) gives the estimated perimeter 

directly. For each data point in the Mandelbrot-Richardson plot (Figure 2.8), a separate 

measurement must be carried out which makes the procedure very time-consuming. 

The second method is based on an algorithm due to the mathematician G. Cantor 

[24]. Each point of the curve is the center of a circle of radius R, which results in a tape of 

width 2R. Measuring the area of this tape and dividing it by 2R gives an estimate of the 

profile length. The smaller R(resolution), the better is the approximation to the original 

curve. 
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In the image analyzer, the initial data is basically a string of profile co-ordinates. 

The constant spacing between these points is adjusted to the maximum dimension of the 

feature to be characterized to avoid exceeding computer storage capacity. The smallest 

resolution width should be in the order of 0.01 Hmax (where Hmax is the maximum Feret 

diameter). In a first step, the profile length is calculated for all co-ordinate points, which 

gives the largest value for the length estimate P. In the next step every second pair of co

ordinates is used, in the third step every third pair and so on. Obviously, the calculated 

distances along the particle outline are in general different, so that the resulting polygon is 

irregular in the sense that its sides do not have equal lengths. Therefore a mean side length 

S must be defined. This is simply taken as the ratio of the profile length estimate and the 

number of distances counted. 

By increasing the interval from 1 to 50 steps in the list of co-ordinate pairs, the 

mean side length S (corresponding to the resolution width) ranges from approximately 

0.01Hmax to 0.50 Hmax and 50 points are obtained for plotting the diagram logP versus 

logS. The value for the fractal dimension is calculated from the slope of the regression line 

using all 50 points. 

This method differs from those proposed earlier in that varying resolution width is 

used when estimating the profile length as a function of resolution. There is no indication 

that a constant width is a necessary condition for obtaining correct values, or that any of the 

methods proposed is to be preferred over the others on theoretical grounds. Due to its 

straightforward algorithm avoiding time-consuming iterative steps, this method is useful 

when a list of co-ordinates along a profile is available. Requirements on computer storage 

and speed are quite moderate. It must be noted that the fractal dimension is indicative only 

of the texture or roughness of the particle profile and moreover, it is also a single value just 

like the various shape factors discussed previously. 

2.3.4 Fourier Descriptors 

Fourier descriptors have geometric properties that reflect uniqueness and invariance 

to shape transformations including invariance to translation, rotation, scale, and starting 

point on the boundary. Thus they satisfy all the prerequisites for ideal shape features. There 

are three popular forms of Fourier descriptor representation for object contours. These 
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representations include the Fourier series expansion of: ( 1) radial length from center of 

gravity as a function of angle, (2) boundary co-ordinates in the complex plane, and, (3) 

angular bend as a function of arclength [25,26,27]. 

A periodic function f(x) is defined for all real x values such that for any positive 

number p and any integer n the function satisfies 

f(x + np) = f(x). 

A periodic function with period of 27t can be represented by the trigonometric series 

00 

J(x) = ao + :Lcancos(nx) + bnsin(nx)). 
n=l 

The coefficients an and bn are determined using the Euler formulas, 

1 2tr 

ao =-J f(x)dx, 
2n 0 

1 2tr 

an =- J f(x)cos(nx)dx' and 
no 

1 2tr 

bn =- J f(x)sin(nx)dx. 
no 

In polar form, the expansion is 

f(x) = ao + I,Ancos(nx- an) 
n =I 

where, 

28 

(2.14) 

(2.15) 

(2.16a) 

(2.16b) 

(2.16c) 

(2.17) 

(2.18a) 



an = arctan(::). (2.18b) 

The variable n is called the harmonic order. The coefficients An and an are referred to as 

the harmonic amplitude and the harmonic phase angle respectively. 

2.3.4.1 Expansion of Radius from Center of Gravity 

Once the outline of an object in the shape plane has been determined, the radial 

length R from the center of gravity of the object to its boundary can be determined at fixed 

angle rotations of 8 in the clockwise direction. Figure 2.9 shows the radial lengths R1 

through R12 for equiangular rotations of nj6 radians about a simple contour. The function 

R( 8) is periodic as R( 8) = R( 8 + 2 nn) for n = 1, 2, 3, .... Then we can write 

00 

R(8) = Ro + L(an cos(n8) + bn sin(n8)), (2.19) 
n=l 

or in polar form 

00 

R(8) = Ro + L~ cos(n8- an), (2.20) 
n=l 

with the coefficients ~ ( = An) and an determined using Equations (2.18a) and (2.18b ). 

Using the assumption that between the boundary points the radius is a linear function of 

angle, the Fourier coefficients can be determined without computing the Euler formula 

integrals [25]. The harmonic amplitudes and phase angles resulting from this technique are 
referred to as the radial expansion Fourier descriptors. The first term, Ro, is the average 

radius of the object. The higher the order of the harmonic, the finer the description of 

small-scale projections. This particular Fourier series expansion is thus composed of 

partitions where the lower order harmonic amplitudes describe the overall shape of the 

object while higher order harmonics characterize increasingly fine-scaled features. A plot of 

harmonic amplitude versus harmonic number or order yields a Fourier spectrum, showing 

the relative contributions of the series components that make up the entire object contour. It 

is these Fourier harmonic amplitudes that can be used as pattern recognition or 
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classification features; the harmonic phase angle is useful only in reconstruction of the 

shape rather than as an ideal pattern recognition feature [26]. This technique is not 

applicable to concave shaped objects where there may be multiple radial crossings at any 

particular angle. 

Rl 

R3 

R4 

R5 

R7 

Figure 2.9: Radial description of an object in the shape plane. 

2.3.4.2 Expansion in the Complex Plane 

Another popular algorithm for describing the contour of an object is the Fourier 

series expansion of the boundary co-ordinates in the complex shape plane [27]. The shape 

plane is represented by an imaginary and real axis in place of the standard Cartesian co

ordinate system. A point moving at a constant speed along the object boundary as shown in 

Figure2.10 generates the complex valued function 
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u(l) = x( l) + jy(l) (2.21) 

where lis the arclength along the contour. The Fourier series expansion of this complex 

function with period L, the total arclength of the boundary, is given by 

(2.22) 
n=-oo 

The complex Fourier descriptor coefficients an are then determined using 

1 L ·(2101)/ 
an=-f u(l)e -

1 
T dl. 

Lo 
(2.23) 

jy 

v =constant 

~-------------------------------------.x 

Figure 2.10: Point traveling on contour of an object in the complex shape plane. 

The harmonic amplitudes resulting from this technique for n>O are referred to as the 

Granlund Fourier descriptors. The coefficient a0 is the complex co-ordinate of the center of 

gravity of the object. The Fourier coefficients are dependent upon the starting point of the 

contour tracing. In order to use the coefficients to compare contours, the Fourier 

descriptors are combined mathematically to create new expressions that are transformation 

invariant and are representative of each boundary. 
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2.3.4.3 Expansion of Angular Bend as a Function of Arclength 

The third form of the Fourier boundary expansion utilizes the bends of the contour 

itself. This technique is referred to as the Zahn and Roskies (ZR) Fourier descriptor 

representation [9]. Two methods are available, one for smooth curves, and one for 

polygonal boundaries. In the first method, the boundary of a shape can be represented in 

the Cartesian plane by a simple, clock-wise oriented, plane closed curve of length L. The 

instantaneous angular direction at a point 1 along the contour is (}(l), and the angular 

direction at an arbitrary starting point along the contour is (}(0). The net amount of angular 

bend between the starting point and point 1 is the cumulative angular function l/J(l) as 

shown in Figure 2.11. An important aspect of this function is that l/J(L) = -2n, provided 

the shape is traced clockwise and does not spiral. The function is periodic since repeated 

tracing clockwise around the contour from some initial starting point and back to the origin 

yields the same shape. 

The cumulative bend function is normalized from the boundary interval [O,L] to the 

interval t E [0,2n] using 

. ( Lt) l/J (t) = l/J 2n + t (2.24) 

where l/J • (t) is the normalized variant. In variance to translation, rotation, and change in 

scale of the object contour is achieved. The normalized cumulative bend function is then 

expanded in a Fourier series 

00 

l/J * (t) = a0 + L (an cos(nt) + bn sin(nt)) (2.25) 
n=l 

or in polar form 

00 

f (t) = L-\ cos(nt- an) (2.26) 
n=l 

where.-\ and an are determined using Equations (2.18a) and (2.18b). 
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y 

Figure 2.11: Formulation of cumulative angular function on a plane closed curve. 

The second method of the ZR Fourier descriptor technique involves determining the 

Fourier coefficients directly from a polygonal boundary. A polygonal contour is made up 

of m vertices Vo, V1, ... , Vm with angular directions 8.ljJI,8.ljJz, ... ,8.l/Jm and arclengths 

8.li,8.lz, ... ,8.1m. The total arclength L ofthe polygon is given by 

m 

L = :L,8.!k. (2.27) 
k=l 

A polygonal contour for m=6 is shown in Figure 2.12. 

As in the previous case the instantaneous angular direction at a point 1 along the 

contour is 8( 1), and the angular direction at an arbitrary starting point along the contour is 

8(0). The net amount of angular bend between the starting point and point 1 is the 

cumulative angular function ljJ(l). Again, l/J( L) = -2 ;c, provided the shape is traced 

clockwise and does not spiral. The function is periodic as repeated clockwise tracing 
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around the contour from some initial starting point and back to the origin yields the same 

shape. 

Figure 2.12: Angular bends on a polygonal boundary in the shape plane for m = 6. 

The cumulative angular function l/J(l) now equals the summation of all the angular 

bends from some initial starting point on the polygonal contour up to the vertex at arclength 
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l. The function l/J(l) is zero for 0 ~ l ~ !J.li. The cumulative angular function becomes a 

step function with discontinuities at the vertices. The derivation of the Fourier coefficients 

of the step function expansion is given in [28]. An easier technique is to use the "Method of 

Jumps" as outlined in Appendix A. The resulting equations for the Fourier coefficients are, 

1 of . (27rnlk) an= --LJ!J.ljJkSlll --
nn k=J L 

(2.28a) 

bn =-l!J.l/JkCOS --1 m (2nnlk) 
nlr k=J L 

(2.28b) 

The coefficients an and bn are converted to polar form using Equations (2.18a) and 

(2.18b). Appendix A also presents the rules of vector algebra required to evaluate the ZR 

Fourier descriptors and a simple example using this technique as applied to a simple 

polygonal shape is worked out. 

Analysis of a smooth boundary requires numerical integration to find the Fourier 

coefficients. The polygonal method is convenient since the angular bends and arc lengths 

can be easily calculated using vector algebra. The boundary of a shape can be represented 

by vectors joining the sequential vertices clockwise around the contour. Vector dot 

products and cross products yield the magnitude and polarity of the angular bends. 

Harmonic amplitudes are computed from the magnitude and direction of bends and 

arclengths. 

The derivation of ZR Fourier descriptors requires polygonalization of the image 

contour. Due to the digital nature of the images, there is no such thing as a smooth 

boundary, but instead a blocky or stepped contour is obtained. Thus, using angular bends 

only at the corners and straight line arclengths between these corners, the particle shape is 

approximated with a polygon. The image analysis software [29] scans the image and 

records clockwise transitions from horizontal to vertical and vice versa around the contour 

of the object. This results in a boundary with angular bends of ±rrJ2 and arclengths 

between corners that vary in magnitude. A smoother polygonal contour is formed by 

joining every second boundary co-ordinate in the image. This method of polygonalization 

is an approximation to the original contour. 
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The polygonal approximation to a smooth curve induces a "white angular noise" in 

the ZR Fourier descriptor spectrum. A circle should theoretically have a Fourier spectrum 

that is zero everywhere, but a circle represented by a polygon does have small angular 

bends that contribute to harmonic amplitude formation. This signal addition to the true 

Fourier spectrum is referred to as white angular noise. As the degree of polygonalization of 

the object contour is increased, less white noise contributes to the spectrum. The ZR 

Fourier descriptor technique provides the shape features that are necessary for pattern 

classification. 

2.4 Fourier Descriptor Spectra 

A plot of harmonic amplitude, An versus harmonic order n is called a Fourier 

descriptor spectrum and represents the contributions of the nth harmonic to the entire 

boundary of an object. Some regular geometric shapes are shown in Figure 2.13 and their 

corresponding Zahn and Roskies Fourier harmonic amplitude spectra in Figure 2.14. The 

shapes shown were considered due to their similarities with actual crystal particles. It can 

be observed from these figures that a square, representative of a "very good" crystal (shape 

1 ), has significant 4th and 8th harmonics whereas all other harmonics have relatively small 

amplitudes. A rectangle with aspect ratio 2:1 (shape 2) has significant 2nd, 4th, 6th and 8th 

harmonics. Shape 3 has significant 2nd, 3rd, 6th and 7th harmonics, whereas shapes 4 and 

5, which are representative of agglomerated crystals, have large 3rd, 4th and 9th 

harmonics, with the other harmonics being almost equally significant. Shape 6 has a 

spectrum similar to a square with significant 4th, 8th, 12th and 20th harmonics. An 

equilateral triangle (shape 7) has significant 3rd, 6th, 9th and 12th harmonics. The 

pentagon (shape 8) has the 5th, lOth and 15th harmonics as significant while the hexagon 

(shape 9) has significant 6th, 12th and 18th harmonics and the octagon (shape 10) has 

significant 8th, 16th and 24th harmonics. The circle (shape 11), which is representative of 

a highly abraded crystal, as expected, has no sharp angular bends and thus has all 

harmonics nearly zero. 

Low magnitude harmonic amplitudes across the entire spectrum mean a round, 

uniform boundary. A circle, for example, has harmonic amplitudes that are zero since it 

represents the most "shapeless" contour. Small angular bends and arclengths around the 

contour create an almost null Fourier descriptor spectrum. Noise in the form of sharp 
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angular bends and thin pixel projections on the shape contour are revealed as increased 

magnitudes of harmonic amplitudes for some of the harmonic orders across the spectrum. 

Thus, the variations in the harmonic amplitudes as displayed in the Fourier spectrum 

measure how much and in what way the contour of an object differs from a circle. The 

lower harmonics contain the general shape information while the higher harmonics describe 

angular bends at the smallest arclengths. The ZR Fourier descriptors are sensitive to noise 

in a "fuzzy" boundary because of the large angular bends that make up sharp projections or 

indentations. This noise is reflected across the entire Fourier spectrum as increases in the 

harmonic amplitudes especially within the higher harmonics. The result is that the harmonic 

amplitudes decrease slowly with increased harmonics for a poor quality contour. 

[] 
2 

Figure 2.13: Some regular geometric shapes used to study Fourier spectra. 
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Figure 2.14: Fourier spectra for the regular geometric shapes shown in Figure 2.13. 
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Figure 2.14 (contd.): Fourier spectra for the regular geometric shapes shown in 

Figure 2.13. 

2.5 Summary 

This chapter presents the most common techniques used in industry for size 

characterization of fine particles including sieving, electrical sensing zone, light scattering 

and sedimentation. These techniques measure different aspects of size and do not provide 

any information on the shape of the particles, and moreover, require a shape factor to 

accurately determine the size distribution. Image analysis is presented as a method to 

accurately and simultaneously determine both the size and the shape distribution of fine 

particles. 

A large number of shape parameters can be evaluated using image analysis. Shape 

factors and fractal dimensions describe shape as a single-value factor, which is convenient, 

but results in low discriminating power among various shapes. Shape may also be 

characterized by the signature of the particle boundary, however it is not invariant to 

object size and starting point on the object boundary. There are three common forms of 

the Fourier boundary expansions that may also be used, the radial, Granlund, and ZR 

Fourier descriptor representations. The Fourier expansions maintain the optimal feature 

requirements of invariance to geometric transformations in the object contour. The ZR 

Fourier descriptors are the only Fourier descriptors that are already normalized and do not 

require modifications to account for transformations. The polygonal approach in the ZR 
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descriptor technique is ideal due to simplicity in Fourier coefficient calculation using vector 

algebra and is the method used in this thesis. Only the harmonic amplitudes from the 

Fourier descriptor spectra of the crystal boundaries are of interest in this thesis for the 

purpose of pattern classification. 

40 



3. PATTERN RECOGNITION USING NEURAL 
NETWORKS 

3.1 Introduction 

Chapter 2 introduces the ZR Fourier descriptors as optimal shape parameters that 

can adequately and uniquely identify various irregular shapes. Several harmonics are 

needed, depending upon the detail required, to represent a particular shape. The Fourier 

harmonic amplitudes of a shape contour serve as the feature variables that describe the 

shape. A pattern recognition system classifies a shape into a particular class on the basis 

of these feature variables. It should be noted that there is no linear relationship between 

the Fourier harmonic amplitudes of an object and the class into which it is classified. 

Statistical methods of pattern recognition become quite complicated in handling this type 

of problem, due to the large number of variables involved and the nonlinear nature of the 

problem. Moreover, statistical methods generally require some prior knowledge of class 

probability distributions to achieve significantly accurate results, which is not available in 

this problem. In recent years, neural networks have been introduced as a non-statistical 

tool for pattern recognition. Neural networks are particularly well suited to handling 

nonlinear problems with a large number of variables, about which no prior class 

distribution information is known. Neural networks have been trained to perform 

complex functions in various fields of applications including pattern recognition, 

identification, classification, speech, vision and control systems [31]. 

This chapter presents the basic building block of neural networks, the neural 

processing unit, or neuron. Parallels between the artificial neural unit and its biological 

equivalent are discussed. Various network architectures are also discussed and the pattern 

classification abilities of single neurons and neural networks are emphasized. Finally, the 

application of unsupervised neural networks and supervised neural networks for the 

classification of crystal shapes on the basis of their Fourier descriptors is discussed. 
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3.2 Artificial Neural Networks 

Artificial neural networks, commonly called neural networks, are composed of 

many simple elements, called neurons, arranged in a parallel-series combination, that can 

acquire, store, and utilize experiential knowledge. The network function is determined 

largely by the connections between elements. A neural network can be trained to perform 

a particular function by adjusting the values of the connections between elements. Today, 

neural networks can be trained to solve problems that are difficult for conventional 

computers or human beings. Work on neural networks has been motivated by the 

recognition that the brain computes in an entirely different way from the conventional 

digital computer. Neural networks go beyond digital computers since they can 

progressively alter their processing structure in response to the information they receive. 

Some of the functional differences between a conventional digital computer and a neural 

based computing system are given in Table 3.1 [32]. 

The primary structural characteristics of an artificial neural network (ANN) are an 

organized morphology containing numerous parallel-distributed neurons, a method of 

encoding (i.e., learning) information within the synaptic connections found between the 

individual neurons, and a method of recalling information when presented with a stimulus 

input pattern. Although a large number of computational neural network architectures and 

learning algorithms are reported in the literature [33], most of these neural networks have 

certain features in common with biological neural systems. Incidentally, it is these very 

features that are absent within the traditional sequential computer paradigm. The primary 

benefits of ANN s over digital computers can be summarized as follows: 

1) Neural network models have many neurons (the computational processing 

elements) linked via adaptive (synaptic) weights arranged in a massive parallel structure. 

Because of this high parallelism, failures of a few neurons do not greatly affect the 

overall system performance. 

2) The main strength of neural network structures lies in their learning and 

adaptive abilities. The ability to adapt and learn from the environment means that the 

neural-network models can deal with imprecise data and ill-defined situations. As a 

result, a suitably trained network has the ability to generalize inputs, even if they do not 

appear in the training data. 
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3) Another significant characteristic of neural networks is their ability to 

approximate any nonlinear continuous function to a desired degree of accuracy. This 

ability of neural networks has made them useful to model a variety of nonlinear systems. 

4) Neural networks also can have many inputs and outputs, therefore they are 

easily applicable to modeling multivariable systems. 

5) With the advancements in VLSI technology, many vendors have introduced 

dedicated VLSI hardware implementations of neural networks. This brings additional 

speed in neural computing for real-time applications. 

With the advent of neural networks, more and more problems are solved by 

simply presenting large amounts of 'raw data' (e.g. images, sound signals, stock market 

index ranges) to a neural network. During training, the network learns what value to place 

on what feature. The exact nature of this feature extraction process is, however, not clear 

due to the vast number of interconnections, and thus weights, in neural networks. 

Table 3.1: Functional differences between conventional and neural computers. 

Function Conventional Computers Neural-based Computers 

Input Data Only numerical data is Numerical as well as 

allowed. perceptual data is allowed. 

Knowledge Acquisition Through programming. Through training. 

Computation Carried out by means of Carried out by means of 

high-precision arithmetic. low-precision arithmetic 

and nonlinear mapping. 

Data Storage ROM, RAM, high precision Data is stored in the inter-

binary memories. connecting weights. 

Knowledge Retrieval By means of sequential By means of collective 

computations. processing. 

Problem Solving By formulating a proper By a proper selection of 

algorithm. network architecture and 

definition of the set of 

representative examples 
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3.3 The Biological and Artificial Neuron 

Biological neurons have certain properties which can be emulated in creating a 

virtual cognitive machine. Biological neurons have the capability to store past 

experiences, knowledge or information in their synaptic junctions. Similarly, virtual 

cognitive machines adjust their weights on receiving new inputs in much the same way as 

biological neurons are understood to do. Both biological neurons and virtual cognitive 

systems can have a very large number of inputs and it is the confluence of the new inputs 

(or new information) and past experiences (or synaptic weights) that determines the 

output of the neurons. Besides these similarities, the inputs undergo an aggregation, 

thresholding, and nonlinear mapping in both biological and artificial neurons to produce 

an output [33]. An artificial neuron is fired or activated only if the aggregate of the 

weighted inputs is more than the threshold, which is similar to the case of biological 

neurons. Moreover, like biological neurons, artificial neurons may be made to undergo a 

nonlinear mapping from the aggregate of the weighted inputs to the output of the neurons. 

A biological neuron has the general structure shown in Figure 3.1. Output signals 

from other neurons reach a particular cell via the axons. The signal strengths are 

regulated by the synapses connecting the axons and the dendrites to the neuron. The 

adaptive synaptic weights represent the memory of the neuron for they are influenced by 

past stimuli. The weighted signals are processed inside the soma of the neural cell. If a 

certain processed signal threshold is achieved, the neuron outputs a nonlinear response 

that travels down the axon and branches off to other neural cells. Thus the neuron 

provides a neural response that is dependent upon the present input stimuli and the 

regulating weights determined from past input signals and output responses. In summary, 

the neuronal operations that take place in a biological neuron are: 

(1) synaptic operations, which involve regulating input signal strengths, and, 

(2) somatic operations, including 

(a) aggregation of weighted input signals in the soma, 

(b) thresholding the aggregate signal, and, 

(c) nonlinear operation on the thresholded aggregate signal. 

Figure 3.2 shows the mathematical model of a static artificial neuron. Just as in 

the cas·e of biological neurons, the artificial neuronal mathematics are divided into: 
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(1) synaptic (confluence) operations, and, 

(2) somatic (aggregation, thresholding, and nonlinear mapping) operations. 

• • • 

• 
• • 

Figure 3.1: Structure of a biological neuron. 

threshold 

operation 

synaptic operation 

v(t) 

nonlinear mapping 
operation 

Figure 3.2: Mathematical model of an artificial neuron. 

y(t) 

The neuronal inputs are represented by the vector x(t) = [xpx2 , ••• ,xw··•xn]. The 

inputs could be a vector of shape features (for example the set of ZR Fourier descriptors) 

from an object to be used for pattern classification. The associated synaptic weights are 
represented by the vector w(t)=[wpw2 , ••• ,w;, ... ,wn]. The input bias or threshold term 
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x0 (t)=l can also be added to the input vector x(t) to obtain an augmented input vector 

xa(t) = [x0,xpx2, ... ,x;, ... ,xn]. Similarly, the bias or threshold weight term w0 can be 

added to the weight vector w(t) to obtain the augmented weight vector 

wa(t)=[w0 ,wpw2 , ••• ,w;,.··•wn]. The neural output, y(t), is the response of the neuron to 

the input stimuli presented to it. 

The first operation in the neuron, called the synaptic confluence operation, 

multiplies the neural inputs with their respective weights to produce weighted values of 

the original input signals. The weights regulate the strength or influence that the 

individual input signals have on the output of the neuron. The second operation, called 1 
the somatic operation, can be broken down into two operations, one linear and the other 

nonlinear. The linear operation is simply a summation of the weighted values to produce 

a neural aggregate, or, in other words, the dot product of the input and weight vectors, 

given by the scalar, 

n 

u(t) = L w;(t)x;(t) = w(t)xT (t) (3.1) 
i=l 

where xT (t) denotes the transpose of the input vector. Adding the bias or threshold term 

gives, 

v(t) = u(t) + w0 (t). (3.2) 

Alternately, the aggregation and thresholding steps could be combined, thus, 

n 

v(t) = L w;(t)x;(t) = wa(t)x~ (t) (3.3) 
i=O 

where x~ denotes the transpose of the augmented input vector. The nonlinear somatic 

function, also called the neuron transfer function, provides the scalar neural output as, 

y(t) = f!l(v(t)) (3.4) 
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where lJI is a mapping function that provides a bounded output from the neuron. There 

are a number of possible linear and nonlinear mapping functions for unipolar signals 
( xa (t) E [0, oo]) and bipolar signals ( xa (t) E [ -oo, oo ]), with unipolar and bipolar outputs. 

The choice of transfer function depends upon the application. Some typical functions are 

shown in Figure 3.3. 

The weights act as a memory for the neurons. A learning algorithm is defined that 

will adjust the weights dynamically so that a desired relationship between neural inputs 

and outputs is achieved. Many algorithms exist in the literature and most of them attempt 

to minimize the error between the actual neural response and the desired neural response, 

given an input to the neuron. This thesis does not attempt to develop the required 

equations, but presents them in a summarized form. The theory behind neural networks is 

now well known and accepted as a result of the popularity of neural network research and 

applications over the last ten to fifteen years [31-38]. The focus in this work will be on 

the pattern classification capabilities of neural networks, and those properties and 

functions of neural networks specifically related to the pattern classification problem 

considered in this thesis. 

3.4 Network Architectures 

Two or more neurons may be combined in a layer, and a particular network might 

contain one or more such layers [34]. A single layer neural network with n inputs and m 

neurons as shown in Figure 3.4 is first considered. In this network, each element of the 
augmented input vector X

0
(t) is connected to each neuron input through the weight 

matrix W. The row indices on the elements of this matrix indicate the destination neuron 

of the weight and the column indices indicate which source is the input for that weight. 

W1Q Wll WI2 W}n 

w2o w21 w22 w2n 

W= (3.5) 
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'If[ v] 
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v 

-------1-1 

'lf[v] =sgn[v] 

(a) 

'If[ v] 

v 

(c) 

'If[ v] 

'lf[v]=av 

(b) 

'If[ v] 

v 
'lf[v] = 1 + ~~ 

(d) 

v 

v 

Figure 3.3: Various bipolar input, bipolar output transfer functions. Here a is the gain of 

the transfer functions. 

The augmented input vector can be written as xa(t) = [x0,xpx2, ... ,X;,···•xn]. The 

jth neuron has a summer that gathers its weighted inputs and bias to form its own scalar 
output vr The various vj taken together form an m-element vector v. Thus, 
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v(t) = W · x~ (t). (3.6) 

Finally, the neuron layer output vector, y, is obtained by applying the nonlinear mapping 

function lf/ to the vector v, 

y(t) = lf/( v(t)) (3.7) 

It is common for the number of inputs to a layer to be different from the number 

of neurons (i.e. n -::t: m). A layer is not constrained to have the number of its inputs equal 

to the number of its neurons. It is also possible to have different transfer functions for 

different neurons in the same layer, though this is unusual [31]. 

x0 ( t) = 1 (bias or threshold) 

Vt (t) EJ-. Yt(t) 

• 
x2 (t) • 

• • 
• 
• 

X; (t) 

1---+Yj (t) 
v/f) 1 1JI[ ·] 

x(t) 
• • 
• • 
• • 

Xn (t) V m(t) ~~I 1{/[ ·] j-. Ym(t) 

\... 
Neural Inputs 

Neural Ouputs 

Figure 3.4: A single layer neural network with n inputs and m outputs. 
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A network can have several layers. Each layer has an input vector, a weight 

matrix and an output vector. Figure 3.5 shows a multilayer network with n inputs, m1 

neurons in the first layer, m2 in the second layer and m3 in the third layer. To distinguish 

between the weight matrices and output vectors for each of these layers, the variables are 

given superscripts denoting the layer number to which they belong. Weights are located 

on the interlayer neural connections. It is common for different layers to have different 

numbers of neurons. A constant input of 1 is assigned to the biases for each neuron. The 

outputs of each intermediate layer are the inputs to the following layer; there is a forward 

propagation of signals from the input layer to the output layer. The layers of a multilayer 

network play different roles. A layer that produces the network output is called an output 

layer. All other layers are called hidden layers. Multiple layer networks are quite robust 

and powerful and can be trained to approximate any function (with a finite number of 

discontinuities) arbitrarily well. Multiple layers of neurons with nonlinear transfer 

functions allow the network to learn nonlinear and linear relationships between input and 

output vectors. 

x(t) 

Inputs 

ml 

Hidden layer #I Hidden layer #2 Outputs 

Figure 3.5: A multilayered neural network with m1
, m2

, m3 neurons in the first, second 

and third layers respectively. 

The outputs from the neurons in the 1st, 2nd, and 3rd layer are represented by 
I 2 d 3 · 1 yj, Yk an y1 , respective y, 
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n 

y} = V'\L (w;; . X; + w}o)) for j = 1,2, ... ,m1 

i=l 
ml 

2 2(L( 2 I Yk = 1fl wkj · Yj + wio)) fork= 1,2, ... ,m2 

j=l 

m2 

3 3c:Lc 3 2 Y1 = 1fl wlk · Yk + wio)) for l = 1,2, ... ,m3 
k=J 

where the superscripts denote the layer number and, 

is the total number of inputs to the network, 

are the total number of neurons in the 1st, 2nd and 3rd layer 

respectively, 
is the ith input to the neural network, 

(3.8a) 

(3.8b) 

(3.8c) 

is the weight on the connection between the ith input and jth 

neuron in the 1st layer, 
is the weight connection between the jth neuron in the 1st layer and 

the kth neuron in the 2nd layer, 
is the weight connection between the kth neuron in the 2nd layer 

and the lth neuron in the 3rd layer, 

are the transfer functions of neurons in the 1st, 2nd, and 3rd layers 

respectively. 

3.5 Supervised and Unsupervised Neural Networks 

Neural networks require training in either a supervised or unsupervised learning 

mode [31 ,32,35]. In supervised learning, it is assumed that at each instance when the 

input is applied, the desired response d of the system is provided by a teacher. This is 

illustrated in Figure 3.6(a). The distance function between the actual and the desired 

response serves as an error measure and is used to adjust network parameters externally. 

The network's weight matrix and bias vector are then adapted to reduce this error. This 

mode of learning is similar to natural learning and is only applicable where the output 

pattern set corresponding to the input pattern set is known. The sets of input and output 

patterns are called training sets. Typically, supervised learning rewards accurate 

classifications and punishes those which yield inaccurate responses. The teacher 
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estimates the error gradient with respect to the weights and tries to reduce the error by 

modifying the weights in the direction of the negative error gradient. As a result, most 

supervised learning algorithms reduce to a stochastic minimization of error in multi

dimensional weight space, as is discussed in more detail in Section 3.8. 

Figure 3.6(b) shows a block diagram for unsupervised learning. In unsupervised 

learning, the desired response is not known; thus, explicit error information cannot be 

used to improve network behavior. Unsupervised learning is suitable for finding the 

boundary between classes of input patterns that are distributed in well-behaved clusters. 

Suitable weight self-adaptation mechanisms have to be embedded in the network, because 

no external instructions regarding potential clusters are available. Unsupervised learning 

algorithms use patterns that are typically raw data having no labels regarding their class 

membership. The network must discover for itself any possibly existing patterns, 

regularities, separating properties, etc. While discovering these, the network undergoes 

changes of its parameters, a process which is called self-organization. The technique of 

unsupervised learning is often used to perform clustering when no information is 

available about the actual classes of a given set of patterns. 

X 
Adaptive 

.._Y .. network 
X Adaptive 

...: ..... network 
y 

... ... ... 
..,)H" y 
Al ~. 

~, 

Distance 
e=d- y generator 

(distance measure) 
A~ 

d (learmng signal) 

(a) (b) 

Figure 3.6: Block diagram for explanation of basic learning modes: (a) supervised 

learning and (b) unsupervised learning. 
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3.6 Neural Networks as Pattern Classifiers 

The theory of neural pattern classifiers is based upon the information that is stored 

in the matrix of neural synaptic weights. The neural synaptic confluence operation 

between the vector of fresh neural inputs (attributes of the pattern) and past experience 

stored in the matrix of synaptic weights creates a new vector of weighted inputs. The 

aggregation of weighted inputs yields a scalar quantity which contains all the information 

regarding the pattern. Based upon the sign and magnitude information of this aggregated 

value, one categorizes the class of the pattern [34]. For pattern classification, the 

knowledge stored in the neural synaptic weights is thus an important factor and this 

knowledge can be stored in advance by proper training of the neural network. 

Most classical techniques of pattern classification demand a priori knowledge of 

the attributes of the patterns to be classified which are assumed to have some known 

statistical distribution. Based upon this a priori knowledge, discriminant surfaces are 

generated which supposedly separate classes of patterns. 

In order to examine the application of neural networks to this problem, let us 

assume we are given a distribution of measurements, x1 and x2 , of two different pattern 

classes, classes A and B (Figure 3.7), and that we are required to develop a discriminant 

line which can separate these classes. Let the discriminant line be L, described 

mathematically as: 

L: v=wax~(t)=O or 

L: v = w0x0 + w1x1 + w2x2 = 0, x0 = 1 

WI Wo => x2 =--x1--

w2 w2 

(3.9a) 

(3.9b) 

(3.9c) 

where w0 , Wp w 2 are the weights and wa = [w0, Wp w 2] is the augmented synaptic 

weighting vector with w0 being the threshold (bias) term. This equation is of the form of 

a straight line y = mx + c, where the slope is m = -~ and the intercept on the x2 -axis is 
w2 

c =- Wo. Thus the discriminant line depends upon the augmented weight vector wa and 
w2 
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its optimum value can be obtained by using some off-line optimization method, if there is 

a priori knowledge of the patterns. Alternatively, on-line training can be provided to the 

neuron by presenting instances of class A and class B, and using some learning and 
adaptation techniques to optimize the weighting vector w a • 

A neural machine can now be developed with the ability to classify the two 

pattern classes based upon the measurements of the attributes xi and x 2 • Classification 

implies that the neural output y must represent two distinct classes, for example, + 1 for 

class A and -1 for class B. xi and x2 are the inputs to the single neuron neural pattern 

classification machine. The mathematical operation provided by the neuron is given by, 

(3.10) 

Using the sign transfer function for the nonlinear mapping ljl[v], we obtain 

(3.11) 

Thus the neural output y(t) above the discriminant line L, that is, for v > 0, is a positive 

output, +1, and a negative output, -1, for v < 0 as shown in Figure 3.7. The single neuron 

implementation of this linear pattern classification neural machine is shown in Figure 3.8. 

Thus a single neuron neural machine can solve a simple linear classification problem. 

Linear discriminant line, L 

Wz Neural output 
y=-I 

Figure 3.7: Two linearly separable pattern classes in two-dimensional space. 
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Neural 
Inputs 
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y= sgn[v] 

+11---

v 

---1-1 

Neural 
Output 

Figure 3.8: Neural implementation of a pattern classifier for two linearly separable 

classes in two dimensions. 

Now consider a single neuron machine that can classify two linearly inseparable 

classes of objects, such as the two classes shown in Figure 3.9, class A and class B. In 
this case the two classes can be separated only by a nonlinear discriminant line LN, or by 

a set of linear discriminant lines. For the nonlinear line, v must be defined as a nonlinear 

combination of weighted neural inputs ( x1, x2 ), 

(3.12) 

where fis a nonlinear function that maps the n-input vector into a scalar output and 

y(t) = sgn[v]. A nonlinear mapping function f[·] can be generated in many ways 

depending upon the problem. For the problem considered in this example, a simple 

nonlinear function could be of the form: 

(3.13) 

The neural implementation of this nonlinear pattern classifier is shown in Figure 3.1 0. 

In both the linear and nonlinear cases for the single neuron, appropriate learning 

algorithms can be used to determine the weight values which determine the optimal 

discriminant boundaries. The classification ability of a single neuron is limited to linear 

boundaries or simple nonlinear surfaces produced by modifications to the neural 

structure. It is possible to generate much more complex discriminant lines or discriminant 
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surfaces by using more than one neuron in a layer and by using multiple layers of 

neurons, thus making it possible to separate much more complex classes of objects 

distributed in higher dimensional input pattern space. 

LN: v=O 

Non-linear discriminant line 

Figure 3.9: Two linearly inseparable classes in two-dimensional space. 

= s n[]t 

+II----

+ 
v 

v 

----1-1 

Figure 3.10: Neural implementation of a pattern classifier for two linearly 

inseparable classes in two-dimensional space. 
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3.7 Competitive Neural Networks 

Competitive neural networks use a unique unsupervised learning mode to modify 

weights and biases during training. No feedback from the environment is provided during 

learning. The network must discover for itself any relationships of interest that may exist 

in the input data; discovery of patterns, features, regularities, or categories are learned 

without a teacher. This section presents an unsupervised training algorithm, as it is used 

in this thesis, so that the weights of the neural network can sensibly adapt during the 

process of self-organization. 

Consider a competitive neural network consisting of a single layer of m neurons 

that can classify various input patterns into m classes using an unsupervised learning 

algorithm. In a competitive network only one neuron, the one that receives the highest net 

input, outputs a 1, while all the other neurons output a 0. The corresponding input pattern 

(or input vector) then belongs to a class represented by the number of the neuron that 

outputs a 1. If all the different patterns were to be plotted in n-dimensional space (where 

each dimension is one of the n input features of the network), similar patterns would be 

clustered together. The competitive network makes use of a self-organizing map to learn 

the distribution of input vectors and categorize the input vectors. The neurons of 

competitive networks learn to recognize groups of similar input vectors [31 ,32]. 

The architecture of a competitive network is shown in Figure 3 .11. It consists of a 

single layer of m neurons, and hence m outputs, with n inputs into the network. The 

total number of parameters to be adjusted during training is m x n weights and m biases, 

for a total of (m x n) + m parameters. 

The net input vj of the jth neuron in the competitive layer is computed by finding 

the negative of the distance between input vector x = [xpx2 , ... ,x;, ... ,xJ and the weight 

vector wj =[wjl'wj2 , ... ,wji''"'wjnl of the neuron and adding the bias term wj0 of that 

neuron. The competitive transfer function accepts a net input vector and returns neuron 

outputs of 0 for all neurons except for the winner, the neuron which received the highest 

net input. The winner's output is 1. If all biases are 0, then the neuron whose weight 

vector is closest to the input vector has the least negative input, and therefore wins the 

competition to output a 1. All weights are then adjusted using the competitive or Kohonen 
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learning rule [31,32]. The changes made with competitive learning are proportional to a 

neuron's output, and thus only the winning neuron's weights get updated. Thus the weight 

vector of the neuron whose weight vector was closest to the input vector is updated to be 

even closer. The result is that the winning neuron is more likely to win the competition 

the next time a similar vector is presented, and less likely to win when a quite different 

input vector is presented. Each neuron competes to respond to an input vector x. 

• 
• 
• 

• 
• 
• 

Yc 

• 
• • 

• • 
• 

Ym 

Figure 3.11: A competitive neural network. Darker lines indicate weights to be 

adjusted. 

Thus the output of the jth neuron in the layer can be written as, 

(3.14) 

where 1f1 is the competitive transfer function and dist(wi,x) is the Euclidean distance 

between the weight vector wi and the input vector x. Note that the output vector y 

contains only the values 0 or 1. 

To explain the above points from a different approach, assume that the cth neuron 

in the competitive layer has the maximum response due to input x, as shown in Figure 
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3.11. This neuron is called the winner and is denoted by the index c. Weights are 

typically initialized as random values and the weight vectors are normalized during 

learning, thus, 

for j = 1,2, ... ,m. (3.15) 

The winner selection is based upon the following criterion of maximum activation 
( vj = wjxT) among all m neurons participating in the competition: 

(3.16a) 

Finding the maximum among m scalar products corresponds to finding the minimum of 

m distances between the weight vectors of each neuron and the input vector x; 

llx- well= ._min {llx- wjll} 
J-l,2, ... m 

(3.16b) 

where 1111 represents the magnitude of the Euclidean distance between the vectors 

enclosed. As a result of this winning event, the weight vector 
we= [weo• wei, we2 , ... , wei, ... wen] containing weights highlighted in Figure 3.11 is the only 

one adjusted in the given unsupervised learning step. Its increment is computed as 

follows: 

(3.17a) 

or, the individual weight adjustment becomes 

fori= 0,1,2, ... ,n (3.17b) 

where A, > 0 is a small learning constant, typically decreasing as learning progresses. The 

criterion (3.16b) corresponds to finding the weight vector that is closest to the input x. 
Equation (3 .17) then reduces to incrementing we by a fraction of x - we. This is 

represented pictorially in Figure 3.12a. When using the scalar product metric of similarity 
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as in (3.16a), the synaptic weight vectors of the winning neuron should be modified 

accordingly so that they become more similar to the current input vector. The weight 

vector lengths should be identical for this training approach. However, their directions 

should be modified. Intuitively, it is clear that a very large weight vector could lead to a 

large output of its neuron even if there was a large angle between the weight vector and 

the input pattern vector. This explains the need for weight normalization. It should be 

noted that only the winning neuron fan-in weight vector is adjusted. After the adjustment, 

the fan-in weights tend to better estimate the input vector in question. Sometimes the 

winning neighborhood is extended beyond the single neuron winner so it includes the 

neighboring neurons. 

class 3 
cluster 

cluster 

class 1 
cluster 

(b) 

Figure 3.12: (a) Schematic diagram showing how the normalized weight vector w: of the 

winning neuron is modified during one iteration. (b) shows how the normalized weights 

approximate the input clusters after proper training. 
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The learning rule at the kth iteration can be written in a more formal manner as 

follows: 

(3.18a) 

(3.18b) 

Each neuron in the layer closest to a group of input vectors soon adjusts its weight 

vector to that cluster of input vectors as training progresses. Eventually, if there are 

enough neurons, every cluster of similar input vectors will have a neuron which outputs a 

1 when a vector in the cluster is presented, while outputting a 0 at all other times. 

Eventually, the normalized weights approximate the centers of gravity of their respective 

clusters as shown in Figure 3.12b. Thus the competitive network learns to categorize the 

input vectors it sees. This clustering technique assumes that the number of classes is 

known a priori and is equal to the number of neurons in the competitive neural network 

layer. Also, the neuron's activation or transfer function is of no relevance for this learning 

mode. 

One of the limitations of competitive networks is that some neurons, referred to as 

"dead" neurons, never win the competition and hence their weights never get to learn. To 

stop this from happening, biases are used to give neurons which are winning the 

competition only rarely (if ever) an advantage over neurons which are winning often. A 

running average of each neuron's output is calculated and used to calculate the biases for 

neurons such that neurons with lower average outputs get larger biases than neurons with 

high average outputs. This has two effects. A neuron which is winning rarely, will have 

its bias eventually get large enough so that it will be able to win. When this happens it 

will move toward some group of input vectors. Once the neuron's weights have moved 

into a group of input vectors and the neuron is winning consistently its bias will decrease 

to 0. Thus the problem of "dead" neurons is resolved. The other effect of biases is that 

they force each neuron to classify roughly the same percentage of input vectors. Thus, if a 

region of input space is associated with a larger number of input vectors than another 

region, the more densely filled region will attract more neurons and be classified into 

smaller subsections. However, this may not always be desirable. 

61 



3.8 Backpropagation 

The backpropagation algorithm, developed by Rumelhart, Hinton and Williams in 

1986 has emerged as the most popular learning algorithm for the training of multilayer 

feedforward neural networks [36]. Competitive learning is applied when no information 

regarding class membership of input patterns is available. However, if the class 

membership of a set of input patterns representative of all the input patterns is available, 

backpropagation learning is more suitable in training the neural network for pattern 

classification. Backpropagation learning in neural networks requires a group of input 

vectors and the corresponding target vectors; the network is trained to adjust its weights 

and biases until it can associate input vectors with specific output vectors. This algorithm 

is based upon the error-correction learning rule [36,37,38]. 

Basically, the error backpropagation process consists of two passes through the 

different layers of the network: a forward pass and a backward pass. In the forward pass, 

an activity pattern (input vector) is applied to the sensory nodes of the network, and its 

effect propagates through the network, layer by layer. Finally a set of outputs is produced 

as the actual response of the network. During the forward pass, the synaptic weights of 

the network are all fixed. During the backward pass, on the other hand, the synaptic 

weights are adjusted in accordance with the error-correction rule. Specifically, the actual 

response of the network is subtracted from a desired (target) response to produce an error 

signal. This error signal is then propagated backward through the network and the 

synaptic weights are adjusted so as to make the actual response of the network move 

closer to the desired response. 

The backpropagation technique calculates the instantaneous error gradient with 

respect to the network weights based upon the propagation of the neural output error 

between the desired and actual neural responses. The goal is to find the optimum set of 

weights that will minimize the output error given an input pattern. This technique is 

referred to as the method of steepest descent, gradient method of optimization, or delta 

training rule for finding the global minimum of a function. The weights are adjusted in a 

direction opposite to the error gradient (i.e., in the negative error-gradient direction) in the 

error-weight space as shown in Figure 3.14. 

62 



Inputs 

m' 
Hidden layer #1 Hidden layer #2 Outputs 

Figure 3.13: Network architecture used for backpropagation training. 
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Figure 3.14: Error weight space showing local and global minima. 
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The instantaneous summed square error from each output in the network is given by 

3 
m 3 2 

e = 2.J dt - Yt ) (3.19) 
l=l 

where dt is the desired response of the lth neuron in the output layer and Yi is its actual 

response. The instantaneous square error derivative associated with the lth neuron in the 

output layer of the network is given by 

(3.20) 

where v{ is the somatic aggregate within the lth neuron from the output layer of the 

neural network and W'(v{) is the first derivative of the somatic nonlinearity function 

within the lth neuron in the output layer. The instantaneous square error derivatives from 

all the output neurons taken together comprise the delta vector 8 3 of the output layer. 

Similarly, the delta vectors of the hidden layers can be computed as above by 

backpropagating the network output error to the hidden layers. The weight adjustments at 

any particular iteration are given by the equation; 

W(t + 1) = W(t) + 2A.o(t)x(t) (3.21) 

where tis the time index, 'A, is the learning constant, typically between 0.001 and 0.1, 

and x is the input vector. Thus the new weight is determined by adapting the previous 

weight vector by an amount corresponding to the neuron inputs scaled by the associated 

square error derivative and the learning rate. The backpropagation algorithm is discussed 

in detail in Appendix B. 

A training set representative of all the classes within the input feature space is 

presented to the neural network during the learning phase. The training set contains 

feature vectors from each class as well as the desired neural responses. The neural 

weights are either updated each time an input pattern is supplied (step learning) or after 

the entire training set has gone through the network (batch learning). One complete pass 

through the entire set of training vectors is called an iteration. As the system learns using 
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training data, the neural weights are adjusted. The discriminant surfaces move until a 

boundary location is found which best separates the classes found in the input data. This 

occurs when the minimum error is achieved. Once an acceptable error level is achieved, 

training is stopped and a test set of features containing new data is presented to the 

network. The error in neural responses given the new data is a measure of whether or not 

the correct neural architecture was used or if enough samples were included in the 

training set. The ability of neural networks to generalize or provide correct neural 

responses for all patterns from the feature space once training is completed is one of the 

most important criteria for a successful pattern classifier. 

In backpropagation it is important to use a nonlinear transfer function that is 

differentiable everywhere since the derivative of the transfer function is required to obtain 

the delta vectors. Multiple layers of neurons with nonlinear transfer functions allow the 

network to learn both nonlinear and linear relationships between input and output vectors 

and perform complex pattern associations and classifications. The learning rate A, 

specifies the size of changes that are made in the weights and biases at each epoch (or 

iteration). Small learning rates result in long training times but guarantee that the 

network's values do not jump over valleys in the error surface that lead to lower errors. 

The speed and general performance of the backpropagation algorithm is improved 

by using momentum and adaptive learning rate techniques. As gradient descent is 

performed on the error surface, it is possible for the network to become trapped in a local 

minimum instead of the global minimum. Momentum decreases backpropagation' s 

sensitivity to small details in the error surface and allows a network to respond not only 

to the local gradient but also to recent trends in the error surface. Momentum can be 

added to backpropagation learning by making weight changes equal to the sum of a 

fraction of the last weight change and the new weight change suggested by the 

backpropagation rule. The error graphs produced by training the network with different 

learning rates can be used to decide whether a trial learning rate is too high or too low. 

An error graph or learning curve is a plot of total summed squared error versus iteration 

number during training (Figure 3.16). The ultimate solution, however, is to have an 

adaptive learning rate which results in remarkably decreased learning times as it attempts 

to keep the learning step size as large as possible while keeping learning stable. Thus a 

near optimum learning rate is obtained for the local error terrain. 
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Figure 3.15: Flowchart of the backpropagation algorithm as applied to a three-layered 

neural network. 
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Figure 3.16: A desirable learning curve. 

Networks are also sensitive to the number of neurons in their hidden layers. Too 

few neurons can lead to underfitting. Too many neurons can contribute to overfitting, in 

which all training points are well fit, but the fitting curve oscillates between these points, 

making generalization impossible [31]. 

3.9 Summary 

This chapter introduces artificial neural networks as a non-statistical tool for 

pattern classification. The mathematical model of the basic building block of neural 

networks, the neuron, is compared to its biological counterpart. Neurons transform 

multiple inputs into a single neural output value. Both biological and artificial neurons 

undergo confluence, aggregation, thresholding and nonlinear transformation operations to 

give the final output. The weights, which are modified during the learning process, act as 

a memory, regulating the strengths of various inputs, thus allowing the neuron to perform 

the function of pattern classification. Multiple neurons arranged in a parallel-series 

combination enhance the computing power and enable the neural network to generate 

complex decision boundaries and make the network robust by incorporating a degree of 

redundancy into the network, as in biological nervous systems. A single neuron can 

generate linear and simple nonlinear discriminant boundaries for pattern classification but 

67 



highly complex nonlinear decision boundaries are realized by using multi-layer neural 

networks. 

Unsupervised networks using competitive learning are capable of clustering 

patterns into different classes without a priori knowledge of the statistical distribution of 

various pattern classes. Such networks are useful when the input patterns are unlabeled 

and no information is available regarding class membership of the input patterns. The 

network must discover for itself any patterns, features, regularities, or categories that 

exist in the input data. Supervised networks are a better choice if the class membership of 

the input patterns is known. The optimal weight values are determined through a learning 

algorithm such as backpropagation (outlined in Appendix B) that uses the error between 

the desired and actual neural outputs. Once the neural network has been properly trained, 

test data can be applied and pattern classification is performed almost instantaneously. 
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4. EXPERIMENTAL IMPLEMENTATION 

4.1 Introduction 

The previous chapters presented various particle size and shape characterization 

techniques and introduced supervised and unsupervised neural networks for pattern 

classification. This chapter discusses and evaluates the implementation of size 

characterization techniques including sieve analysis, laser diffraction analysis and image 

analysis. The components of the image analysis hardware and software for the acquisition 

of size and shape parameters including the ZR Fourier descriptors is presented. Finally, 

the software for training and simulating competitive and backpropagation networks with 

the ZR Fourier descriptors as inputs is discussed. An application package is developed 

that acquires images of the samples, determines the ZR Fourier descriptors and other size 

and shape parameters of individual samples in the image, and classifies them into their 

corresponding classes by simulating the trained neural network feedforward calculations. 

4.2 Size Analysis 

Size analysis experiments were performed using a sand sample and a commercial 

KCl sample (Potash Corporation of Saskatchewan Inc., Allen, SK.). This involved 

determining the size distribution and mean particle size of both sand and KCl samples 

using three different methods: 

• sieving using the Gilsonic Autosiever (model GA-6, Gilson Company Inc., OH), 

• laser diffraction analysis using Microtrac II (model 7998, Leeds & Northrup, PA), 

and, 

• image analysis using a Macintosh Ilfx platform and "Image Analyst 7.2" software 

(Automatix Inc., Billerica, MA.). 

An initial sample of 100 grams each of sand and KCl was taken. Each sample was 

repeatedly coned and quartered so as to obtain eight representative samples. Five of the 

samples were used for sieving, one for laser diffraction and one for image analysis and 
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one remained unused. The importance of having a representative sample is particularly 

significant in the case of image analysis where the size distribution has to be determined 

on the basis of a relatively small number of particles. The purpose of the size analysis 

was to compare the size distributions obtained from image analysis with those obtained 

from other techniques commonly used in industry. 

4.2.1 Sieve Analysis 

Sieve analysis was performed using an autosiever capable of stacking 7 sieves. A 

standard progression of 7 sieves was used, with the ratio of the sieve apertures of adjacent 

sieves being -f'i. The weight of the sample during each sieving was nearly 10 grams so 

as to avoid errors due to overloading the sieves. The sieving and weighing process was 

continued until the percentage change in the weight of sample collected in each sieve was 

less than 1%. This usually took 6-7 minutes of shaking the sieve stack. After sieving for 7 

minutes, the weight of sample collected in each sieve was measured using a digital 

balance. This process was repeated for 5 samples of sand and KCl, respectively. The 

mean size of the particles was determined as , 

n 

Dm=LJA (4.1) 
i=l 

where fi is the weight fraction on the ith sieve, d; is the mean size of the sieve apertures 

of the ith and (i-1 )th sieve between which the weight fraction was collected and n is the 

number of sieves in the sieve stack. For the KCl particles, a sieve progression of 63, 90, 

125, 180, 212, 355, and 500 microns was used and for sand particles, a sieve progression 

of 90, 125, 180, 212, 355, 500, and 710 microns was used. The fraction of sample 

collected on each sieve is calculated from the weight of each sieve before and after 

sieving. The mean sieve size is the geometric mean of the sieve apertures of the upper 

and lower sieves. Table 4.1 gives the results of a typical sieve analysis for a KCl sample 

and the computations necessary to determine the mean size of the sample particles. Figure 

4.1 gives the size distribution plot for the KCl sample considered in Table 4.1. The size 

distribution plot is a plot of the fraction of the sample collected on each sieve versus sieve 

size. Table 4.2 gives the results of a typical sieve analysis for a sand sample. Figure 4.2 

gives the size distribution plot for the sand sample considered in Table 4.2. 
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Table 4.1: Typical sieve analysis results and computations for a KCl sample. 

Weight of KCI sample = M = 10.011 g 

sieve size wt. of empty wt. after wt. of sample ract. of sample mean sieve mean size wt. 
sieve w sievingw' w'-w f=(w'-w)/M sized basis fd 

(microns) (g) (g) (g) (microns} (microns) 

500 41.4685 42.1409 0.6724 0.06724 595.8188 40.0629 

355 37.8878 40.3544 2.4666 0.24666 421.3075 103.9197 

212 36.7275 41.1204 4.3929 0.43929 274.3356 120.5129 

180 36.2795 37.2918 1.0123 0.10123 195.3458 19.7749 

125 34.9575 35.8667 0.9092 0.09092 150.0000 13.6380 

90 33.4176 33.7899 0.3723 0.03723 106.0660 3.9488 

63 34.0141 34.1875 0.1734 0.01734 75.2994 1.3057 

<63 0.2076 0.2085 0.0009 9E-05 53.2447 0.0048 

Sum 10.0000 1.0000 303.1676 
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Figure 4.1: The size distribution plot for a typical KCl sample obtained by sieving. 
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Table 4.2: Typical sieve analysis results and computations for a sand sample. 

Weight of sand sample = M = 9.9303 g 

sieve size wt. of empty wt. after wt. of sample ~ract. of sample mean sieve mean size wt. 
sieve w sieving w' w'-w f=(w'-w)/M sized basis fd 

(microns) (o) (g) (g) (microns) (microns) 

710 43.3136 43.4057 0.0921 0.0093 842.6150 7.8276 

500 41.485 42.2732 0.7882 0.0795 595.8188 47.3684 

355 37.9204 40.4173 2.4969 0.2518 421.3075 106.1056 

212 36.7786 41.2366 4.458 0.4497 274.3356 123.3560 

180 36.3173 37.2891 0.9718 0.0980 195.3458 19.1478 

125 34.9764 35.8437 0.8673 0.0875 150.0000 13.1220 

90 33.4299 33.6633 0.2334 0.0235 106.0660 2.4970 

<90 0.2199 0.2265 0.0066 0.0007 75.2994 0.0501 

Sum 9.9143 1.0000 319.4744 
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FigUre 4.2: The size distribution plot for a typical sand sample obtained by sieving. 
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4.2.2 Laser Diffraction Analysis 

The Microtrac II particle sizer was used to determine the size distribution of the 

sand and KCl samples using the laser light diffraction technique. Five runs were carried 

out for each of the sand and KCl samples. The sample weight required for each run was 

typically between 1 to 2 grams. For the sand samples, distilled water was used in the 

sample cell and for the KCl samples, a saturated KCl solution was used as the carrier 

fluid. The run time for KCl samples was kept at a minimum (approximately 5 seconds) as 

the crystals undergo attrition when being pumped by the recirculator through the sample 

cell causing the reported projected area to be less than the true area. It is observed that for 

KCl crystals the reported size distribution is shifted considerably towards lower sizes 

with increased run times of the Microtrac. The Microtrac II gives the weight or volume 

percent in 20 size channels (over the size range 0.7 to 700 J..Lm). The mean channel size is 

calculated as the geometric mean of the upper and lower limits of the channel. The mean 

particle size is calculated as in Equation (4.1). In determining the size distribution, the 

Microtrac assumes that the particles are spheres with the same cross-sectional area as the 

projected area of the actual particles. 

Table 4.3: Typical laser diffraction analysis results using Microtrac II for a (a) KCl and 

(b) sand sample. 

Channel# Channel Upper Mean Channel %Vol. in Channel# Channel Upper Mean Channel %Vol. in 

Umit (microns) Size (microns) Channel Umit (microns) Size (microns) Channel 

1 704.00 591.99 9.35 1 704.00 591.99 14.29 

2 497.80 418.60 26.31 2 497.80 418.60 28.40 

3 352.00 295.99 29.92 3 352.00 295.99 28.33 

4 248.90 209.30 19.76 4 248.90 209.30 16.92 

5 176.00 148.00 9.14 5 176.00 148.00 7.81 

6 124.45 104.65 3.50 6 124.45 104.65 2.93 

7 88.00 74.00 1.50 7 88.00 74.00 1.11 

8 62.23 52.33 0.52 8 62.23 52.33 0.21 

9 44.00 37.00 0.00 9 44.00 37.00 0.00 

10 31.11 26.16 0.00 10 31.11 26.16 o.oo 
11 22.00 18.50 0.00 11 22.00 18.50 0.00 

12 15.56 13.08 0.00 12 15.56 13.08 0.00 

13 11.00 9.25 0.00 13 11.00 9.25 0.00 

14 7.78 6.54 0.00 14 7.78 6.54 0.00 

15 5.50 4.63 0.00 15 5.50 4.63 o.oo 
16 3.89 3.27 0.00 16 3.89 3.27 0.00 

17 2.75 2.31 0.00 17 2.75 2.31 o.oo 
18 1.94 1.64 0.00 18 1.94 1.64 o.oo 
19 1.38 1.16 0.00 19 1.38 1.16 o.oo 
20 0.97 0.82 0.00 20 0.97 0.82 o.oo 

(a) (b) 
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Figure 4.3: Size distribution plots obtained by laser diffraction analysis using Microtrac 

II for typical (a) KCl and (b) sand samples considered in Table 4.3. 

4.2.3 Image Analysis 

A Javelin JE3462RGB solid state color camera mounted on a WILD Heerburgg 

M8 stepless zoom stereomicroscope (magnification 2.4X to 50X) was used to capture the 

images of crystal and sand particles. A 40 MHz, 8MB Macintosh Ilfx computer fitted 

with a Data Translation QuickCapture framegrabber connected directly to the Javelin 

camera was used to code and convert the images from analog to digital format (Refer to 

Appendix C for the technical specifications of the hardware used). To reconstruct, 

enhance and analyze the images of the samples, a software package "Image Analyst 7.2" 

by Automatix was used [29]. A 14" Macintosh color monitor was used to display 

captured images. The stereomicroscope has a frosted glass plate on which the sample 

particles are spread. Lighting comes from a bulb fitted beneath the glass plate. The glass 

plate distributes the light evenly as it comes out through the glass plate. This setup 

eliminates shadows of the sample particles which may be created by direct lighting with 

bulbs from the top or sides. However the intensity of backlighting should not be too high 

as it may wash out the edges of the particles in the image. The magnification of the 

stereomicroscope is set so as to obtain 25-30 particles in one image and at the same time 

ensure· that the particles appear large enough to minimize loss of polygonal contour 
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information due to the pixel nature of the images. Too low a magnification results in 

considerable error in determining the shape as well as size of the particles. On the other 

hand, too high a magnification, although minimizing the error, results in fewer particles 

showing up in the image, thus necessitating a larger number of images to be analyzed. 25-

30 particles per image was found to be a good compromise for the size of particles 

considered in these experiments and this became possible at a magnification of nearly 50 

times. Besides magnification, care must also be taken so that the image is properly 

focused and that particles do not touch each other. The machine vision setup used to 

acquire and analyze images is shown in Figure 4.4. 

C-mount /I 
Adapter and iill!ll•ll, WILD Heerburgg M8 
Phototube /Zoom Stereomicroscope 

(2.4X to SOX) 

,.............samples 

Frosted Base~ 
Plate~~ 

Back-lighting 

BNCCable 

14" Macintosh 
Color Monitor 

' D 
Macintosh Ilfx 
Computer with 

Data Translation j Framegrabber 

,.-:===::::::::::~~ 

Figure 4.4: Computer vision setup for image analysis. 

The digital capture board digitizes the analog signal from the camera and stores 

the image as a 640 X 480 pixel image. Each pixel of the digital image has an 8-bit 

intensity value associated with it, resulting in 0-255 (i.e. a total of 256) gray levels. Zero 

corresponds to the color black and 255 corresponds to white with intermediate shades of 

gray in between. In the images acquired during these experiments, the particles are black 

and the background white due to backlighting. A threshold value between 0 and 255 is 

defined such that all pixels below the threshold are object pixels and pixels above the 

threshold are background pixels. Choosing the right threshold separates the objects from 

the background. Once the objects are defined, the software can determine the boundary 
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co-ordinates of the objects, besides being able to determine area, average diameter, 

perimeter, major and minor axis, average radius, X-center, Y-center, roundness and a 

large number of other size and shape parameters. Each particle in an image is analyzed 

separately as different particles may require different threshold settings to accurately 

define their boundaries. The data is stored as a text file which may then be imported into 
a spreadsheet for further data manipulation. The mean size diameter Dm is determined as, 

LAD; 
D=~ 

m £-JA; 
fori= 1,2, ... ,N, (4.2) 

where A; is the area of a particle, D; is the average diameter of the particle, i is the 

particle number and N is the total number of particles. The size distribution plot for 

image analysis is not limited to discrete channel sizes. However, for comparison 

purposes, particles analyzed by image analysis have been categorized into the same 

channel sizes as in the case of Microtrac II. Table 4.4 gives typical results obtained by 

image analysis using KCl and sand samples and Figure 4.5 shows the size distribution 

plots obtained. 

Table 4.4: Typical image analysis results for a (a) KCl and (b) sand sample. 

Channel# Channel Upper Mean Channel %Vol. in Channel# Channel Upper Mean Channel %Vol. in 

Limit (microns) Size (microns) Channel Limit (microns) Size (microns) Channel 

1 704.00 591.99 6.11 1 704.00 591.99 10.85 

2 497.80 418.60 28.59 2 497.80 418.60 28.84 

3 352.00 295.99 35.04 3 352.00 295.99 33.96 

4 248.90 209.30 21.95 4 248.90 209.30 19.51 

5 176.00 148.00 5.63 5 176.00 148.00 6.22 

6 124.45 104.65 1.18 6 124.45 104.65 0.47 

7 88.00 74.00 0.60 7 88.00 74.00 0.07 

8 62.23 52.33 0.50 8 62.23 52.33 0.03 

9 44.00 37.00 0.31 9 44.00 37.00 0.03 

10 31.11 26.16 0.09 10 31.11 26.16 0.02 

11 22.00 18.50 0.01 11 22.00 18.50 0.00 

12 15.56 13.08 0.00 12 15.56 13.08 0.00 

13 11.00 9.25 0.00 13 11.00 9.25 0.00 

14 7.78 6.54 0.00 14 7.78 6.54 0.00 

15 5.50 4.63 0.00 15 5.50 4.63 0.00 

16 3.89 3.27 0.00 16 3.89 3.27 0.00 

17 2.75 2.31 0.00 17 2.75 2.31 0.00 

18 1.94 1.64 0.00 18 1.94 1.64 0.00 

19 1.38 1.16 0.00 19 1.38 1.16 0.00 

20 0.97 0.82 0.00 20 0.97 0.82 0.00 

(a) (b) 
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Figure 4.5: Size distribution plots obtained by image analysis for typical (a) KCl and 

(b) sand samples considered in Table 4.3. 

4.3 Pattern Recognition System 

The pattern recognition system consists of two main components, namely, the 

machine vision system for image and feature acquisition and the artificial neural network 

for shape classification. This is represented pictorially in Figure 4.6. The machine vision 

system is further broken down into the hardware and software components. The hardware 

comprises the camera and stereomicroscope required for capturing and magnifying the 

images of particles under study. It also includes the image acquisition board and 

computer required to convert the analog signals from the camera to a digital format 

suitable for image processing and analysis. The software component of the machine 

vision system separates particle pixels from the background, determines boundary co

ordinates of the objects and evaluates various size and shape parameters for the objects 

analyzed, including the ZR Fourier descriptors used for shape classification. The artificial 

neural network classifier serves the purpose of classifying objects into their proper 

categories based on their Fourier harmonic amplitudes. The neural networks are 

implemented using MATLAB's neural network toolbox on a UNIX platform and require 

training and test files of Fourier descriptors to train and test the neural network. 

77 



SAMPLES 

-.-
MACHINE VISION SYSTEM 

HARDWARE SOFTWARE 
Platforms Size and Shape Parameter 
Camera Acquisition 
Image Acquisition Board Object Polygonalization 
Stereornicroscope ZR FDR Acquisition . ~ ~ 

ourier Descriptor 
Features 

''' NEURAL NETWORK CLASSIFIER 

HARDWARE SOFTWARE 
Platform Training and Testing Sets 

Neural Networks 

• 
Figure 4.6: Major components of the pattern recognition system. 

4.3.1 Machine Vision System 

The machine vision component consists of both hardware and software 

components. The hardware comprises of a stereomicroscope, video camera, 

framegrabber, a computer and a display monitor. The interconnections are shown in 

Figure 4.4. 

4.3.1.1 Stereomicroscope 

The size range of the crystal and sand samples analyzed was in the range of 45 

Jlm to 700 J.lm. It was thus necessary to magnify them to carry out accurate size and shape 

analysis of the sample particles. A WILD Heerburgg M8 stereomicroscope with a 

stepless zoom from 2.4 to 50 times was used to magnify the images. The 

stereomicroscope also had phototube and base plate options. The phototube rerouted the 
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light from one of the binocular tubes of the microscope to the video camera. The camera 

was held in position above the phototube by a C-mount adapter. Lighting was provided 

from within the base plate by a variable intensity 6V /20W halogen lamp covered by a 

frosted stage plate on which the sample particles were placed for analysis. 

4.3.1.2 Video Camera 

The video camera used for acquiring images of the crystal and sand samples was a 

Javelin® JE3462RGB solid-state color camera. Technical specifications for this camera 

are provided in Appendix C. The pick-up device in the camera is aMOS solid state image 

sensor that converts light coming through the camera lens into analog electrical signals 

that are sent to an image acquisition board (framegrabber) or display monitor via a BNC 

cable. The sensor array is 8.8 mm X 6.6 mm and is made up of 760 X 485 photosensitive 

cells or pixels which produce an output voltage proportional to the light intensity falling 

on them. The light signal passes through a number of lenses (including those of the 

stereomicroscope) and falls on the sensor array. The sensor array is scanned row by row 

and a serial output signal is generated which is transmitted to the framegrabber or display 

monitor connected to the camera. Although the Javelin® JE3462RGB is capable of 

generating color output signal, only the B/W signal was used as color is not of 

importance in detecting the boundaries of the objects under investigation. 

4.3.1.3 Image Acquisition Board 

The image acquisition board (jramegrabber) used was a Data Translation® 

QuickCapture™ board. Technical specifications for this framegrabber are provided in 

Appendix D. A framegrabber is necessary to convert the analog electrical signals from 

the video camera to digital format as image analysis and processing in the computer can 

only be performed on a digital image. The digital image generated by the framegrabber is 

640 X 480 pixels and each pixel has an 8-bit intensity value associated with it. Thus, the 

framegrabber converts an image that has infinite gray levels to an image that has only 256 

(28
) gray levels. The framegrabber was installed on one of the NuBus slots of the 

Macintosh llfx computer. The resulting digital image is stored in a framebuffer on the 

image acquisition board or in a region of memory shared by both the host computer and 

the board. 

79 



4 .. 3.1.4 Computer Platform 

A Macintosh Ilfx computer donated by Apple Canada was used as the image 

acquisition and analysis platform. The computer had a 40 MHz processor with 8MB of 

on board memory. This Macintosh computer is ideal for image capturing and analysis 

work due to its graphical environment and user-friendly interface. A 14" Macintosh color 

monitor and a 12" Sanyo B/W monitor were used to display the captured images. The 

image acquisition board as well as the image analysis software, Image Analyst™ 7.2, was 

installed on this computer. The program for ZR Fourier descriptor acquisition and 

classification using neural networks was also installed on this computer. 

4.3.1.5 Vision System Software 

The software used for acquiring and analyzing images is called Image Analyst™ 

7.2 by Automatix and was installed on the Macintosh Ilfx computer. Image analysis 

consists of extracting useful information about objects by examining the gray scale value 

of pixels in a buffer, using various vision processing methods. One such vision 

processing package in Image Analyst is called the "connectivity analysis package". It 

consists of a group of algorithms that separate or identify objects from the background 

information in the acquired image and calculate a variety of geometric features of those 

objects. In all, 50 feature measurements are possible including such object properties as 

area, major and minor axis, perimeter, average radius, roundness, invariance and box 

area. A calibration technique converts measurement data to "real world" units. However, 

the most important function of this package, from the viewpoint of this thesis, stored the 

boundary co-ordinates of the object contours in two-dimensional arrays. These co

ordinates are necessary in evaluating the ZR Fourier descriptors of the object contours. 

Automatix also offers a high level interactive language, RAILTM (Robot Automatix 

Incorporated Language), that allows the user to add routines into Image Analyst software 

and develop custom image processing/analysis applications. The MacRail development 

environment provides a complete interpreter and program editor for developing custom 

applications. The software package that calculates the ZR Fourier descriptors was written 

in RAIL by M.D. Romaniuk [8]. This package was modified by the author to incorporate 

a neural network feedforward algorithm to directly classify an object into its proper class 
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based on its Fourier harmonic amplitudes as it is being analyzed. Other built-in functions 

available in Image Analyst were also incorporated so that the package could be used as a 

stand-alone package for acquiring all the pertinent data. The source code for the program 

can be found in an addendum to this thesis called Source Code for ZR Fourier Descriptor 

Analysis, Feature Acquisition, and Classification using Neural Networks. 

The object contours were polygonalized to enable the determination of the ZR 

Fourier descriptors of the objects being analyzed. Due to the pixel nature of the digital 

image, a blocky contour of the object was obtained. The digitization of the object contour 

resulted in a boundary with angular bends of ±7r/2 and arclengths between corners that 

varied in magnitude. A smoother polygonal contour was formed by joining every second 

boundary co-ordinate in the image as shown in Figure 4. 7. This was a better 

approximation of the original contour and it also reduced the number of boundary co

ordinates required to define the object contour. 

-- Original polygonal contour 
---till New smoother polygonal contour 

• Original polygonal vertices 

Figure 4.7: Original and modified polygonal contour of an object in the image plane. 

Image Analyst assumes the origin of the X-Y image plane to be at the top left 

corner of the image. This results in the X ordinate increasing from left to right and the Y 

ordinate increasing from top to bottom. However, the vector notations used for 

calculating the Fourier descriptors require that the origin of the image plane be at the 

bottom left corner. These original pixel co-ordinates were converted to the proper 

Cartesian plane system using the conversions: 
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x'=x 

y' =480- y 
(4.3) 

where x is the horizontal ordinate and y is the vertical ordinate in the original image 

plane. 480 is the number of vertical pixels in the image. 

The RAIL program "RAIL Source Code for Zahn and Roskies Fourier Descriptor 

Analysis and Feature Acquisition" developed by Romaniuk [8] and modified by the 

author was itself a modification of "Seed Inspector" written by Hehn [39]. The new 

package utilized connectivity algorithms for boundary co-ordinate acquisition and built-in 

functions of Image Analyst for determining the following features on objects in the image 

plane: area, major axis, minor axis, perimeter, minimum radius, maximum radius, 

average radius, rectangular length, rectangular width, axis ratio, invariance, radial ratio, 

length ratio, and roundness. The boundary co-ordinates acquired were utilized to 

determine the ZR Fourier descriptors of the objects. The author added another function 

that implemented the feedforward computations of a trained multi-layer neural network to 

directly classify the object under consideration once its Fourier harmonic amplitudes had 

been estimated. The neural network was trained off-line and once properly trained, the 

network weights along with the transfer function used in the neural network were used to 

implement feedforward computations necessary to classify new sample crystals. The user 

can choose which features are desired and "point-and-click" on the object to acquire the 

data. The data are stored in a text file that can be exported to other applications such as 

spreadsheets for further data manipulation. 

The operation of the "ZR Fourier Descriptor Analysis, Feature Acquisition, and 

Classification using Neural Networks" package is summarized in Figure 4.8. The package 

has a number of pull-down menus. The following description of the program operation 

will use the "MENU/Command" format to indicate where commands within the program 

are found. For example, the routine to open a feature data file for storage of data after 

analysis would use the convention "FILE/Open Data". The program operation begins 

with the assumption that the startup file "startfdr.rai" has already been loaded in the 

MacRail text editor and that the machine vision system is properly connected and 

operational. The image is captured and displayed on the computer screen using 

"PICTURE/Picture" or "PICTURE/Live Video". An ROI (Region of Interest) window 
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surrounds the image. Any image analysis is performed within this box. The window can 

be sized to enclose as many objects as the user desires using the grabhandles at the 

comers of the window. 

Figure 4.8: Flowchart showing steps involved in data acquisition from the image analysis 

package. 

Once a picture has been captured and the ROI window sized, the next step is to set 

the polarity of the image. Under "MEASURE/Polarity", light objects on a dark 

background or vice versa must be specified before proper connectivity analysis can occur. 

In the .case of crystal objects with backlighting, the setting for dark objects on a light 
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background was chosen. The minimum object size in pixels can also be specified in this 

menu so that objects with sizes below this limit will not be included in the subsequent 

image analysis. The type of features and number of Fourier descriptor harmonic 

amplitudes that are to be calculated are user-defined in "MEASURE/Feature Setup". A 

complete list of features is given with this menu choice and radio buttons are set or reset 

to indicate which features will be output to the data file after image analysis. Calibrated 

results can also be determined but require a prior system calibration performed under 

"CALIBRATION/Quick Cal" or else an error message will occur. The feature data is 

output to a data file in the order of features selected from the "MEASURE/Feature Setup" 

option. The format of the data file is one measured value per line except for the "Fourier 

Descriptor" and "Boundary Co-ordinate " choices. The specified number of Fourier 

descriptor harmonic amplitudes are located on one line for every object analyzed. Each 

harmonic amplitude on the same line is separated by a space. The boundary co-ordinates 

are stored as X-Y pairs, one pair per line in the data file. 

Once the image polarity and feature selection have been completed, the command 

"FILE/Show Tools" should be used to open up a tool box. The tool box contains choices 

for displaying information such as a histogram [29]. The "FILE/Show Tools/Histogram" 

option allows setting of a threshold for connectivity analysis. A histogram is a graph 

showing the pixel percentage contribution of each grayscale value in the captured image. 

A good rule of thumb is to set the threshold in the valley of the histogram peaks [39]. 

This threshold informs the analysis program which pixels in the image belong to the 

background and which pixels belong to the object(s). The program highlights the objects 

in the image plane based on this threshold setting by outlining their contours in a different 

color. It is this colored boundary that is analyzed for Fourier descriptors. 

Once all the settings have been made, a feature data file is opened and named 

using "FILE/Open Data". The next step is to select the shape to be analyzed in the ROI. 

Placing the mouse pointer over the object and clicking, the colored outline again changes 

to another color to indicate that this shape is to be analyzed. Selecting 

"MEASURE/Measure Features" begins the connectivity routines for feature acquisition 

and outputs the data to the open data file. A count of analyzed objects is recorded under 

"MEASURE/Objects Analyzed". The ROI window is moved if necessary and the next 

objecris selected and analyzed by selecting "MEASURE/Measure Features" and so on 
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until all objects in the image have been analyzed. The image settings made before 

analysis remain set in subsequent picture capturing and feature measurement until the 

user desires to change them. After all the objects have been analyzed the data file must be 

closed using "FILE/Close Data" or else the data will be lost. It is also very important to 

note in what sequence the objects were analyzed. In our experiments, the features 

selected included the Fourier harmonic amplitudes which are used for pattern shape 

classification using neural networks, and the area and average radius of the objects for 

comparison of size analysis with other techniques. 

4.3.2 Neural Network Shape Classifier 

The shape classifier used in this thesis is an artificial neural network. The neural 

network may be a competitive network or a multi-layered backpropagation network. The 

neural networks were implemented using MATLAB's neural network toolbox [31]. The 

software was installed on a Sun Spare 1.0+ workstation. The neural network toolbox has 

built-in routines for training as well as simulating both competitive and backpropagation 

networks. The data files obtained from the image analysis package were imported into a 

spreadsheet so that data could be rearranged into a format acceptable for training the 

neural network. These files were then converted into ASCII files readable by the SUN 

OS. Training the neural networks comprised of passing these ASCII files and some 

training parameters into built-in functions in MATLAB. Once the neural network was 

trained, similar MATLAB functions were used to classify test data and evaluate the 

efficiency of classification of the trained neural network. 

The harmonic amplitudes determined for the objects to be analyzed were 

organized into feature vectors. Each row of a 2-dimensional matrix P held the 10 (or 

more) Fourier harmonic amplitudes of an object. The minimum and maximum values for 

each harmonic amplitude are stored in another 2-dimensional matrix R, with the first row 

containing minimum values and the second row containing maximum values. This matrix 

is used to initialize the weights of a competitive neural network using the initc(R, S) 

function in MATLAB, where Sis the number of neurons in the competitive layer. This 

function returns the initialized weights and biases for the competitive neural network. 

Another function trainc(W, P, TP) trains the competitive layer to classify a set of input 

vectors, where W is the weight matrix returned by the initc function and TP is a set of 
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optional training parameters that control how training occurs. Some of the parameters 

determine the number of presentations (or epochs) between updating the display, the 

number of presentations and the learning rate. This function also returns a new weight 

and bias matrix. Finally a function simuc( Q, W) simulates the trained competitive layer. It 

takes a matrix of input vectors Q and the weight and bias vector W determined after 

training the network as input arguments and returns the outputs of the layer. These 

outputs determine the class membership of all the input vectors in Q and may be stored as 

an ASCII file for further analysis of results. 

To initialize a feedforward neural network with up to 3 layers, initff, a function 

similar to initc, was used. The function initff(R, Sl, Fl, S2, F2, S3, F3) takes the same 

matrix R used in the competitive network initialization containing maximum and 

minimum values of the various harmonic amplitudes and the number of neurons S 1 ,S2,S3 

and the layer transfer functions F1, F2, F3 in the first, second, and third layers 

respectively. The function returned the initialized weights and biases of each layer. In this 
-v v 

thesis work, the hyperbolic tangent transfer function 1j/( v) = e -v - e was used in the first 
e +ev 

and second neural layers to allow the neural network to generate complex nonlinear 

discriminant surfaces, while the log-sigmoid transfer function 1j/(v) = 
1 

1 
-v was used in 

+e 

the third layer (the output layer) to restrict the neural output between 0 and 1. 

Another function trainbpx trained the feedforward neural network using the 

backpropagation algorithm. This algorithm made use of momentum and an adaptive 

learning rate to find better solutions and shorten the training time. The function 

trainbpx(Wl, bl, Fl, W2, b2, F2, W3, b3, F3, P, T, TP) took the weight and bias vectors 

W1, W2, W3 and b1, b2, b3 determined using initff and the names of the transfer 

functions F1, F2, F3 of each layer and batch trained the network to produce target vectors 

T when presented with input vectors P. The optional training parameters included the 

number of epochs between updating displays, the maximum number of epochs to train, 

the sum-squared error goal, the learning rate, learning rate increase and decrease step, 

momentum constant and maximum error ratio. Learning stops when either the maximum 

number of epochs have occurred or the network sum-squared error has dropped below the 

error goal. The adaptive learning rate starts with an initial value which is then increased 

and decreased by multipliers to keep learning fast but stable. A momentum constant 
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defines the amount of momentum to be used and an error-ratio limits the rise in error that 

can occur in a single epoch. If the error increases by greater than this ratio the new 

weights are rejected and momentum is temporarily disabled. The trainbpx function 

returned the new weight matrices and bias vectors for each layer, the actual number of 

epochs the network was trained and a matrix whose first row records the network's error 

throughout training and second row records the adaptive learning rate. Finally, once the 

feedforward backpropagation network had been trained, a function simuff was used to 

simulate the network. simuff(Q, WI, bl, Fl, W2, b2, F2, W3, b3, F3) took a matrix of 

input vectors Q and the weights, biases and transfer functions of three layers and returned 

the network outputs. These outputs also determined the class membership of all the input 

vectors in Q and may be stored as an ASCII file for further analysis of results. Training or 

learning was also be plotted and analyzed for network performance. Neural responses for 

the test data were imported into a spreadsheet for analysis of classification accuracy. 

4.4 Summary 

This chapter presents the methods used to acquire size distribution and mean size 

information from different sizing techniques including sieving, laser diffraction analysis 

and image analysis. It also presents the pattern recognition system used in this thesis for 

KCl crystal contours. The system consists of a machine vision component and a pattern 

classification component with corresponding hardware and software sections. The 

derivation of the ZR Fourier descriptors and subsequent shape discrimination were 

performed on different platforms. A Macintosh llfx computer with a stereomicroscope, 

color video camera, and image acquisition board made up the machine vision component. 

Backlighting enabled easy separation of the object from the background in the images. 

The neural networks were implemented using MA TLAB on a Sun Sparcstation. Fourier 

harmonic amplitude data from the image analysis package was organized into training 

and testing files and imported to the workstation for shape discrimination using 

competitive and backpropagation neural structures. Results from the neural networks 

were analyzed for classification accuracy using spreadsheets. 
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5. RESULTS AND DISCUSSION 

5.1 Introduction 

The previous chapter discusses the implementation of various particle size 

measurement techniques and also introduces the pattern recognition system used for 

shape classification of KCl particles. This chapter presents the results of implementation 

of the various size measurement techniques and evaluates these results. The Zahn and 

Roskies Fourier spectra of different grades of KCl crystals are also presented and 

discussed. "Good" versus "bad" crystal samples based on visual interpretation are 

discussed in terms of their Fourier harmonic amplitude spectra. The organization of 

training and testing sets for the neural shape classifier are developed. The results of the 

competitive and backpropagation neural network training and classification accuracy on 

the test files are given and examined. 

5.2 Crystal Size Determination 

As discussed in Chapter 2, many chemical and physical properties of crystals 

depend upon the particle size distribution. The size distribution curves obtained from the 

various sizing techniques for both KCl and sand samples are shown in Figure 5.1. In the 

case of sieving, 5 samples each of KCl and sand were sieved using a stack of 7 sieves, 

thus separating the sample into 8 size channels. Hence, there are 8 points on the size 

distribution curves obtained from sieving. The average from all 5 experiments was used 

to plot the size distribution curves. In the case of laser diffraction analysis using 

Microtrac®, the percentage volume or weight of the particles in 20 size channels in the 

size range of 0. 7 to 700 f..Lm is determined. Hence, there are 20 points on the size 

distribution curves corresponding to Microtrac. Again, 5 sample runs were done and 

averaged to plot the curve. Image analysis allows finer intervals, permitting more detailed 

inspection of the size distribution curves and there are no fixed channel sizes. 313 KCl 

crystal particles and 311 sand particles were analyzed using image analysis. However, to 
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enable a comparative evaluation, the particles analyzed have been grouped into the same 

channel sizes as in the case of Microtrac. In all cases, the points on the size distribution 

curves are plotted at x-axis points corresponding to the mean of the channel sizes, where 

mean is defmed as the geometric mean of the upper and lower limits of the respective 

channel. 
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Figure 5.1: Size distribution curves obtained from different sizing techniques for (a) KCl 

and (b) sand samples. 
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There is, in general, good agreement between the laser diffraction technique and 

image analysis as both methods report diameters based on the projected areas. The mass 

median diameters as reported by different sizing techniques are listed in Table 5.1. The 

definition of the mass median diameters for each method are defined in Chapter 4. 

Table 5.1: Mass median diameters obtained from various particle sizing techniques. 

Mass Median Sieving Microtrac Image analysis 

Diameters (microns) (microns) (microns) 

KCl 314.7 289.4 315.8 

Sand 331.0 333.3 334.6 

The median diameters of KCl crystals as determined by Microtrac are somewhat 

lower than expected, possibly due to the attrition of KCl crystals in the recirculator of the 

apparatus. It was observed that for successively longer run times, the reported diameters 

of KCl particles using Microtrac tend to decrease exponentially with time. To minimize 

this error, the run times for KCl crystals were kept at a minimum (approximately 5 

seconds). Nevertheless, the measured size is considerably underestimated. Hence, laser 

diffraction analysis using Microtrac is not accurate in the case of KCl crystal particles. 

However, multiplying the result with some constant depending upon the run time could 

give reasonably correct estimates. 

Sieve analysis is a labor intensive method and the results are obtained with delays, 

undesirable for on-line crystallizer control. The laser diffraction analysis method has the 

advantage of being rapid, and easily adaptable to on-line processes, but provides no shape 

information and suffers from other drawbacks discussed in Section 2.2.3. Image analyzers 

allow finer intervals, permitting more detailed inspection of the size distributions. They 

allow more than one aspect of size to be analyzed (length of axis, perimeter, projection 

area), and above all, unlike any other size measurement technique, allow both size and 

shape parameters to be analyzed simultaneously for each particle analyzed. However, 

automatic edge detection remains problematic in automated analysis of particles that are 

in contact with each other or that contain pseudoboundaries, and extreme care must be 

taken to ensure that all particles, regardless of size, have the same probability of being 
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analyzed due to the relatively small number of particles involved. When the number of 

edge points of the object contour in an image is 22 or more, the nominal sectional 

diameter is within 1% of the true diameter [14]. 

5.3 Geometric Shape Factors 

Some geometric parameters describing shape as determined by image analysis 

using the Image Analyst™ package are listed in Table 5.2. The definitions of these 

parameters are given in Section 2.3.1. These shape factors may also be used as inputs to 

neural classifiers for shape classification, but since these shape parameters are single

value factors, they result in low discriminating power among various shapes. To 

overcome this problem, Fourier descriptors have been used in this thesis to completely 

and uniquely describe the shape of a particle. The Zahn and Roskies Fourier descriptors 

are also invariant to geometric transformations such as translation, rotation, size and 

change of starting point. 

Table 5.2: Some shape parameters for KCl and sand samples determined using image 

analysis. 

Parameter KCl Sand 

Roundness 0.79 0.84 

Compacity 1.27 1.19 

Feret diameter (~m) 173.35 231.06 

Global shape factor 0.54 0.54 

Slenderness 0.78 0.73 

5.4 Fourier Spectra of Crystal Particles 

Classifying a crystal particle as "good" or "bad" in shape is a subjective process 

and depends upon the visual perception of the individual observing the particle and some 

general criteria. The purpose of the work in this thesis is to automate the process of shape 

classification by transforming the visual interpretation of shape by humans into a more 

objective process using Fourier harmonic amplitudes of the particle contour. The 

accuracy of the automated shape classification system is thus dependent upon how 
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"good" and "bad" crystal shapes are defined. Figure 5.2 shows five crystal particles, 

selected by an expert on crystal grading, each representative of a separate shape class. 

Crystal 1 is representative of an "excellent square-shaped" crystal particle with minimal 

abrasion and no agglomeration, and is defined as belonging to class 1. Crystal 2 is a 

"good-shaped" crystal, with a small amount of agglomeration and belongs to class 2. 

Crystal 3 is a "fair-shaped" crystal particle with some agglomeration and abrasion and 

belongs to class 3. Crystal 4 departs quite largely from a square shape and the degree of 

agglomeration is quite high, with some concavities as well, and is thus considered to be 

of "poor" quality and is classified into class 4. Crystal 5 is an "extremely bad-shaped" 

crystal particle with heavy agglomeration, sharp projections, broken fragments and signs 

of attrition as well, and is thus classified into class 5. Thus, the lower the class number of 

a crystal particle, the better the quality in terms of shape. Figures 5.3 to 5.7 compare the 

spectra of an ideal square shape (after digitization) with the spectra of crystal contours in 

Figure 5.2. It can be observed that the difference increases with higher class numbers. 

This indicates that a root mean square measure of difference between the spectra of a 

given crystal contour and an ideal square shape may also be used as a measure of the 

quality of the crystal shape. The greater this root mean square value, the worse the shape 

quality. 

(1) (2) (3) (4) (5) 

Figure 5.2: Typical crystal particles representative of five classes: ( 1) excellent, (2) good, 

(3) fair, (4) poor, and, (5) bad. 
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Figure 5.3: Fourier spectra comparison of an ideal square shape and "excellent" crystal 

(class 1) contour from Figure 5.2. 
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Figure 5.4: Fourier spectra comparison between an ideal square shape and "good" crystal 

(class 2) contour from Figure 5.2. 
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Figure 5.5: Fourier spectra comparison between an ideal square shape and "fair" crystal 

(class 3) contour from Figure 5.2. 
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Figure 5.6: Fourier spectra comparison between an ideal square shape and "poor" crystal 

(class 4) contour from Figure 5.2. 
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Figure 5.7: Fourier spectra comparison between an ideal square shape and "bad" crystal 

(class 5) contour from Figure 5 .2. 

5.5 Effect of Harmonic Number 

It is useful to determine the ideal number of harmonic amplitudes required to 

classify crystal shapes. Too few harmonics can result in losing valuable shape information 

and low discrimination ability among different shapes. On the other hand, too large a 

number of harmonics greatly taxes the computation time for the harmonic amplitudes and 

makes the neural network more complicated and harder to train. Moreover, higher 

harmonics contain very fine details about the crystal morphology which are not usually of 

industrial interest. Only the general shape of the crystals is considered in classifying them. 

One way to determine the number of harmonics required to adequately describe a crystal 

shape is to regenerate a single crystal shape using different numbers of Fourier 

descriptors. Figure 5.8 shows the original crystal shape that was regenerated using 

different numbers of Fourier descriptors. Figure 5.9 shows the regenerated shapes 

using (a) 5, (b) 10, (c) 15, (d) 20, (e) 25, and (f) 30 Fourier descriptors 

respectively. The first 30 Fourier descriptors of the original crystal shape were 

determined using the RAIL package for ZR Fourier descriptor acquisition. The Cartesian 
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boundary coordinates of the regenerated shapes were determined using another program 

written in RAIL. The Cartesian boundary points were stored in a text file and imported 

into a spreadsheet where the crystal shape was plotted from the regenerated boundary 

points. The actual crystal shape considered here had 212 boundary coordinates. However, 

the number of boundary coordinates for the regenerated shapes was 511 for each shape. 

The number of boundary coordinates in the regenerated shapes is a function of the total 

arclength of the actual shape. It can be seen from Figure 5.9 that more harmonics add to 

the finer details of the crystal morphology. The non-closure of the regenerated shapes has 

been analyzed by Zahn and Roskie[9]. 

Since the original crystal shape and the shapes regenerated using different 

numbers of Fourier descriptors do not have the same number of points, it is not possible 

to directly obtain a root mean square measure of the fit between the actual and 

regenerated shapes. To overcome this problem, the center of gravity of the actual shape 

was determined and the angles between the center of gravity point and all of its boundary 

points was determined. Then, for each regenerated shape, the x-y coordinate at each of 

those angles was extrapolated. This resulted in the same number of x-y coordinates for 

the actual and all regenerated shapes, thus enabling a root mean square measure of 

accuracy of fit to be determined. Table 5.3 summarizes the root mean square difference 

between the actual shape and each regenerated shape. The larger the root mean square 

value difference between the actual and regenerated extrapolated boundary points, the 

worse the degree of fit. 

Table 5.3: Root mean square difference between actual and regenerated shapes. 

Number of 5 10 15 20 25 30 

harmonics 

RMS 2140.6 1744.7 1586.3 1538.0 1570.4 1541.0 

difference 

It can be seen that the best result is obtained when 20 harmonics are considered. 

However, the degree of fit does not change significantly after 15 harmonics. Thus, 15 

harmonics is a good compromise between the degree of shape information required and 

the complexity of the resulting pattern recognition system. 
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Figure 5.8: Actual crystal shape considered for reconstruction. 
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Figure 5.9: Crystal shape in Figure 5.8 regenerated using (a) 5 Fourier descriptors. 
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Figure 5.9 (contd.): Crystal shape in Figure 5.8 regenerated using (b) 10 and (c) 15 

Fourier descriptors. 
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Figure 5.9 (contd.): Crystal shape in Figure 5.8 regenerated using (d) 20 and (e) 25 

Fourier descriptors. 
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Figure 5.9 (contd.): Crystal shape in Figure 5.8 regenerated using (f) 30 Fourier 

descriptors. 

5.6 Competitive Neural Network Simulations 

Competitive neural networks were used to cluster a sample population of 313 

crystal particles into a specified number of classes using the Fourier spectra of the 

particles. In competitive learning, there are no target sets or desired outputs 

corresponding to the input feature vectors and the network tries to find similarities in the 

input feature vectors and clusters them. This is intuitively appealing as it is a difficult and 

subjective process to visually categorize crystals as belonging to a particular class due to 

the infinite random shapes of the crystal particles. Using a competitive neural network to 

classify the shapes into different classes should remove the subjectivity involved in 

classifying the particles by human visual perception. 

Initially, 10 neurons were used in the competitive layer to cluster the crystal 

particles into 10 classes on the basis of 15 Fourier harmonic amplitudes of the 313 

particles used to train the neural network. The network was trained for 5000 iterations 
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using a learning rate constant A = 0.1. Once the neural network had been trained, the 

same 313 particles used to train the competitive neural network were used to test the 

trained network. To observe the performance of the competitive neural classifier, images 

of crystals classified into any one particular class were put into a single image file. On 

generating all 10 image files corresponding to each class or cluster, it was visually 

observed that the crystals had been clustered quite well with similar shapes being in one 

cluster or class. It was found that square shaped crystals, elongated crystals, rounded 

crystals and very irregular crystals were clustered into different classes, as desired. 

However, several crystal shapes which would have been expected to be in other classes 

were also observed. 

In the second experiment, only 10 Fourier harmonics were used to train the 

competitive neural network and cluster the crystal shapes. As before, a 10-neuron 

competitive layer was trained for 5000 iterations using a learning rate of A = 0.1 and the 

same 313 crystal particles used in the previous simulation. Using a lower number of 

Fourier harmonic amplitudes for classification enables the neural network to cluster 

shapes on the basis of the more general shape of the crystal particles and not the fine 

details of the crystal morphology. Again, images of crystal shapes classified into the same 

class were put into single image files to enable visual interpretation of the classification 

results. Upon comparison with the image files generated using 15 harmonics, it was 

observed that clustering was slightly better when using only 10 harmonics. 

Besides visual interpretation of the results of clustering, which is again subjective, 

it is also desirable to have a quantitative method to analyze the performance of the 

competitive neural network. Thus, the competitive neural network was trained and tested 

using only 10 Fourier harmonics for different numbers of iterations. The network was 

trained for 2000, 5000, 10000, 15000, and 20000 iterations in 5 different simulations. 

After training for the specified number of iterations, the same set of 313 input vectors 

used for training were presented as the input to the network and the particles were 

clustered into 10 classes. 

It was observed that the crystal particles were clustered into quite different classes 

after being trained for different numbers of iterations. Table 5.4 indicates the number of 

crystal particles classified into different classes after being trained for successively 
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increasing numbers of iterations. These results are contrary to expectations. It would have 

been expected that fewer particles would have been differently classified after the 

network was trained for more iterations. These results indicated that the clustering was 

constantly changing as learning progressed. One possible explanation for this constantly 

shifting clustering behavior could be that when the particles used for training are plotted 

in 1 0-dimensional space, they are randomly distributed and no well-defined clusters exist 

so the neural network is constantly shifting its discriminant boundaries to try to find 

better clusters. 

Table 5.4: Number of crystal particles differently classified after training for different 

number of iterations. 

Iterations 2000 & 5000 5000 & 10000 10000 & 15000 15000 & 20000 

# of particles 

differently 216 272 275 283 

classified 

Finally, a competitive neural network with 4 neurons was trained using the 313 

feature vectors to classify the crystal particles into 4 classes instead of 10. A learning rate 

of A= 0.1 was used and the network was trained for 5000 iterations. The same 313 

crystal particles used for training the previous network were presented as inputs to the 

trained network for classification into 4 separate classes. The crystal images were put into 

4 different image files on the basis of their class. Classifying into 4 classes instead of 10 

made it easier for a human observer to visualize the clustering. Figure 5.10 shows typical 

KCl crystals as classified into 4 classes by the 4-neuron competitive neural layer. It is 

clear that class numbers do not mean anything in terms of the shape quality of the crystals 

in competitive networks. In this particular case, class 1 has mostly elongated crystal 

shapes; class 2 consists of mainly heavily abraded circular shaped crystals; class 3 

consists of mainly "nice" square-shaped crystals; and class 4 is made up predominantly of 

highly irregular crystal shapes. 
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Figure 5.10: Typical KCl crystals as classified into four classes by the four-neuron 

competitive neural layer. 

It was also observed that in all simulations, crystal particles were classified into 

all available classes, meaning that all the neurons were winning the competition at one 

time or other, and hence there were no dead neurons. A dead neuron is a neuron that is 

stuck with an initial weight vector far away from any input vectors, and hence never wins 

a competition. On the downside, besides constantly shifting clustering behavior with 

training, another drawback of using competitive networks is that during training, the 

network adjusts its weights and biases so that approximately equal number of training 

vectors are classified into each class, as discussed in Section 3.7. This may not be 

desirable or truly representative of the input feature space. 
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5. 7 Backpropagation Neural Network Simulations 

Due to the shortcomings of the competitive neural learning approach, the 

backpropagation learning algorithm was considered as an alternative. Backpropagation 

requires target vectors corresponding to each input vector in the training set to be defined. 

As mentioned before, assigning target values (class numbers) to each input vector in the 

training set is a subjective process. However, classifying the crystal shapes into 4 classes 

using a 4-neuron competitive network greatly reduced the amount of subjectivity 

involved in assigning class numbers to the crystal particles. Crystals not properly 

classified by the competitive network were assigned into the appropriate classes. Using 

the classification results of the competitive network as a guide, a training set was 

generated that included 91 input vectors and their assigned class numbers. The input 

vectors in the training set were assigned values of 0.1 (class 1 ), 0.2 (class 2), 0.3 (class 3), 

0.4 (class 4), and 0.5 (class 5). Typical crystal particles assigned to each class are as 

shown in Figure 5.2. The classes represent "excellent", "good", "fair", "poor", and "bad" 

crystal shapes with class 1 indicating "excellent" crystal shapes on the one end and class 

5 indicating "bad" crystal shapes on the other end. 

A three-layered neural network with a 10-25-15-1 structure (i.e. 10 inputs; 25 

neurons in the first hidden layer; 15 neurons in the second hidden layer; and 1 output 

layer neuron) was used for backpropagation training and testing. The inputs to the 

network were the 10 Fourier harmonic amplitudes of the crystal particles. The 10 

elements constituted the input feature vector representing the crystal shape. The neurons 

in the first and second hidden layers used hyperbolic tangent transfer functions and the 

output neuron used a log-sigmoid neuron. The output of the network is restricted between 

0 and 1 by the log-sigmoid function. Multiplying the network output by 10 gives the class 

number of the feature vector presented at the input to the network. The backpropagation 

neural network was trained using a training set of 91 input vectors and the corresponding 

desired output. The training was to continue until 10000 iterations were completed or the 

sum-squared error goal of 0.1 was reached. The initial learning rate was specified to be 

0.01; learning rate increase 1.05; learning rate decrease 0.7; momentum constant 0.95; 

and maximum error ratio 1.04 (refer to Section 4.3.2). It was observed that the error goal 

of 0.1 was reached after only 1241 iterations. The plot of sum-squared error versus 

number of iterations for the network training is shown in Figure 5 .11. It can be seen that 
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the sum-squared error starts at about 43 and quickly falls to near 0.2 after only about 100 

iterations, however it decreases very slowly after that point and reaches the error goal of 

0.1 after 1241 iterations. 

The backpropagation training was repeated using a sum-squared error goal of 

0.01, all others parameters remaining the same. It was observed that even after 10000 

iterations the error goal was not reached. The final sum-squared error after 10000 

iterations was 0.0185. The sum-squared error plot was similar to Figure 5.11. Since this 

sum-squared error was lower than in the previous simulation, this network was used to 

classify the test set. The test set consisted of the feature vectors of all 313 crystal particles 

analyzed. The trained multi-layered feedforward neural network was presented with the 

test set and outputted values between 0 and 1. The output was stored in an ASCII file. 

Simply multiplying the output of the network by 10 gave the class number or shape 

quality factor associated with each crystal particle in the test set. The class number thus 

obtained is not an integer, but a real number. The average of the class numbers obtained 

gives an idea of the shape quality of the crystal sample analyzed. The average class 

number or quality shape factor was determined to be 3.25 for the whole crystal sample 

population analyzed. An average class number of 1 would have indicated perfect square

shaped crystal samples and an average class factor of 5 would have indicated highly 

irregular shaped crystal samples. The class number for each particle was rounded to the 

nearest integer in order to classify them into a particular class. Figure 5.12 shows images 

of typical crystal particles as classified into different classes by the backpropagation 

network. 

It was observed that all the particles used for training, when presented as test 

particles were correctly classified into their proper classes, thus indicating that the neural 

network had learned the input/output relationship very well. However when test particles 

that had not been used for training were presented as inputs to the network 42 %were 

classified into the desired classes, 48% were classified into classes adjacent to the desired 

class (which is acceptable considering the discretion and arbitrariness involved in 

selecting associated input/output vectors) and the remaining 10 % were classified into 

classes farther apart than the adjacent classes (unacceptable). 
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Figure 5.11: Plot of the sum-squared error versus iteration number during 

backpropagation training (shows between iterations 72 to 1241). 

5.8 Summary 

This chapter presents the results obtained from three different size measurement 

techniques, including sieving, laser light diffraction, and image analysis and also presents 

the results obtained from implementing the competitive and backpropagation neural 

networks. The size distribution curves obtained from the different size measurement 

techniques were plotted and the mass median diameters were determined for KCl and 

sand samples. There was in general good correlation between the different size 

measurement techniques. However, the curves obtained from sieving were shifted slightly 

towards lower sizes, as expected. There was particularly good correlation between image 

analysis and laser diffraction as both methods report diameters based on projected areas. 

The mass median diameter determined by laser diffraction for KCl particles was 

considerably underestimated, probably due to attrition of the crystal particles in the 

recirculator. Some geometric shape factors were also determined using image analysis for 

the KCl and sand samples considered. However, these shape factors were reported as 

single value factors and provide low discriminating power among various shapes. The ZR 

Fourier descriptors were determined to be better shape discriminating parameters as they 

completely describe the shape of an object contour if enough harmonics are considered 

and moreover, they are invariant to geometric shape transformations such as translation, 

rotation, scale, and starting point. 
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Figure 5.12: Typical crystals as classified by the backpropagation network into 5 classes. 
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The Fourier spectra (i.e. a plot of harmonic amplitude versus harmonic order) of 

actual crystal particles were plotted and compared to evaluate the contribution of various 

harmonic amplitudes on the shape contour of an object. A circle has an almost null 

Fourier spectrum as there are only very small angular bends and arclengths in the 

contour. The spectrum of an arbitrary shape measures how different the shape is from a 

circle. Lower harmonics describe the general shape of the object and higher harmonics 

describe angular bends at the smallest arclengths. The Fourier spectra of actual crystal 

shapes corresponding to five different shape classes ("excellent", "good", "fair", "poor", 

and "bad") are plotted and compared with the spectra of a square shape. In general, the 

greater the difference between the spectra of the square shape and the crystal shape, the 

worse is the shape quality of the crystal. This difference itself may be used as a quality 

factor for grading crystals. 

The number of Fourier descriptors required to adequately define the general shape 

of a crystal was determined by reconstructing an actual crystal shape using different 

number of Fourier harmonic descriptors (i.e. harmonic amplitude and phase angle pairs). 

Using too many harmonics results in increased computation time for the harmonic 

amplitudes and makes the neural network more complex and difficult to train. On the 

other hand, using too few harmonics results in loss of useful shape information. By 

reconstructing a crystal shape using 5, 10, 15, 20, 25, and 30 Fourier harmonic 

descriptors, and calculating a root mean square measure of fit, it was determined that as 

few as 15 harmonic amplitudes were sufficient to adequately define crystal shape for 

grading purposes. 

Competitive neural networks were used to cluster particles into a specified 

number of classes. The use of unsupervised competitive networks was intuitively 

appealing as it is a difficult and subjective process to visually categorize crystals due to 

the infinite random shapes of crystal particles. Initially 10 neurons were used in the 

competitive layer to cluster the crystal particles in the training set of 313 particle vectors 

into 10 classes using 15 Fourier harmonic amplitudes. In the second experiment, the same 

network was used with only 10 Fourier harmonic amplitudes to cluster the training set 

into 10 classes. It was observed visually that in both cases square shaped, elongated, 

rounded, and very irregular crystals were clustered into separate classes, as desired. It was 

observed that the clustering was slightly better using only 10 harmonics as compared to 
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15 harmonics. To analyze the performance of the competitive neural network in 

quantitative terms, the 10 neuron network was trained with the test set of 313 vectors 

comprising 10 Fourier harmonic amplitudes for successively larger numbers of iterations. 

It was observed that the crystal particles were being clustered into different classes after 

being trained for successively increasing numbers of iterations. Contrary to expectations, 

more particles were differently classified after training for more iterations. This indicated 

that the cluster boundaries were constantly shifting, probably because the input vectors 

were randomly distributed in feature space, and no well-defined clusters existed. Finally, 

a 4 neuron competitive neural network was used to cluster the 313 crystal shapes into 4 

classes on the basis of their 10 Fourier harmonic amplitudes. Clustering into 4 classes 

made it easier for a human to visualize the clustering and also made it easier to designate 

a class number corresponding to each crystal shape, thus generating training sets 

consisting of input vectors and target vectors for each crystal shape, which enabled 

application of the backpropagation learning algorithm. 

It became possible to use backpropagation learning after having generated target 

vectors (class numbers) corresponding to each input vector. Classifying the crystal shapes 

into 4 classes using the 4-neuron competitive network greatly reduced the amount of 

subjectivity involved in assigning class numbers to the crystal particles. The crystal 

shapes were assigned into five different classes, classes 1-5, representing "excellent", 

"good", "fair", "poor", and "bad" crystal shapes respectively. A 3-layered neural network 

with a 10-25-15-1 structure with hyperbolic tangent transfer functions in the hidden 

layers and a log-sigmoid transfer function in the output neuron was used for 

backpropagation training and testing. A training set of 91 input vectors and corresponding 

output values (class numbers) was used to train the network. The training was to continue 

until an error-goal of 0.1 was reached or 10,000 iterations were completed. The error goal 

was reached in 1241 iterations. To obtain better results, the error-goal was reduced to 

0.01, all other parameters remaining the same. This time the error-goal was not reached 

even after 10,000 iterations. The final sum-squared error was 0.0185. The results of this 

simulation were used to test the trained neural network with a test set that comprised of 

all the feature vectors of all 313 crystal particles analyzed. The neural network output a 

real number that was rounded off to the nearest integer and the crystal shape was 

classified into the class corresponding to the rounded output. The average of the outputs 

obtained from all the input vectors was 3.25 for the sample analyzed. This average class 
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number (or quality shape factor) gives an idea of the shape quality of the crystalline 

sample being analyzed. An average shape quality factor of 1 would have indicated perfect 

square-shaped crystal samples and an average of 5 would have indicated highly irregular 

shaped crystal samples. It was observed that all particles used for training the network 

were correctly classified. 42% of particles not used to train the network were correctly 

classified and 48% were classified into classes adjacent to the desired class, which is 

acceptable, and only 10% were classified into classes farther than the adjacent class. 

Thus, an effective accuracy of 90% was achieved in classification of crystal shapes. 
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6. SUMMARY, CONCLUSIONS, AND 
RECOMMENDATIONS 

6.1 Summary 

The size and shape of KCl crystal particles affects to a great extent the chemical 

and physical properties of the crystalline product. It is necessary to adequately quantify 

the size and shape of a sample population of the crystal product in order to determine the 

quality of the product. Information on the shape and size of the product obtained from 

crystallization is also necessary to understand, increase the efficiency, and attempt to 

control the crystallization process. The effect of process parameters such as temperature, 

pH, growth restrainers and enhancers, shape modifiers and mixing on the morphological 

quality of the crystalline product can be better understood if an automated size and shape 

characterization technique is in place. 

The virtual explosion of advanced computer technology and data processing 

algorithms over the last fifteen to twenty years has contributed greatly to the quest of 

emulating human cognitive abilities through automated means. Emulation of human 

perception, classification, and quality analysis of objects in the visual field has many 

beneficial implications, especially in the potash industry, that relies to some extent on 

subjective human interpretation for product quality assessment. An artificial vision 

system can provide an objective analysis of crystals that eliminates the physiological 

influences to identification such as fatigue and stress found within human inspection. It is 

desirable to develop a method for the characterization of crystals that would allow both 

size and shape parameters to be evaluated simultaneously, with a reasonable degree of 

accuracy and with a minimal time delay. Based upon these size and shape parameters, the 

automated vision system should be able to classify various crystal particles properly, thus 

enabling the grading of the crystalline sample being analyzed. This thesis presents image 

analysis as a viable, accurate, and time-efficient method that can be used to 

simultaneously and objectively quantify size and shape of crystal particles. Image 

analysis is a tool that allows characterization of the morphological features of crystals 

with objectivity and without operator fatigue. A large number of different aspects of size 
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and shape can be obtained using image analysis, thus making it very flexible. The area 

and average diameter of the crystal particles obtained by means of image analysis serve to 

provide the required size information. The Zahn and Roskies (ZR) Fourier descriptors 

calculated from the boundary coordinates of the crystal contours provide the necessary 

shape information. The ZR Fourier descriptors are applicable to both convex and concave 

shapes and are considered to be ideal shape parameters as they completely describe the 

shape of the object and they are invariant to geometrical transformations including 

translation, rotation, scale, and starting point. Chapter 2 introduced image analysis as a 

method to characterize size and shape of crystal particles. It also presented other 

commonly used size measurement techniques in common use in industry such as sieving, 

electrical sensing zone, light scattering, and sedimentation and evaluated their advantages 

and disadvantages. Various shape parameters that may be determined by image analysis, 

including various shape factors, crystal signatures, fractal dimensions, and three different 

forms of the Fourier descriptor expansion were also presented and compared. The ZR 

Fourier descriptors in the form of harmonic amplitudes and phase angles are easily 

derived after polygonalization of the crystal contours. The ZR Fourier descriptors are 

calculated from the angular bends and arclengths of the polygon that approximates the 

original crystal shape by using simple vector algebra. 

A pattern recognition system that makes decisions based on size and shape 

features benefits from models based on human biological processes. The machine vision 

system and the neural network classifier are the two major components of the pattern 

recognition system. The ZR Fourier harmonic amplitudes of crystal shapes act as shape 

features in an automated vision system for classification of crystal particles and single

layered competitive neural networks and multi-layered backpropagation neural networks 

act as the shape classifier. The theory behind artificial neural networks is presented in 

Chapter 3. The basic building block of artificial neural networks, the neuron, is presented 

along with its mathematics, and an analogy with biological neurons is made. The pattern 

recognition capabilities of a single neuron are discussed and extended to single layer and 

multi-layered neural networks. Cascading single neurons into parallel layered networks 

increases the network's ability to establish highly complex nonlinear decision boundaries 

in feature space. Unsupervised competitive networks cluster input vectors into different 

classes without being provided any feedback from the environment. In the supervised 

backpropagation learning algorithm, training the network causes the discriminant surfaces 
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in feature space to shift so as to minimize the error between the desired and actual neural 

output given a set of input stimuli. 

Chapter 4 discusses and evaluates the experimental implementation of three size 

characterization techniques and the machine vision and neural classifier that comprise 

the pattern recognition system used in this thesis work. Sieving, laser light diffraction, 

and image analysis were used to obtain size distribution and mean size information about 

the crystal samples analyzed. The machine vision system used to acquire both size and 

shape information consisted of a WILD Heerburgg stereomicroscope, Javelin® 

JE3462RGB solid-state color video camera, Data Translation® QuickCapture TM image 

acquisition board, and a Macintosh Ilfx computer. Crystal particles placed on the base 

plate were illuminated with backlighting and 25-30 crystals were analyzed in each image. 

An image analysis package Image Analyst™ which has its own high level language 

editor and compiler was used to write a custom-designed application package that 

evaluates the necessary size parameters as well as the ZR Fourier descriptors. The 

package can also be used to classify directly each crystal particle after evaluating its 

Fourier harmonic amplitudes by means of a function that simulates the feedforward 

trained neural network calculations. The output from the package was imported into a 

spreadsheet and arranged in a fashion acceptable for training and testing the neural 

network. The Fourier harmonic amplitude information obtained from the machine vision 

system was presented to the neural network shape classifier, which classified crystal 

shapes into their respective classes. Competitive and backpropagation neural networks 

were implemented, trained and tested using MATLAB TM on a SUN Sparcstation. The 

neural network responses during training and testing were stored in files to be imported 

into spreadsheets for further analysis. 

The results obtained from implementing the size characterization techniques and 

the automated visual pattern recognition system comprising the machine vision setup and 

artificial neural networks are presented in Chapter 5. The size distribution plots obtained 

from the different size measurement techniques are plotted and the mass median 

diameters calculated for each method. Some geometric shape factors obtained by image 

analysis are also presented. The effect of the number of Fourier harmonic descriptors 

considered in shape discrimination is evaluated by reconstructing an actual crystal shape 

using different numbers of Fourier descriptors. The reconstructed shapes are studied to 
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determine the number of harmonics necessary to adequately define the general shape of a 

crystal for classification purposes. The Fourier spectra of several regular geometric 

shapes are analyzed and the contribution of the various harmonic amplitudes to the shape 

contour is studied. A perfect circle has a harmonic spectrum that is zero throughout and 

all other shapes have spectra that measure how different the shape is from a circle. Lower 

harmonics describe the general shape of the object and higher harmonics describe angular 

bends at the smallest arclengths. The Fourier spectra of actual crystal shapes 

corresponding to five different shape classes are plotted and compared with the spectrum 

of a square shape. In general, the greater the difference between the spectra of the square 

shape and the crystal shape, the worse is the shape quality of the crystal. 

The use of unsupervised competitive networks to cluster particles was intuitively 

appealing as it is a difficult and subjective process to visually categorize crystals due to 

the infinite random shapes of crystal particles. Initially a competitive network was used to 

cluster the crystal particles in the training set of 313 particle vectors into 10 classes using 

15 Fourier harmonic amplitudes. In a second experiment, the same network was used 

with only 10 Fourier harmonic amplitudes to cluster the training set into 10 classes. It 

was observed that the clustering was slightly better using only 10 harmonics as compared 

to 15 harmonics. To analyze the performance of the competitive neural network in 

quantitative terms, the 10 neuron network was trained with the test set of 313 vectors 

comprising 10 Fourier harmonic amplitudes for successively larger number of iterations. 

It was observed that the crystal particles were being clustered into different classes after 

being trained for successively increasing numbers of iterations. Finally, a 4 neuron 

competitive neural network was used to cluster the 313 crystal shapes into 4 classes on 

the basis of their 10 Fourier harmonic amplitudes. Clustering into 4 classes made it easier 

for a human to visualize the clustering and also made it easier to designate a class number 

corresponding to each crystal shape, thus generating training sets consisting of input 

vectors and target vectors for each crystal shape, which enabled application of the 

backpropagation learning algorithm. 

Classifying the crystal shapes into 4 classes using the 4-neuron competitive 

network greatly reduced the amount of subjectivity involved in assigning class numbers 

to the crystal particles. The crystal shapes were assigned into five different classes, 

classes 1-5, representing "excellent", "good", "fair", "poor", and "bad" crystal shapes 
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respectively. A 3-layered neural network with a 10-25-15-1 structure with hyperbolic 

tangent transfer functions in the hidden layers and a log-sigmoid transfer function in the 

output neuron was used for backpropagation training and testing. A training set of 91 

input vectors and corresponding output values (class numbers) was used to train the 

network. The training was to continue until an error-goal of 0.01 was reached or 10,000 

iterations were completed. The error-goal was not reached even after 10,000 iterations. 

The final sum-squared error was 0.0185, which was sufficiently small. The feature 

vectors of all 313 crystal particles analyzed were used in the test set. The average of the 

outputs obtained from all the input vectors was 3.25 for the sample analyzed. This 

average class number (or quality shape factor) gives an idea of the shape quality of the 

crystalline sample being analyzed. It was observed that all particles used for training the 

network were correctly classified. 42% of particles not used to train the network were 

correctly classified and 48% were classified into classes adjacent to the desired class, 

which is acceptable, and only 10% were classified into classes farther than the adjacent 

class. Thus, an effective accuracy of 90% was achieved in classification of crystal shapes. 

6.2 Conclusions 

The objective of this thesis was to design a technique that could be used to grade 

KCl crystal particles on the basis of morphological characteristics of the particles. An 

automated visual-based pattern recognition system for characterizing size and shape and 

classification of crystal particles was designed and tested. Of the different size 

measurement techniques considered in this thesis, image analysis was the only method 

that allowed shape parameters to be evaluated as well. Image analysis was found to be 

reasonably accurate in determining size, provided enough crystal particles were analyzed 

and each particle had more than 25 edge coordinates. The ZR Fourier descriptors were 

determined to be the most suitable shape features defining crystal particles, as they are 

invariant to various geometric transformations and are capable of completely describing 

the shape of a crystal, unlike other Fourier descriptors and single valued shape factors. 

Neural networks were tested and found to be feasible in implementing crystal 

shape classifiers. However, defining crystal classes is a problem which involves a large 

degree of subjectivity. It may be beneficial to combine shape and size information in 

determining the grade of crystal particles. Effective classification accuracies up to 90% 
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were achieved using networks trained with the backpropagation learning algorithm. 

Competitive networks, although intuitively appealing, do not work well since they are 

unable to group crystal shapes into well defined clusters. 

The entire system was developed to behave like a "black box", with a single 

application package being used to capture crystal images and analyze size information as 

well as ZR Fourier descriptors which were fed into a neural network that classified the 

crystal shapes. This system is an objective alternative to the subjective decision making 

process of human inspectors and would work well in estimating the grade of the 

crystalline product. Other factors such as size, color, moisture content, etc. could be 

included as inputs to the neural classifiers to obtain more meaningful crystal grading. The 

system is also quite slow using the equipment used in this thesis and could be improved 

using real-time application specific hardware devices to calculate the ZR Fourier 

descriptors and the neural network calculations. However, image analysis in conjunction 

with neural networks seems promising in developing a mechanism for on-line control of 

the crystallization process. 

6.3 Recommendations 

Recommendations for future work that might prove useful in designing a more 

robust and practical automated size and shape characterization system for grading KCl 

crystal particles are listed below. 

1. A technique to place crystal particles on the base-plate of the stereomicroscope so that 

they do not touch each other is required. It is impossible to achieve this by hand due to 

the microscopic size of the particles. Such a technique would enable more crystal 

particles to be analyzed in each frame, thus reducing the time required to analyze a 

statistically reliable sample population. 

2. In the image analysis application package developed by the author, size calibration 

cannot be carried out using a calibration target due to the difficulty in producing accurate 

calibration targets of a size of the order of the crystal particles. A quick calibration 

technique has been implemented which is not very accurate and could be improved upon. 
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3. As suggested by Romaniuk [8], it would be desirable to modify the ZR Fourier 

descriptor acquisition program so that fewer boundary coordinates in the crystal contour 

could be used without losing significant shape information. This would mean a faster rate 

of calculation of the ZR Fourier descriptors. 

4. The ZR Fourier descriptor program could be modified further to analyze all crystal 

particles in the image at once without having to manually point and click on the particles 

to be analyzed. This would greatly speed up analysis of the size and shape features of the 

crystal particles and would make the program run completely without any human 

intervention. This might prove to be difficult to achieve as overlapping particles might be 

analyzed as one, foreign objects that are not crystals might be analyzed, and particles not 

completely in the image might be analyzed as well, giving wrong results. 

5. If further analysis of size and shape features is required to train the neural networks, it 

may be desirable to develop program routines in RAIL to create training and test files 

automatically. This will remove the necessity of having to import the results into 

spreadsheets for manipulating the data files to prepare them to be of acceptable format in 

training and testing the neural networks, thus saving time. 

6. The effect of using different neural network architectures, transfer functions and 

sample size needs to be studied to determine what is most suitable in achieving better 

grading of crystal particles. It would be desirable to train and test the neural network with 

a significantly larger number of crystal particles to determine the robustness and 

reliability of the system. 

7. As crystal particles should have equal probability of being analyzed regardless of size, 

it is necessary to use high magnifications to accurately analyze small particles. Thus, a 

wide angle lens is required to capture a significant number of crystal particles with a wide 

size range in one image. This would also necessitate an image board that can 

accommodate larger images. This would increase the accuracy of results but would slow 

down the analysis of size and shape parameters as well. 

8. It would be desirable to design an on-line mechanism for controlling the crystallization 

process in real-time by using image analysis in conjunction with neural networks and 

117 



fiber-optics. Fiber-optics could be used to obtain images of crystal particles as they pass 

through a sample cell in the crystallizer. If the sample cell is narrow enough and the 

concentration of the crystal particles in the mother liquor is low enough, the problem of 

overlapping crystal particles would be solved, and moreover, the particles would be 

randomly oriented, giving better size and shape estimates. A neural network with crystal 

size and ZR Fourier descriptors as inputs could be used as a controller. Other inputs to 

the neural controller might be process parameters such as temperature, pH, etc. 
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APPENDIX A 

Derivation of the ZR Fourier Descriptors Using the 
Method of Jumps and Vector Algebra 

124 



A.l Method of Jumps 

The computation of the Fourier coefficients in the Fourier series expansion of the 

cumulative angular bend function requires relatively complicated and lengthy 

integrations. A technique called the "Method of Jumps" allows calculation of these 

coefficients without integration. If a periodic function can be represented by polynomials, 

the corresponding Fourier coefficients can be found using the jumps of the function and 

its derivatives [40]. A jump j is the difference between the right-hand and left-hand limits 
of a function f(x) at point x0 

i = f(x0 + 0)- f(x0 - 0). (A.1) 

The Fourier coefficients can then be determined using the following equations 

(A.2a) 

(A.2b) 

where n = 1, 2, 3, ... and: 

m : number of discontinuities, 

is :jump off at xs, 

is :jump of/ at xs, 

is :jump of/ at xs, 

Kn : 2nnjL, 

L : period length, 
lk : cumulative arclength from starting point to the kth vertex. 

The cumulative angular bend function </J(l) of a polygonal shape is a step function 

with discontinuities at increasing arclengths from the starting vertex on the shape. The 

jumps in the function are the angular bends 11</J at each vertex. The derivatives between 

the discontinuities are zero. Only the initial summation terms in Equations (A.2a) and 
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(A.2b) remain, resulting in Equations (2.28a) and (2.28b) presented in Chapter 2 for 

finding the ZR Fourier Descriptors of a polygonal shape. 

A.2 Vector Algebra Required for ZR Fourier Descriptor Computations 

The equations developed by Zahn and Roskies [28] for a polygonal shape require 

determination of the angular bend at each vertex and the corresponding arclength from 

the starting vertex. These angles and the arclength in the shape plane can be found using 

principles from vector algebra. The boundary of a polygonal shape can be represented by 

vectors joining the sequential vertices clockwise around the contour. Dot products (scalar 

products) and cross products (vector products) of these vectors can then be used to 

determine magnitude and polarity of the angular bends. The arclength is found by 

summation of the vector lengths from the initial vertex to each of the other contour 

vertices. 

The angle between the two vectors as shown in Figure Al is determined using the 

dot product 

~ ~ ~ ~ 

A• B =IAIIBicos(l/J) or 

( ~ ~J A•B 
tfJ = arccos ~ . 

I AliBI 

(A.3) 

Figure Al: Angle between two vectors. 

126 



The vectors must be joined "tail" to "tail" yet the vectors in the image boundary are 

joined "tail" to "head". The problem is overcome by sliding the contour vector along its 

direction to the position shown in Figure A2. The angular bend at the vertex can then be 

determined using Equation (A.3). 

. .. -, 
1' .... ···· 

.· .··· 

Figure A2: Sliding of contour vector. 

The sign of the cross product between two vectors yields the polarity of the angle 

bounded between them. The shape plane can be considered an XYZ Cartesian coordinate 

system with boundary vectors contained within that system. The cross product between 

two vectors in the XY-plane yields a vector perpendicular to that plane and parallel to the 

Z-axis. The "Right Hand Rule" gives direction parallel (negative polarity) or anti-parallel 

(positive polarity) to the Z-axis [40,41]. This polarity signifies clockwise (negative) or 

counter-clockwise (positive) rotation about the orthogonal vector [42] as shown in Figure 

A2. This represents the polarity of the angular bend. 

A.3 ZR Fourier Descriptor Technique Implemented on a Simple 
Polygonal Shape 

The following example demonstrates the use of vector notation to determine the 

ZR Fourier descriptors of a simple shape. The sequential vertices of the object in the 

shape plane are joined by vectors. Directions are represented by i,], and k unit vectors 

representing movement along the X, Y, and Z axes respectively. 

Let a shape be represented in the XY plane by the polygonal boundary given in 
~ ~ 

Figure A3. Let the vectors A through G be represented by: 
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..... A A 

B=2i+3j 
--> A A 

C= i -2j 
--> A A 

D=4i- j 
..... A A 

E=-4i -3j 
--> A A 

F=-4i + j 
..... A A 

G=-2i +4j 

y 

I 
I I 
I I 

---·---.,-1 I 

: : G 
---a.----~---

1 I 
I I I 
I I I ---L--_ .. ___ _,_ 
I I I 
I I I 

Figure A3: Polygonal contour in the shape plane. 

Let the variables a, b, c, d be 

a= xp+I -xP 

b=yp+!-yp 

c = xp+2 - xp+I 

d = Yp+2- Yp+! 

for p =· 0, 1, 2, ... , 5. When p = 5, Yp+2 =Yo and xp+2 = x 0 • 
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The dot and cross product can now be calculated using 

dot product= (ai + b}) • (ci + dj) = ac + bd 

cross product = ( ai + b}) x ( ci + d]) = ad - be 

The resulting angular bends at each vertex and arclengths for the given shape are given in 

Table A1. The first five Fourier descriptors for the polygonal shape determined using the 

angular bends and arclengths in Table AI and Equation (2.28a) and Equation (2.28b) 

given in Section 2.2.4.3 are tabulated in Table A2. 

Table Al: Angular bends and arclengths for the polygonal shape given in Figure A3. 

k Angular Bend 11</Jk Arclength lk 

(radians) (pixels) 

1 +1.570 3.61 

2 -2.090 7.21 

3 +0.862 9.45 

4 -2.253 13.57 

5 -0.889 18.57 

6 -0.862 22.69 

7 -2.620 27.17 

Table A2: ZR Fourier descriptors for the polygonal shape given in Figure A3. 

n a[n] b[n] A[n] a[n] 

(radians) 

1 -0.43 0.10 0.44 +2.91 

2 -0.20 -0.36 0.41 +4.20 

3 -0.31 -0.15 0.34 +3.59 

4 0.03 -0.67 0.67 +4.75 

5 0.34 0.01 0.34 +0.03 
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APPENDIXB 

Backpropagation Algorithm for a Three-Layer Neural 
Network 
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The goal of the backpropagation algorithm for weight adjustment in a multi-layer 

neural network is to determine the optimal weight values that result in a minimal error 

between the desired and actual neural outputs given a specific input pattern. The inputs 

propagate forward through the network. The actual neural output is compared to a desired 

output through an instantaneous summed square error from the neurons in the output 

layer. The error is propagated back through the network to the input layer. An 

instantaneous square error derivative is calculated for each neuron in a layer. The 

corresponding instantaneous error gradient is then determined and the neural weights 

adjusted in a direction opposite to the gradient. Learning is achieved by repeating the 

process for all data vectors in the training set until a minimum error is achieved. 

For each input pattern presented to a three-layer neural network, the instantaneous 

summed square error of the network is given by 

m3 

e = :Lce;)2 

1=1 
(B.l) 

where: 

m3 
: the number of neurons in the output layer, 

e; : the error between desired and actual neural responses from the lth 

neuron in the output layer, 
d1 :the desired neural response from the lth neuron in the output layer, 

y; :the actual neural response from the lth neuron in the output layer. 

The instantaneous square error derivative associated with each neuron in the 

network is given by 

(B.2) 

where: 

a : layer in the neural network, 
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c : the cth neuron from the ath layer in the neural network, 

v; : the somatic aggregate within the cth neuron from the ath layer in the 

neural network. 

The derivative represents the sensitivity of the summed square output error to changes in 

the somatic aggregates within each neuron. Thus, the square error derivatives associated 

with the neurons in the output layer are given by 

O' __ _!_a[ t,<eil' J 
I - 2 avi (B.3) 

= ei1fl (vi) 

for l = 1, 2, 3, ... , m3 and: 

vi :the somatic aggregate within the lth neuron in the output layer, 

1jl (vi): the first derivative of the somatic nonlinearity function within the lth 

neuron in the output layer. 

Knowing that £ is determined by vi within the output layer, the square error derivatives 

associated with the neurons in the second hidden layer are found using the chain rule for 

partial derivatives 

(B.4) 

fork= 1, 2, 3, ... , m2 and : 

m2 
: the number of neurons in the second hidden layer, 

vi : the somatic aggregate within the kth neuron in the second hidden layer. 

Expanding this equation and using definitions of oi from the output layer, the square 

error derivative for the second hidden layer can be rewritten as 
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where: 

Oi = ( ~ Oiw~ )If/ (vi) 

= e;VI (v;) 

(B.5) 

wi1 : the weight connection between the kth neuron in the second hidden layer 

and the lth neuron in the output layer, 
e; :the error term associated with the kth neuron in the second hidden layer, 

VI (vi): the somatic nonlinearity within the kth neuron from the second hidden 

layer. 

Similarly using partial derivatives, the square error derivative associated with the neurons 

in the first hidden layer is given by 

(B.6) 

= e~ul (vi) 
J 'f' J 

for j = 1, 2, 3, ... , m1 and: 

m1 :the number of neurons in the first hidden layer, 
w~k : the weight connection between the jth neuron in the first hidden layer 

and the kth neuron in the second hidden layer, 
VI ( v}): the somatic nonlinearity within the jth neuron from the first hidden layer. 

Once the square error derivatives are determined for all the neurons in the 

network, the instantaneous error gradients with respect to the neural weights can be 

determined. If X is a vector of inputs to a given neuron and W is a vector of associated 

weights then the somatic aggregation within the neuron is given by 

(B.7) 

Knowing that W and X are independent and using the chain rule for partial derivatives, 

the error gradient is given by 
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~= ae 
aw 
ae av 

=--avaw 
= aex 

av· 

Substituting Equation (B.2) into Equation (B.8) gives 

~=-20X. 

The weights are adjusted in a direction opposite the error gradient using 

where: 

WI+) =W,+A(-~,) 

=W,+2Ao,X, 

W,+1 :the new weight vector, 

W, :the old weight vector, 

t : the time index, 

A :the learning parameter. 

(B.8) 

(B.9) 

(B.lO) 

Thus, the new weight vector is determined by adjusting the previous weight vector by an 

amount corresponding to the neuron inputs scaled by the associated square error 

derivative and the learning rate. The learning rate regulates the step size in the error

weight space. The goal is to rapidly reach a global minimum in the error-weight space, 

not to reduce the square error derivatives o of the neurons inside the network [37]. 

Improper selection of the learning rate may not allow the system to learn. Small values of 

A mean smaller steps that can cause the system to converge to a local minimum. Large 

values may lead to system instability and nonconvergence. 
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APPENDIXC 

Camera Specifications 
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SPECIFICATIONS 
Color system 
lmace sensor 

Scann•nc area 
Scann•nr system 
Scann•nc frequency 
Chroma carr~er frequency 
Sync system 
Video s•cnal output 

5/N rat•o 

Hor~zontal resolution 
Min1mum dlum•nat1on of 
SUbJect 
Wh1te balance adJustment 

RGB output 

Auto 1r1s (ES lens) output 

Lens mount 
~mera mount 
Operat•nr temperature/humid· 
1ty ranee 
Power ~nput 

Current consumption 
External d1mens1ons 

We•rht 
Accessor~es 

NTSC standard 
H£98261 2/3" s•nrle layer MOS color •mace sensor 
760 (H) x 485 (V) pnrels 
&8(H) X 6.6(V) mnr (eQUIValent to 2/r peckup deviCe) 
2 : 1 •nterlace 
15. 734kHz hor~zontal and 59. 94Hz vertical 
3.57954MHz 
Internal sync 
vS: l.ov..... . 
video : 0. 7V,. ,. pos1t1ve polar~ty 
sync: 0.3V, .... necatJVe polar~ty 
burst: 0.3V, .... 8 cydes or more 
Impedance : 75·ohms. unbalanced 
Connector : BNC ptuc 
46d8 or h•ther (lurmnance channel. with subJICt under standard 
lllum•nat1on) 
430 lines or more 
20 lwr. Fl.4, 3200K 

AutomatiC or manual (with selection switch) 
From lUfiiSten IiCht to doudy SkieS (2500K-8000K) 
R SIIMI : 0. 7V ,.. ,. 
G SIIMI : 0. 7V ..... 
8 SJIMI : 0.7V,..,. 
SYNC SJIMI : 0.3V,..,. 
Impedance : 750 unbalanced 
Connector : HR10-10R-125A(Hirose) 
Video: lurmnance SIIMI (Y only) 0.7V,..,./hllh 1"'C)edance 
Power: DC+l2V (40mA 1118x) 
Connector : Hoslden Electromcs TCS7868-Ql-l 01 
C. mount 
1/4. 20 UNC (each one on top and bottom) 
Rance for operation: -10' to +50'C. 95" RH or less 
Rance for rated performance : 0" to +40'C. 35-85" RH 
DC12V (Operat1n1 ranee 11-l4V) 
Connector: Hoslden ElectroniCS TCS7638-Ql-101 
460mA 
62 (W) X68(H) X 131 (Q)mm 
(excludiflllens protrusion) 
410c (exdudlqlens) 
1-3·pen ptuc (for power input) 
(Hoslden ElectroniCS TCP8030-01·540) 
1-6-pen ptuc (for auto-iris) 
(Hoslden Electramcs TCPBO&O-ol-540) 
1-12·pan Pluc (for RGB output) 
(Htrose HR10A·10P·12P) 
2-Fuse C12SV. O.BA) 
•Lens IS not Included because each operatinl 
envtronment requJres different lenses. 

Improvements may have been made which are not reflected 1n these specifications. 
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APPENDIXD 

Image Acquisition Board Specifications 
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The QuickCapture specifications are typical @ +25° C and rated voltage unless 
otherwise specified. 

STANDARD MONOCHROME VIDEO INPUT 

Input Signal 

Format 

Frame Grab Speed 

Sync Signal 

Resolution 

EXTERNAL TRIGGER 

Input Type 

DT2255-60Hz: RS-170, RS-330: 
ac-coupled, zero restoration 

DT2255-50Hz: CCIR: 
ac-coupled, zero restoration 

Interlaced 

DT2255-60Hz: 1/30 second 
DT2255-50Hz: 1125 second 

Composite sync stripped from the input 
signal and used for synchronization 

DT2255-60Hz: 640 lines x 480 pixels 
DT2255-50Hz: 7681ines x 512 pixels 

Edge sensitive; iTL levels 

STANDARD VIDEO OUTPUT 

Output Signal 

Format 

Sync Signal Outputs 

Pixel Aspect Ratio 

FRAME-STORE MEMORY 

Frame-store Memory 

Access 

DT2255-60Hz: RS-170, de-coupled 
DT2255-50Hz: CCIR, de-coupled 

Interlaced 

Composite, embedded in the output signal 

1 :1 (square pixels) 

512 Kbytes 
Memory-mapped 

Transparent from bus: READ/WRITE when 
an operation is not being performed 
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POWER REQUIREMENTS 

+SV 

+12 v 

-12V 

± 5%, @ 2.5 A typicaJ 

±1 0%, @ 0.065 A typical 

±1 0%, @ 0.065 A typicaJ 

PHYSICAUENVIRONMENTAL . 

Board Size Standard Macintosh II board 
13.0" H X 4.0" W X 0.683"0 

Operating Temperature Range 0 to 50° ,c (32 to 122° F) 

Storage Temperature Range -25 to 70° C (-13 to +158° F) 

Relative Humidity 0 to 95%, non-condensing 
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