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ABSTRACT

The main demand of the food industries for barley is as a source of malt and rrialt

extract. The major use of malt is, of course, in the brewing of beers, whisky and in the

production of distilled spirits of various kinds. The quality of the product is directly related

with the variety type. Generally, the main reason for identifying variety is therefore to

ensure appropriate quality type. At present, identification of variety ranges from visual

inspection by experienced operator to complex biochemical and molecular tests. These

methods, therefore either involve a human judgment which might be biased by a number of

external factors leading to false identification or require a substantial amount of time

which precludes them from "on-the-spot" use. In this context, a neural network based

machine vision system could be an effective and reliable means for varietal identification.

The underlying principle in this artificial intelligence system is to emulate some of the

capabilities of human sensory organs and the cognitive faculty, the brain. A machine vision

setup performs as the human eyes perceiving the properties of the objects, and a neural
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network makes decisions on the basis of the properties emulating, to certain extent, the

decision making process involved in the human brain.

The barley varieties under consideration are Manley, Tr118, Tankard and Creme.

Two hundred of samples from each variety were selected randomly and used as training

samples. Seventeen properties- Perimeter, Area, Major axis, Minor axis, Length, Width,

Roundness, Minimum radius, Maximum radius, Average radius, Axis ratio, Perimeter

invariant, Radius ratio, Length ratio, Box-area, Box-area ratio and Mean interior gray

level were measured for each sample using machine vision setup. These quantitative
measurements were used as the inputs to train the artificial neural network. The trained

neural network was tested with four hundred new samples, one hundred samples from

each variety. A total of 48 different neural networks were trained and tested to achieve

optimum overall recognition accuracy. Based on single seed observation, the highest
overall recognition accuracy of 84.75% is achieved using a neural network comprising of

17 inputs, 6 nodes in the first hidden layer, 25 nodes in the second hidden layer and single

output node, and a statistical analysis of the network outputs shows that a variety can be

identified presenting only 90 seeds to the network with a probability of 99.99% success.

To minimize cost, space and time, redundancy on features was measured. Eight
hundred samples from each of the four varieties were randomly selected and correlation

among 17 features was calculated using Eigensystem Analysis. The possible reduction in

dimension of input space from 17 to 7 while maintaining most of the spatial information

among the points was found. Probability of error (POE) and Average Correlation

Coefficient Technique (ACCT) were then used to select the best 7 of 17 features. Those 7

features are Minor axis, Box-area ratio, Maximum radius, Mean interior gray level, Major
axis, Radius ratio and Length. Based on single seed observation, the highest overall

recognition accuracy of 81.25% for individual seeds is achieved with a neural network

consisting of 7 inputs, 6 nodes in the first hidden layer, 13 nodes in the second hidden

layer and single output node.
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1. INTRODUCTION

1.1 General

New trends in digital imaging and computing systems along with the intensive

study related with the human cognitive faculty, the brain, jointly make it possible to

emulate some of the abilities of the brain in decision making processes. A successful

emulation could result in an objective, quantitative and routine method for making
accurate and precise decisions in many diverse fields. This, in turn, eliminates the

subjective process which often involves human judgment, and is by nature imprecise.
Besides other sensory organs, the eyes perceive a number of discriminatory properties of

the objects in the surroundings in the form of shape, color and texture. Following the

preprocessing of the image, the massively interconnected parallel networks of simple

building blocks constituting the brain known as neural networks, make decisions. In an

extremely loose analogy, a machine vision setup corresponds to the perception of the

object properties by the eyes, and an artificial neural network makes decisions on the basis

of the object properties acquired by the machine vision setup. A machine vision setup

consists of a video camera, an image acquisition and displaying device, and specific
software for extracting the properties of the objects. An artificial neural network is

basically a mathematical model of decision making process in human brain.

Some of the remarkable attributes of artificial neural networks, such as learning,

adaptation and generalization, make them more attractive than classical pattemrecognition

algorithms in decision making processes. A combination of machine vision setup and

1



2

artificial neural networks or classical pattern recognition algorithms is thus implemented as

an objective means in decision making processes, and is frequently termed as automated

visual pattern recognition system. An appropriate use of a high tech machine vision setup

with a suitable artificial neural network would make it possible to emulate, to a certain

extent, the decision making processes involved in the human brain yielding an objective
method to make accurate and precise decisions in fields such as banking, medicine and

agriculture.

1.2 Application to food-grain variety identification

The variety of food-grain is directly related to the quality of food products.
Therefore the main reason for identifying varieties is to ensure appropriate quality. The
ever increasing number of food-grain varieties make it difficult to distinguish between

them. To maintain the quality of the food products, and to run the sophisticated food

processing mechanism smoothly, a reliable method for identification of food-grain varieties

is a necessity. For example, poor quality bread-making wheat results in production of

loaves of low volume with irregular crumb texture. Some wheat varieties can also produce
a very sticky dough which, in the worst case, stops the whole automated bread production
mechanism. In England, major milling companies used to face a substantial loss of 5

million pounds each year because of false identification of wheat varieties [Wrigley, 1995].

There exist a number of methods for identification of food-grain varieties. This

includes simple visual inspection of food-grain by an experienced human food-grain
inspector with a hand lens, and complicated as gel electrophoresis, which are basically the

biochemical and molecular tests. But no method of variety identification currently
available is ideal. Any particular method has its own advantages or disadvantages with

respect to various criteria. For example, identification of food-grain varieties by an

experienced operator is simple and can be used "on the spot". But this method is highly
subjective and might be biased with external factors leading to erroneous identifications.
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On the other hand, complex biochemical and molecular tests such as gel electrophoresis,

high-performance chromatography, and nucleotide analysis are more reliable in identifying.

food-grain varieties than visual inspection method but these methods are very time

consuming and often tedious, demand highly skilled operators, and cannot be used "on

the-spot". Besides these, some chemical tests such as gel electrophoresis give an

overwhelming indication of variety with very little complication from the effects of

environment, that is, the site and season of propagation, sprouted, or poorly stored grains.

In this context, an automated visual pattern recognition system to identify food-grain

variety could be an effective and timely alternative. Rapid development in high

performance image capturing and displaying devices, and ever increasing computing speed

of modem digital computers have made such a system more attractive. Therefore it is not

surprising that many researchers, in different parts of the world, have been working on

designing a rapid, cost-effective and highly discriminating automated machine vision

system - having an instrument do, to certain extent, what a trained operator can do.

At the University of Manitoba, Canada, a group of researchers used plan-view

spatial shape features, namely kernel length, width, area, aspect and thinness ratio, contour

length and normalized central moments obtained from closed Freeman chain encoded

object contours along with 20 Fourier descriptors (coefficients) of kernel perimeter to

identify 14 wheat varieties in admixture as six wheat classes [Neuman, et al. 1986]. Four

wheat varieties form Canadian Western Red Spring (CWRS) were all correctly allocated

to the CWRS class. Likewise, four varieties from Canadian Western Amber Durum

(CWAD) were also correctly assigned to CWAD class. Correct classification ranged from

15 to 98% for the remaining six varieties in identifying and assigning to their respective

classes.

In another study, com, wheat, soybean, oats, barley, and rye were considered for

automated identification of food-grain varieties [Brogan and Edison, 1974]. A recursive

learning technique and a Baysian decision rule of classical pattern recognition was used.

Of the six grains considered, 100% accuracy was achieved for com and soybeans. It was



4

mentioned that wheat, oats, barley and rye were much more similar, and were more likely
to be misclassified. Recognition accuracies varied form 82 to 97%.

A different approach in extracting shape descriptors for identification of four

wheat varieties is observed in [Keefe and Drapper, 1986]. Germ height, germ length,
brush height, high point, etc. were extracted from the side elevation of each wheat seed,

and plan view was also used for measuring the seed image area. All together nine shape
parameters were used. Detail on accuracies in identifying the varieties using these

parameters are not mentioned.

Color analysis of food-grain in variety identification appeared in [Sapirstein, et al.

1989]. Discriminant analyses were performed based on mean red (R), green (G) and blue

(B) pixel reflectance features obtained by color digital image analysis. Ten wheat varieties

from six Canadian wheat classes were selected. In overall pairwise trials, 88% correct

varietal identification was achieved on average. Correct classification scores for individual

varieties varied from 34 to 90%.

A research conducted at the Official Seed Testing Station in England succeeded in

identifying five seed varieties out of seven from the admixture which included 7 seed

varieties and 42 species of weeds as the impurities [Travis and Drapper, 1984]. The

features used for identification were kernel length, width, perimeter, area and the shape
factor, also known as the thinness ratio (41t area / perimeter').

Another approach in identifying food-grain varieties was made by a group of

researchers in the United States [Zayas, et al. 1986]; identification was based on the

development of canonical equations for comparing kernels on the basis of six parameters:

width, length, length ratio, tangent, sine and length of arc of parabolic segment. For

mixtures of three varieties of either the Hard Red Winter wheat class or of the Soft Red

Winter wheat class, the average percentages of correctly classified kernels were 85% for

training set and 83% for test set. For mixtures of two varieties of either HRW wheat class
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or Hard Red Spring wheat class, the average percentages of correct identification were

78% for training samples and 77% for test samples.

Grain shape can be estimated by a Fourier series expansion either of the periphery
radius about the grain's two dimensional center of gravity or of angular bend along the

periphery. The first concept was used in identifying two varieties of each of barley, wheat

and oats [Segerling and Weinberg, 1973] ..Application of the method was only partially
successful with the errors ranging from 11 to 25% when using ten harmonics. The second

concept was implemented with artificial neural network in identifying three varieties of

malting barley, and in grading [Romaniuk, 1994]. Overall variety recognition accuracy

achieved was 80.4%.

A complex image analysis system comprising of three dimensional laser range

finder for measuring the depth, and a video camera for extracting two dimensional shape
features of seed kernels was used to discriminate between cereal grains and weed seeds

and between soft white and club wheats, two-and six-rowed barleys, and rye and triticale

kernels [Chen, et al. 1989]. Discrimination accuracies varied from 90 to 100%.

1.3 Objectives of the Thesis

From a review of the previous work it was found that most of the research work

on identifying food-grain varieties was focused on classification of wheat varieties, and

very little effort had been put in identifying malting barley varieties using automated visual

pattern recognition system.

The main demand of the food industries for barley is as a source of malt and malt

extract. What is obtained after malting process, which includes steeping, germination and

drying of malting barley seeds, is known as malt. The major use of malt is, of course, in
the brewing of beers, lagers, whisky and in the production of distilled spirits of various
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kinds. During the malting process, diastase enzyme contained in malting barley seeds

changes the starch portion of the seeds into a sugar, maltose. Finally, maltose is subjected
to change into equal parts of ethyl alcohol and carbonic acid gas (C02) through the agency

of yeast [Barton, 1936]. However, malt and malt extract are also used in a wide variety of

food products such as biscuits, cookies, breakfast cereals, pickles and certain kinds of

bread, and for the production of malt vinegar. Only the malting varieties. are useful for

malting purposes, not the feed barley varieties. More importantly, the quality of malt and

the malt extract significantly differs among the varieties of malting barley. During the

malting process, germination should be uniform to make sure equal amounts of starch has

changed into sugar, and not too rapidly. A high starch content is essential in malting barley
seeds; conversely a medium to lower nitrogen content is required. With all of these quality
criteria, variety choice is paramount. It is suggested that the increase in quality brought
about by the ability to identify the varieties used for malting in Germany is more significant
than that produced by plant breeding or by improvements in processing technology

[Wrigley, 1995].

So far, the breeders, testing authorities, malters and commercial laboratories use

A-PAGE (Acid PolyAcrylamide Gel Electrophoresis) and S-PAGE (Sodium dodecyl

sulfate-PAGE) to identify malting barley varieties. These biochemical and molecular

methods mainly examine the hordeins, the alcohol soluble seed storage protein fraction.

But these methods require a considerable amount of time for variety identification which

precludes them from "on-the-spot" use, and are also highly sensitive to the environment

and fertilizer availability [Wrigley, 1995], and require highly skilled operators.

From the above discussion, it becomes obvious that a practically feasible and

reliable method for identifying malting barley varieties could have a great commercial

value benefiting all the sectors mentioned above. The objectives of this research is

therefore focused in designing and testing an automated machine vision system which

could be used "on-the-spot" providing statistically significant results acquiring data from a

large number of samples for reliable identification ofmalting barley varieties.
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4 Thesis outline

There are six chapters and ten Appendices in this thesis. An introduction to

automated visual pattern recognition system is presented in the first chapter. A loose

analogy between the function of the system and that of the human cognitive faculty, the

brain, is presented. Application of such system by different researchers in the field of food

grain variety identification is reviewed. The objective of the thesis and the thesis outline

concludes the chapter.

The second chapter presents a group of features quantifying the shape, size and

gray reflectance of seed samples. A detailed procedure for such quantification is given.
Mathematical and geometrical interpretation for each feature is provided.

The third chapter gives an overall picture of the machine vision setup and related

software. A complete procedure for measuring the seed features has been described.

An artificial neural network, the brain of the whole system, is presented in the

fourth chapter. The mathematical model of its building block, the node, is discussed. The

ability of the networks in classifying the patterns (objects) is illustrated. The concepts

behind the improved back error propagation learning algorithm (EBPLA) which was used

to train the network for identifying the malting barley seeds are highlighted. The software

structure of EBPLA concludes the chapter.

The performance of the proposed automated visual pattern recognition system in

identifying the malting barley varieties under consideration is presented in Chapter five.

The sixth chapter presents a summary including an overall procedure for acquiring
features from the seed samples, investigation of suitable neural network topology, and the

conclusions drawn therefrom. Recommendations for related future work conclude the

chapter.



2. SEED FEATURES

2.1 Introduction

Human beings use different discriminating properties such as the shape, the color

and the texture of objects for recognition and classification. These discriminating
properties are qualitative in nature, so in order to implement a digital computer based

automatic pattern recognition system, it is necessary to quantify the discriminating
properties. A number of physical quantities are measurable for each of the discriminating
properties. Each quantity is called a feature in this thesis. Seventeen features were

measured for each of the malting barley seeds from four varieties. Among the measured

features sixteen were related with the shape of seed samples, and are referred to as

geometrical features in this thesis; those features were perimeter, area, major axis, minor

axis, length, width, roundness, minimum radius, maximum radius, average radius, axis

ratio, perimeter invariant, radius ratio, length ratio, box-area, and box-area ratio, and the

seventeenth feature was related with the gray level of the seed sample, that is, interior
mean gray level.

An image analysis program, Image Analyst™ 7.2 by Automatix® [Automatix,

1990] was used to measure the geometrical features. The features were extracted from the

digital images consisting of the individual seed images and the contrasting background.
Before extracting the features, the individual seed images were isolated from the

background using the gray level histogram available in analysis software, and the boundary
of each of the seed images was detected. Therefore, a brief discussion on digital images

9
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and the histograms of those images is presented. This will be followed by an explanation
of image isolation based upon the gray level histogram. Then extraction of seed features

from isolated seed images using Freeman chain codes and the moments of seed image area

is presented. Extraction of mean interior gray level using the NIH Image package by

Symantec Corporation is discussed. A brief summary concludes this chapter.

2.2 Digital image and histograms

An analog video camera was used to capture the image of the seeds resting on an

illuminating light plate. The image was displayed on the television monitor for viewing

purposes. This image could be defined as an image function p(x, y). The scalar value of

this function would then represent light intensity at a particular pair of coordinates (x, y).
The coordinates (x, y) could take on any value in the two dimensional space spanned by
the axes X and Y. Similarly, the intensity at any point might take on any value falling
between the highest and lowest intensity therein. The captured seed images were black and

white. Therefore the highest and the lowest intensities of light respectively correspond to

white and black. A special device, a framegrabber, was used to convert the analog seed

images into machine readable form, a digital image. A complete machine vision setup

including the framegrabber used in this thesis is described in the next chapter. The

framegrabber sampled or quantized the analog seed image into 640 discrete values in the

horizontal direction (x) and 480 in the vertical direction (y), and the gray level was

sampled uniformly into 256 different levels of gray to produce a digital seed image. The

original analog image was then replaced by its digital counterpart, g(i, j), bounded as,

0:::; g(i, j) :::; 255;

A digital computer was then used to process and analyze the digital seed image g(i,

j). Each element of a digital image is termed as a pixel and is denoted by a pair of
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coordinates (i, j) in this thesis. Figure 2.1 shows an analog image of a Manley seed, and its

digital counterpart is depicted in Figure 2.2 at 15x15 spatial and 8 gray level resolution for

simplicity. At 640x480 spatial and 256 gray level resolution a digital image becomes

indistinguishable from its analog counterpart for visual inspection. As presented in Figure

2.2, digital seed images were considered as an array of values. Each value of the array

then represented the gray level, and a pair of coordinates (i, j) indicated the location of

,
p(x, y)

,/

Figure 2.1 An analog image of a Manley barley seed.

that gray level. This array of values was stored in a region of computer memory where

both the framegrabber and the host computer had access. The origin (0, 0) of a digital

image is at the upper left corner. Moving to the right increases the value of 'i' to the

maximum, m, and moving in the downward direction increases 'j' to its maximum 'n'. The

values of 'm' and 'n' depend on the type of framegrabber used. In this thesis, as mentioned

earlier, m = 640 and n = 480.
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Once a digital image is obtained, a histogram can be drawn to display the number

of pixels possessing the same gray level. Figure 2.3 shows a histogram related to the

digital image shown in Figure 2.2. Numbers on the top of the bars indicate the total

number of pixels having equal gray level. Such a histogram was used to isolate the images.
from their contrasting background. This isolation is necessary for measuring features from
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Figure 2.3 Gray level histogram.



13

the seed images. Since the accuracy of feature measurement primarily depends on how

well the images are isolated from their background, the following section presents the

technique used in this research for isolating the seed images from their background.

2.3 Isolation of seed images

Among the two techniques, namely Region Approach Technique and Boundary
Approach Technique [Castleman, 1979], Image Analyst uses the first technique for

isolating the individual seed images from their background to measure the features of each

of the seed images. In this technique, a threshold gray level is determined from the

observation of the gray level histogram of the digital image. Then each region of pixels
with gray level at or below the threshold gray level represents an individual seed image. A

region is referred as to a set of pixels in which there always exists a path between any two

pixels without leaving the set, and all the pixels with gray level above the threshold

represent the background. In Figure 2.3, if the threshold gray level was set at '2' then

pixels with gray levels of '0', , l' and '2' would represent the seed image as shown in

Figure 2.2. But changing the threshold gray level from '2' to , say '1', only those pixels
with gray levels '0', and' l' would represent the seed image resulting in a smaller area.

This, unnecessarily, results in entirely different sets of features for the same seed sample
under consideration. To avoid this isolation error, a consistent method was adopted to

establish a threshold gray level and is described in the following.

Figure 2.4 shows a digital image consisting of 25 Manley seed images and

contrasting background as seen on the computer screen during an experiment. The

corresponding gray level histogram obtained from the Image Analyst™ toolbox is depicted
in Figure 2.5. The two hills, '0' and 'B', respectively correspond to the large number of

relatively dark and light pixels found in the whole image. The small spikes'S' in the valley
of these two hills correspond to the relatively few number of pixels with moderate gray
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levels around the dark pixels. This 'valley' was used to establish the threshold gray level

'T' [Weszka, 1978] [Castleman, 1979] because a small change in threshold gray level 'LlT'

in this region had a minimum effect on the size of the seed images. This provided at least a

consistent method to determine the threshold gray level during the isolation of individual

Figure 2.4 Typical 256 gray level image of 25 Manley barley seeds.
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Figure 2.5. A bimodal gray level histogram.
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seed images throughout the experiments. Image Analyst™ assigned a number to each of

the isolated seed images, the blobs . This number is frequently termed as the blob

identification number, or simply blob-id. The blob-id's were used to identify the individual

seeds in the field of view of the camera.

2.4 Extraction of seed features

After isolating the individual seed images, 17 features were extracted from each of

the isolated seed images. Those features are listed in Table 2.1. The features such as axis

ratio, which are linearly related with their components, were used only in the preliminary

test to see their effects, if any, on recognition accuracy of the networks. A definition for

each feature is also provided in the third column of the table. In Table 2.2 the features are

divided into five groups based on the computational similarities involved in their

measurements. The measurement of the features in each group is as follows.

2.4.1 Extraction of group I features

2.4.1.1 Area

Area of the seed image was computed counting the total number of pixels with

gray level at or below the threshold gray level.

2.4.1.2 Mean interior gray level

The NIH Image package provided this feature and was measured as the ratio of

the integrated optical density (IOD) of a seed image to its area as in Equation 2.1.

MGL = IOD / Area (2.1)



Table 2.1 Seed features and their definitions

Serialno. Features Definitions

1. Area (A)

2. Perimeter (P)

3. Major axis (a)

4. Minor axis (b)

5. Length (L)

6. Width (W)

7. Roundness

8. Minimum radius (Rmin)

9. Maximum radius (Rmax )

10 Average radius

11. Axis ratio

12. Perimeter invariant

13. Radius ratio

14. Length ratio

15. Box-area

16. Box-area ratio

17. Mean interior gray level

Blob (seed image) area

Distance around the periphery of a blob

Length of the major axis of an equivalent ellipse, i.e. an ellipse that has the same second

moments of area as the blob

Length of the minor axis of an equivalent ellipse
Euclidean distance between the crossing points of the principal axis and the perimeter

The largest chord perpendicular to the principal major axis through the blob

4*n*A/p2

Euclidean distance between the centroid and the nearest pixel on the boundary of the blob

Euclidean distance between the centroid and the farthest pixel on the boundary

(Rmin + Rmax) I 2

b/a

p2 I A

Rmin I Rmax

W/L

L*W

(L * W) I A

Ratio of integrated optical density at the threshold gray level to the area of the blob
-

0\
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Table 2.2. Features grouped according to the computational similarities involved in their

measurement.

I. Area, mean interior gray level (MGL).
II. Perimeter, roundness and perimeter invariant.

III. Minimum and maximum radius, average radius and radius ratio.

IV. Major and minor axes and axis ratio.

V. Length, width, length ratio, box-area and box-area ratio.

Group Features

IOD is the summation of gray levels of all the pixels constituting the seed image.
Its value was extracted establishing a threshold gray level between the seed image and the

background using the gray level histogram as discussed in the previous sections. If the

threshold gray level was chosen at 'T' then IOD could be computed as,

m n

IOD = I, I,g(i,j)
i= lje l

(2.2)

where g(i, j) is the gray level of the pixel at coordinates (i, j) within the seed image.

2.4.2 Extraction of group II features

Group II features, namely perimeter, roundness and perimeter invariant were

extracted from the boundary of the isolated seed images represented by the chain codes. A

chain code is simply a string of numbers that can describe the boundary of an object

image. There are different types of chain codes such as 8-directional, 4-directional, 8-

derivative, 4-derivative and run length chain codes [Reid, 1990]. Image Analyst™ uses 8-

derivative and 8-directional chain codes. Since the accuracy in measuring the features used

in this thesis depends on the representation of an individual seed image boundary by the
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chain codes, the following paragraphs present an overview of these chain codes. Then

measurement of group II features based on these chain codes is described.

A 8-directionaL chain code (8-CC) [Lai and Suen, 1980], commonly known as

Freeman's code, uses a 3x3 window operator to code the boundary pixels of the isolated

object images. Figure 2.6(a) shows such an operator which is comprised of a center point,
'c' and its eight neighbors indicated by the numerals 0 to 7 in clockwise fashion. The

coding process begins with the search for the starting boundary pixel of the seed image.
The digital image is traced from leftmost column to the rightmost column, and from the

top row to the bottom row until.a image pixel is encountered. A pixel with a gray level at

or below the threshold gray level described in Section 2.3 is termed as an image pixel.

5 6 7

4 c 0

3 2 I

i-I i i+I

i-I i i+l

i-I i i+l

j-I j-I j-l

j j j

j+l j+l j+I

(a) (b) (c)
Figure 2.6 (a) A 3x3 window operator, (b) 'i' coordinate array and (c) OJ' coordinate

array.

After locating the starting image pixel, the coordinates (i, j) of this pixel are

recorded, and the eight surrounding neighbors are then scanned in a clockwise sequence

01234567 to find the second image pixel on the boundary. Once the second image pixel is
found the coordinates (i, j) of this pixel are recorded and scanning its eight neighbors
repeats. The sequence of scanning now depends on the position of the current image pixel,
i.e., the second image pixel, in the window operator of the most recent image pixel, i.e.,the



Table 2.3. Scanning sequence for the current image pixel to locate the next boundary

pixel.
Position of the current image pixel in the

window operator of the most recent image pixel.

Scanning sequence for the current

image pixel to locate next boundary pixel.
o 56701234

67012345

70123456

01234567

12345670

23456701

34567012

45670123

2

3

4

5

6

7

first image pixel. Table 2.3 shows the scanning sequence for the current image pixel

depending on its position in the window operator of the most recent image pixel. For

example, if the position of the current image pixel is at '1' in the window operator of the

most recent image pixel then scanning of its eight neighboring pixels will be in sequence

'67012345' until a next image pixel is encountered. This process of scanning the eight

neighbors for each of the boundary pixels continues until the starting image pixel is found.

Figure 2.6 (b) and (c) respectively represent the 'i' coordinate array and OJ' coordinate

array. Basically, these arrays are used in the process of scanning the eight neighboring
image pixels, and to keep a record of the encountered boundary pixel coordinates (i, j).

Following the above discussion, the 8-directional chain code for the boundary of

the seed image shown in Figure 2.2 is represented by the following vector. A pictorial
view of this code is depicted in Figure 2.7. In the inset, a window operator is redrawn for

reference.

8-directional chain code = (0, 0,0,2,2, 3, 3, 3,4,4,4,4, 7, 6, 7, 6, 0, 7)

19
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Figure 2.7 Pictorial view of 8-directional chain code.
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The 8-derivative chain code is another method of representing the boundaries of

digital images. It reflects the amount of directional change at each turning point along the

boundary of a digital image. Hence the concavities and the convexities present in the

boundary show up as peaks. Assuming sign conventions as the '+' and the '-' for

clockwise and counterclockwise directional changes around the boundary of the seed

image shown in Figure 2.2, the 8-derivative chain code for representing this boundary can

be written as shown in the following vector.

8-derivative chain code = (0,0,2,0, 1,0,0,1,0,0,0,3, -1, 1, -1, 2, -1,1)

The 8-derivative chain code can also be derived by subtracting each element of the

8-directional chain code from the following element. Figures 2.8(a) and (b) respectively
are the graphical representations of these two types of chain codes. Alphabets denote the

turning points along the boundary of seed image. Based on the chain codes discussed so

far, the group II seed features were extracted as follows.
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Directional change
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Net directional change
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-1
-2
-3

(b)

Figure 2.8 Graphical representation of (a) 8-directional chain code, (b) 8-derivative

chain code.

2.4.2.1 Perimeter

The perimeter of a seed image is calculated from the information contained in the

chain codes. If the 8-directional chain code is used then the perimeter is computed as in

Equation 2.3. where n is the number of elements, and CCi is the ith element of the chain

code. Perimeter is thus computedby summing the small line segments Ii produced by 8-

directional chain code. A unit length is given to each of the horizontal and vertical line

n

Perimeter = .L, Ii
i=1 {I

if CCi IS

even},Where Ii = r;:::"
-v 2 If CCi is odd

(2.3)

segments, and �2 units for diagonal. It follows that the perimeter of the seed image shown

in Figure 2.2 is therefore equal to 12* 1 + 6*�2 = 20.48 units.
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In this thesis, however, an improved approach of the technique described above

was used to measure the perimeter The perimeter was calculated as shown in Equation 2.4

[Automatix, 1990]. This method has an advantage of smoothing the turning point between

the even code-elements.

Perimeter = i-perimeter * i-size + j-perimeter * j-size - ErrorEst (2.4)

Where, i-perimeter: Summation of horizontal sides of the boundary pixels;
i-size: Length of horizontal side of a pixel;

j-perimeter: Summation of vertical sides of the boundary pixels;

j-size: Length of vertical side of a pixel;
ErrorEst: NDC*(EdgeMax - EdgeMin)/2.

NDC stands for net directional change around the boundary. It is therefore, the

summation of absolute values of the elements in the derivative code. ErrorEst is the

estimated error and is taken into account to minimize the error in perimeter measurement

due to the directional changes along the boundary pixels. Figure 2.9 depicts EdgeMax and

EdgeMin. The values for i-size and j-size depend upon the equipment used. With the

i-size I� >1
j-size� I

m moL ----t- __

EdgeMax

EdgeMin
.

. . .

•••• 0. ..

Figure 2.9 3x3 pixel showing the quantities involved in estimating ErrorEst.
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equipment used in this thesis, the pixels are square, and therefore, both of these quantities
are taken as unity. Using this technique the perimeter of the seed image shown in Figure
2.2 is equal to 16*1 + 12*1- 14*(2 - .,,)2)/2 = 23.89 units. The perimeter thus calculated

using Image Analyst™ is closer to the true perimeter of the seed image than that calculated

using the 8-directional chain code. However other researchers [Sapirstein, et al., 1986]

have successfully used the 8-directional chain code to classify cereal grain - red spring
wheat, barley, rye, and oats.

2.4.2.2 Roundness

Once the perimeter and area were calculated, the roundness of seed image was

directly derived as the ratio of 41t times area to perimeter.

4 *1t * Area
Roundness =

2
Perimeter

(2.5)

Roundness is often referred to as a measure of circularity, and employed as a

global shape feature. It takes on a maximum value of one for a circle and smaller values

for distortions therefrom. Strictly speaking, for the digitized images, diamond and

octagonal shapes might have larger values of roundness than that of a circle. This feature

does not take into account the specific order of the shape continuities. Therefore different

shapes but with equal values of area and perimeter yield the same roundness value

[Levine, 1985]. However this feature is found to be used in many seed discrimination

experiments successfully under different names. Several researchers [Sapirstein et al.,

1986], [Travis and Drapper, 1984], [Keefe and Drapper, 1986] have used this feature for

identification of cereal grain under the names 'thinness ratio' and '

shape factor' .
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2.4.2.3 Perimeter invariant

Image Analyst™ also provided a feature called the 'perimeter invariant' defined as

in Equation 2.6. Apparently, this feature is proportional to the inverse of 'roundness'

described above. Sometimes this feature is also referred to as 'roundness' [Castleman,

1979]. The value of correlation coefficient between the roundness andthis feature was

found to be -0.997 when 800 barley seeds, 200 per variety, were taken into account, and

the data points were normalized to zero mean and unit variance. This feature was

therefore used only in the preliminary test.

P· 2
P.

.. enmeter
enmter mvanant =----

Area
(2.6)

2.4.3 Extraction of group III features

As defined in Table 2.1, the measurement of group III seed features, namely
minimum radius, maximum radius, average radius and radius ratio, is: based upon the

centroid of the seed image area and its perimeter. The area itself and its first order

moments were used to locate the centroid. Since the seed image is in digital form, discrete

moments were used. Discrete moments of area were computed as in Equation 2.7. A

threshold gray level was set between the seed image and its background.:Then A(i, j) was

m n

mpq
= ig j� A = L Likd�lA(k,l)

k=ll=l
(2.7)

Where, A: Seed image area;

A(k, 1): Elements of seed image area (area of seed image pixel); .

lkl: Distance of A(k, 1) from j-axis;
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Jkl: Distance of A(k, 1) from i-axis;

p + q: Order of moments; and

(ie, je): Required coordinates of the centroid.

replaced with '1' if its gray level was at or below the threshold, and with '0' otherwise to

take only the area of seed image pixels into account. Equation 2.7 was then simplified as,

(2.8)

The first order moments of the seed image area with respect to i and j axes were

espectively computed as in Equations 2.9 and 2.10.

m n

mor = jcA = L Ljkl; Sum of J co - ordinates of seed image pixels (2.9)
k=ll=l

m n

mlO=icA= L Lhl; Sum of i co - ordinates of seed image pixels (2.10)
k=11=l

From Equations 2.9 and 2.10 the coordinates of the seed image centroid were computed
as,

. mOl
JC=A (2.11)

Using these centroid coordinates, and the coordinates of the boundary pixels of the seed

image obtained in Section 2.4.1, all the features in group III were extracted as follows.

2.4.3.1 Minimum radius

This feature was measured as the Euclidean distance between the centroid c(ie, jc)
and the nearest pixel n(in, jn) on the boundary of the seed image as in Equation 2.12. The



geometrical interpretation of this feature is depicted in Figure 2.1O(a).

2.4.3.2 Maximum radius

26

(2.12)

Maximum radius was measured as the Euclidean distance between the centroid

c(ic, jc) and the farthest pixel f(if, jf) on the boundary of the seed image. Figure 2.1O(b)
shows how this feature is extracted.

(a)

(2.13)

Maximum radius

0'0

...........
,.,'

.0

0_0

Figure 2.10 (a) Minimum radius (b) Maximum radius of seed image.

(b)
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2.4.3.3 Average radius

Average radius was derived from the minimum and maximum radii as shown in

Equation 2.14.

A d·
Minimum radius + Maximum radius

veragera lUS=--------------------
2

(2.14)

2.4.3.4 Radius ratio

The ratio of minimum radius to the maximum radius of the seed image formed

another shape descriptor as in Equation 2.15.

. Minimum radius
Radius ratio =------

Maximum radius
(2.15)

This shape feature indicates the circularity of the object. A circular shape yields a radius of

value 1, and the value changes as the distortions occur therefrom.

2.4.4 Extraction of group IV features

Features in this category namely, major axis, minor axis and the axis ratio were

extracted from the seed image using the second order centroidal principal moments of the
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seed image area. Following the reasons mentioned in deriving first order moments

Equations 2.9 and 2.10, all the second order moments of area were expressed as follows.

m n
.2

moz= L Lhl
k=ll=l

(2.16)

m n

mxi= L Li�l
k=11=1

(2.17)

m n

fill = L Likdkl
k= Ll=I

(2.18)

As defined in Table 2.1, the major and minor axes of seed image are the major and

minor axes of an equivalent ellipse which has the same second order of moments of area as

that of the seed image. But the moments shown in Equations 2.16 to 2.18 vary as the

position and orientation of the seed changes in the field of view of the camera because

these moments use coordinates (0, 0) as the origin. To overcome this problem, the

moments of Equations 2.16 to 2.18 were modified to centroidal moments taking the

centroid as the origin as expressed in Equations 2.19 to 2.21. These moments remain

unchanged even when the position of the seed changes during an experiment.

Then the angle, e, made by the principal axes of the seed image to the original axes

was determined using the centroidal moments as shown in Equation 2.22 [Beer and

Johnston, 1988]. The second order centroidal moments of the seed image area were

computed again but this time with respect to the new axes- the principal axes of the seed

image whose orientation to the original axes is known, i.e., an angle e. These centroidal

principal moments were then invariant to both position and orientation of the seed

samples under the field of view of the camera. Denoting these moments as P02, P20, and

PI" the features in the group IV were extracted as follows.
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m n 2

J.102= L L(jkl-jc)
k=ll=l

m n 2

J.120 = L L (ikl-ic)
k=Ll=I

(2.19)

(2.20)

(2.21)

(2.22)

2.4.4.1 Major axis and minor axis

The second order centroidal principal moments of area of an ellipse with respect to

the I and J axes are computed as 1tab3/64 and 1ta3b/64 [Beer and Johnston, 1988], where

'a' and 'b' respectively represent the required major and minor axes of the equivalent

ellipse. Recalling the definitions of major and minor axes of the seed image area from

Table 2.1, and using the known quantities �02' �20 the features in this group were then

extracted from the following equalities. Figure 2. 11 (a) graphically shows the computation
ofmajor and minor axes of the seed images.

na b3
�02=�

1ta3b
�20=64

(2.23)

(2.24)

2.4.4.2 Axis ratio

The ratio of minor axis to the major axis was considered as the axis ratio of the

seed image.



· Minor axis
Axis ratio =-----

Major axis

2.4.5 Extraction of group V features
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(2.25)

The features in this group namely, the length, the width, the length ratio, the box

area and the box-area ratio were extracted measuring the length and the width first. The

procedures used in extracting these features are given below.

(a)

Length
I

j

Figure 2.11 (a) Major and minor axes, (b) Length and width of the, seed image

(b)

2.4.5.1 Length and width

The length was computed as the Euclidean distance between the crossing points of

the principal major axis and the perimeter of the seed image, and the width as the largest

perpendicular chord through the region. These features are shown in Figure 2.11 (b).
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2.4.5.2 Length ratio

The length ratio is another shape feature which is also called the rectangular

aspect ratio [Saperistein et al., 1986], or aspect ratio [Castleman, 1979] was computed as

the ratio of the seed image width to its length as in Equation 2.26. This feature can

distinguish slender shapes from roughly square or circular shapes.

. Width
Length rauo =--

Length (2.26)

2.4.5.3 Box-area and box-area ratio

The feature, box-area can be interpreted as the area of a minimum rectangle

enclosing the seed image and is computed as the length times the width of the seed image.
The ratio of the seed image area to the its box-area was consider as another shape feature.

This ratio shows how well an object fills a minimum rectangle circumscribing it.

Rectangular shapes yield a value of 1; circular shapes give values of rr/4, and the value of

this feature becomes smaller for slender and curved shapes. It can take on any values

between 0 and 1 inclusive.

Box - area = Length=Width

Area
Box - area ratio =---

Box- area (2.27)

2.5 Summary

The focus of this chapter is on the methodologies for extracting 17 features from

malting barley seeds. The analog seed images obtained from the video camera were first
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digitized for subsequent analysis using the framegrabber. A gray level histogram available

from the Image Analyst™ toolbox was employed to isolate the individual seed images from

their background. All the geometrical features were then extracted using chain codes, and

the first and second order moments of area of the isolated seed images. Mean interior gray

level was obtained from NIH Image.



3. MACHINE VISION SETUP

3.1 Introduction

A visual pattern recognition system consists of two components, namely, the

machine vision setup and the artificial neural network. The artificial neural network serves

. as a tool for recognizing the variety of malting barley given the seed feature vector at its

input. A list of seed features used for designing the system, their definitions, mathematical

and geometrical interpretation, and the techniques used for their accurate measurement are

all discussed in the previous chapter. This chapter presents a machine vision setup to

extract those features. This setup is further divided into two categories- the hardware and

the software. Each component is discussed. A complete procedure used to extract the

seed features using this setup is presented. A calibration used for creating feature data in

real world units- millimeters, is also presented. A brief summary concludes this chapter.

3.2 Hardware

A video camera, an image acquisition board, a computer, display monitors, an

illuminating base plate and other accessories formed the complete hardware of the

machine vision setup. Figure 3.1 shows a typical interconnection between the components,
and their placement. The hardware is located in the Department of Agricultural and

Bioresource Engineering in the College of Engineering at the University of Saskatchewan.

33



34

BNC Cable
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14" Color display screen Top lidtts
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The Macintosh IIfx computer donated by Apple Canada was used as the image

acquisition and analysis platform. The computer had a clock speed of 40 MHz and 8

Megabytes of onboard RAM. Installed in it was the image analysis package software,

Image Analyst™ 7.2, NIH Image, the analog to digital image converter board, and the

framegrabber. An Apple File Exchange Conversion program was also installed in the

computer for changing Macintosh based feature data file into text file readable by DOS

and UNIX.

20" BIW Displaymonitor

Macintosh IIfxwith fram.egrahber Televisionmonitor

Figure 3.1 A typical machine vision setup for extracting seed features.

3.2.1 Macintosh IIfx computer

3.2.2 Camera

A Panasonic® CCD camera was used to capture the images of barley seed

samples. Specifications for this camera are presented in Appendix A. The pick-up device

in the camera plays an important role in converting light signals to analog electrical signals
which can be easily transmitted to such different components of machine vision setup as
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display monitors to display the object(s) in the field of view of the camera, and the

framegrabber for analog to digital conversion. The pick-up device has an scanning area of

6.4 mm ( horizontal) x 4.8 mm ( vertical) and it is composed of a two dimensional array

of photosensitive cells, the pixels. There are 682 pixels in the horizontal direction and 492

in the vertical. The light signals from the object pass through a combination of lenses and

are finally incident on the pixels. The electrical charge produced by each pixel is

proportional to the intensity of light incident on it, and is output serially. A clear picture of

an object having a resolution of 430 lines was obtained using this camera.

3.2.3 Framegrabber

In image processing and analysis of an object by a digital computer, a digitized

image is required. The output signal from video cameras such as the Panasonic® CCD

camera is analog in nature. Analog signals are useful for different purposes such as to

display the real images of the objects on display monitors, and to store the images on

magnetic storage devices, but they can not be used for processing and analysis of those

images in a digital computer. It was therefore required to convert the analog images into

machine readable form, a digital image. Details on this conversion is presented in Section

2.2. A device, known as a framegrabber, was used to convert the analog images into

digital form. There are several varieties of framegrabber by different manufactures. The

framegrabber used in this thesis was Quickcapture™ by Data traslation®. It has a gray

level resolution of 8 bits; it therefore converted an analog seed image having infinite gray

levels into 256 (28) gray levels. A gray level of zero represented a black pixel while a level

of 255 represented a white pixel. The gray levels between those two extremes represented

differing shades of gray. Spatial resolution of 640 pixels in the horizontal direction and,

480 pixels in the vertical direction was obtained with this framegrabber.

The Quickcapture™ framegrabber was installed in one of the NuBus slots of the
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Macintosh Ilfx computer. Specifications for this hardware are supplied in Appendix B.

More details on different types of framegrabber can be found in [Hehn, 1991]. The digital

image produced by the framegrabber was stored in a framebuffer- a region of memory

where both computer and framegrabber have access. At the same time it can be viewed

either on the 14" Macintosh color monitor or on the 21" black and white monitor.

3.2.4 Lighting

There are different lighting arrangements. A particular lighting arrangement to be

used depends upon the problem in hand. In general, both the back and the top lighting

arrangements are required for extracting features related with the color and the texture of

the objects to be analyzed while only back lighting is sufficient to extract features related

with two dimensional object contour. As described in the previous chapter, among the

seed features, 16 features were related with the contour of the seed images, and the mean

interior gray level (MGL) was related to gray reflectance of the seed samples. In ideal

back lighting arrangements, the light surrounding the objects should not be so dim that it

blends in with the dark color of the object nor should it become so bright that the edges of

the object become lost in an intense wash in the image captured by the video camera. A

portable light-box called Lightplate™ by Alvin was found satisfactory for back lighting,
and a set of four incandescent 'Flood' lights each of 150 Watts and 110 Volts served as

top lights. The lightplate consists of a pair of coolwhite fluorescent tubes each of 15 Watts

and 110 Volts having a frosted glassplate on top. A frosted glassplate diffused light
emitted from the source underneath so that an evenly lit background was achieved. The

intensity of the light source can be controlled using switches provided therein. When the

seed samples were placed on the illuminating glassplate and silhouetted with a proper

intensity of lightt, a sharp image of the seeds was achieved. This was readily
distinguishable from the white background surrounding the seed samples.
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3.3 Software

Image Analyst™ 7.2 [Automatix, 1990] by Automatix® and NIH Image 1.55 are

the software tools used for analyzing the images of malting barley seeds. Image Analyst™
has its own source code called Rail (Robot Automatix Incorporated Language), which is

similar to FORTRAN, which can be used to compile a new image analysis program having
access to all the built in functions of Image Analyst™ for solving a typical image

processing and analysis problem. Image Analyst™ has provided a large selection of vision

processing and analysis algorithms. 'Connectivity' is one of the most useful and powerful
algorithms found in this software package. It is a binary image analysis algorithm and

therefore separates dark objects from light background or vice versa depending upon a

threshold value and polarity preset by the user. Dark objects on white background was

used in analyzing the barley seed samples. Connectivity treats each dark object, an image
of a single seed, as a blob [On line, 1991]. A blob is a group of a minimum number of dark

pixels, touching with each other either on the side or on the comer. The user can define a

minimum number of dark pixels which will be used to form a blob. This function is useful

to eliminate unwanted foreign particles, which are smaller in size compared to the blob,

from the screen.

Connectivity analyzes only those blobs which are already enclosed in a region of

interest (RGI) window. The ROI window was set to cover the whole computer screen to

use most of the space available. Each time connectivity runs, Image Analyst™ generates

data for 50 features for each blob in the ROI. A close examination of these features

revealed that only 16 features are invariant to the positions and orientations of the samples
in the field of view of the camera. Hence only those 16 features were chosen for variety
discrimination of malting barley seeds. NIH Image was used to obtain the mean interior

gray level of individual seed images.
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3.4 From image capturing to feature extraction

After having all the components - hardware and software of machine vision setup

explained in the previous sections, the success of the machine vision application on

extracting features from the object(s) depends upon the operational sequence demanded

by a typical problem. An operational sequence used to extract the features from the

malting barley seeds is presented in the following paragraphs. Analyzing aids such as a

calibration target are also described. As the analyzing tool, the gray level histogram, is

already discussed in Sections 2.2 and 2.3, it is not repeated here. Figure 3.2 shows the

overall operational sequence as a block diagram.

Television
monitor Image acquisition Source

Computer
screen Processing

Configuration

Analysis

Results

NIH Image

MGL

Figure 3.2 Block diagram showing the operational sequence for extracting seed features.

In the following explanation, it is assumed that Image Analyst™ 7.2 is already
loaded and all the hardware components such as the camera, the lightbox, etc. are
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operational and the setup is calibrated. Once the setup is calibrated, all the measurements

can be obtained in real world units, millimeters or inches, but the distance between the

camera and the objects cannot be changed otherwise recalibration is necessary. A typical
method of calibration used in this thesis is discussed at the end of this section.

Selecting Take Picture or Live Video from Picture menu, the image of approximately
25 sample seeds was captured at one time and displayed on the computer screen and the

television monitor. A small window, which automatically appears on the screen was

positioned and resized so that it enclosed all the seed images to be processed and analyzed
by. the software. The area bounded by the window is referred to as the region of interest

(ROI), and only those images which fall inside the ROI will be processed and analyzed.

Next Choose Processing was selected from the RDI menu, and Connectivity was

chosen from the dialog box as a processing type.

After choosing connectivity as the image processor, the next step was to define the

polarity (light/dark) of the image of the seed samples. For processing and analysis of the

image, Image Analyst™ must know the polarity of the images. Since the seed samples
were silhouetted from the light source beneath the frosted glassplate, dark images of the
seed samples surrounded by light background were produced in the captured image.
Hence the polarity of the seed images was configured as dark. At the same time, minimum

blob size in pixel was set to 1000 to ignore any pixel groups under this value. This is a

filtering mechanism that screens out unwanted smaller foreign particles from the

concerned image. Minimum object size must be high enough to reject background foreign
particles and small enough to recognize the images of the seed samples.

A boundary line which was supposed to be the true contour of seed samples
appears for each of the seed images. At first, the contour of the seed image and the

boundary differed significantly. Since connectivity considers all the pixels within the

boundary as seed image pixels, therefore, it is important to resize the boundary so that it
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only outlines the regions of dark pixels forming individual seed images without outlining

any of the background for an accurate measurement of the' seed features. The shape of the

boundary was varied as desired by making use of the gray level histogram from Show Tools

of File menu.

A histogram shows the number of pixels at different gray levels within the active

ROI. A threshold was set by dragging the threshold knob with the cursor along the

horizontal direction in the histogram dialog box. All gray levels at or to one side of the

threshold constituted the object and all gray levels to the other side became as the

background. The threshold set by this gray level histogram method produced a satisfactory

boundary which just outlined the individual seed images without enclosing any of the

background. Detail on this method is presented in Sections 2.2 and 2.3. As long as the

setting is not changed, it is found that the same threshold value can be used for subsequent

analysis for other sets of seed samples with negligible differences between the true contour

of the individual seed images and the corresponding boundaries produced by the

connectivity analysis.

Finally, Blob from the Show Tools of the File menu was invoked to list the

connectivity results. The Feature Mode and Calibrate options were selected to list the

features calibrated in millimeters. After saving the output feature data to a Macintosh

based file, the subsequent feature data of other seed samples were appended. An image of

each set of 25 seed samples was also saved temporarily to measure mean interior gray

level of individual seed images using NIH Image. In NIH Image, this image was opened by

selecting Open from File menu. Under Options menu, first Invert Displayed Pixels Values was

selected from Preferences to configure parameters as dark objects in white background,
then Threshold was chosen to isolate the individual seed images from the background.

Subsequent use of Analyze Particles and Show Results under the Analyze menu produced
the mean interior gray level (MGL) for each individual seed images. The Macintosh based

file was then converted into a text file readable by DOS and using Apple File Conversion

utility program installed in the host computer.
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3.5 Calibration

The machine VISIon setup reports all the measurements in pixels unless it is

calibrated. All geometrical features described in Chapter 2 were measured in millimeters.

To receive measurements in this unit, it was required to calibrate the machine vision setup

before taking measurements. A calibration target was used to calibrate the setup.

Specifications of the calibration target used in this thesis are provided in Appendix c. This
is a metal piece containing an array of holes in known locations. To calibrate the setup the

target was placed in the field of view of the camera. The focus, the zoom and the height of

the camera was so adjusted that a clear image of the calibration target filled all the space

available on the computer screen. Then Image Polarity was set to Light Objects because the

holes on the calibration target which acted as the objects to be analyzed by Image

Analyst™ appeared in light color, and the rest of it appeared in the dark color since no

light had been passed. As described in the previous sections, an appropriate threshold gray

level was adjusted to isolate the holes from the background. Next, i New Calibration

Sequence from the Utilities menu was selected. A new ROI called calibration ROI appeared
and it was resized and positioned around the holes as shown in Figure 3.3I(a).

!

The calibration setup from Utilities was selected to display the ealibration setup

dialog box as depicted in Figure 3.3 (b). All the known coordinates (x, y) lof the centers of

the holes obtained from the specifications were entered into the array referring the

coordinates of the top left hole center as the origin (0,0); the unit of measurement was
chosen as millimeters. Then Calibrate from the Utilities menu was selected to calibrate the

setup on the basis of the measurement typed in the calibration setup dialog box. Image

Analyst™ computed the relationship between the pixel coordinates and the known

locations of the holes. It checks this computation by computing the average distance in

pixels from the measured pixel location to the location given by the! new calibration
i

relationship [Hehn, 1991]. The average residual, which should be well un�er 0.1 for more

accurate measurements [Automatix, 1990], was found to be 0.09. Since the residual was
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Figure 3.3 (a) Image of the calibration target (b) A calibration setup dialog box.

(b)

acceptable, Use Calibration was selected to have the seed features measured in millimeters

in the subsequent experiments. The accuracy, thus provided by the package was accepted,
and the quantization problems in digitization was ignored throughout the measurements.

3.6 Summary

In this chapter, a machine vision setup used for extracting features from each seed
i

sample of four malting barley varieties is described in detail. The machine vision setup is

first divided into two basic components namely, the machine vision hardware and the

software. The hardware part is further divided into its individual devices such as the video

camera, the framegrabber, display monitors and a Macintosh Ilfx computer. A brief

discussion on the devices such as a video camera and a framegrabber has been given. On

the other hand, Image Analyst™ is presented as the main software par� of the machine

vision setup. Connectivity, one of the most useful and powerful algorithms found in Image

Analyst™ to extract the geometrical features from the objects(s) is explained. Mean
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interior gray level of seed samples is obtained from NIH Image. Having! described all the

components and the functions of a machine vision setup, a complefe procedure for
,

measuring the features (properties) of an individual seed is presented to make use of the

setup for accurate measurement.



4. NEURAL NETWORKS

4.1 Introduction

i
In the previous chapter, a machine vision setup is presented to extract a set of 17

features from each of the seed samples. Each set of features is input to aI� artificial neural

network, or simply a neural network, which processes the features and tesponds with a

numerical value at its output. The output value represents the class or variety the seed

sample belongs to. In fact, neural networks are used as the pattern classifiers in this
,

research work. If human seed inspectors had to perform the same cla;ssification, they
would perceive information from the seed samples by visual inspection, process the

information in the brain, and make a decision on the class the seed sample belongs to.

They are able to perform such a task simply because they have learned to recognize
different varieties of seed samples, and they can store the experience or knowledge

acquired from training, and can retrieve this knowledge when it is necessary. Further

more, they are also capable of adapting their knowledge to a changing environment.
I

Neural networks share some of the capabilities of the human brain such! as learning and

adaptation, and have shown remarkable capabilities to perform nonlinear functions such as

pattern recognition. For this reason, it was decided to use a neural network approach to

study how well it could perform in variety determination.

The following sections present different aspects of the neufal network. A

mathematical model of a natural neuron, a basic building block of the �ervous system,
,

known as a node is described. The artificial neural network is then compared to its natural
,

44
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counterpart. Simple neural networks are explained to understand the more complex ones

used in this research work. An error back propagation learning algorithm with momentum
i

and an adaptive learning rate, and its software structure are described. iA brief summary

concludes the chapter.

4.2 Neurons and Nodes

A nerve cell, which is the building block of all nervous system tissue, including the

brain is called a neuron. Following [McClelland, 1986], a very simplified diagram of a

neuron is shown in Figure 4.1. A number of fine fibers branching out from the soma are

Cell body or Soma
� Axonal

arborizationSynapses

Figure 4.1 A simplified diagram of a neuron.

called dendrites. An axon is a single long fiber stretching out from the soma and ending
into a fine arborization. Each branch of the axon terminates in a small endbulb almost

touching the dendrites of other neurons. The connecting junctions between the axonal

arborization and the dendrites are known as synapses. Signals propagate from neuron to

neuron by complicated electrochemical reactions. Electrical pulses, or action potentials,
from a neuron spread out along the branches of the axon eventually reaching the synapses.
The synapses are where the neurons pass their electrical pulses to other neurons. The

electrical pulse reaching a synapse causes it to transmit chemical transmitter substances

across the synapse to the dendrites. The induced transmitter substances regenerate the
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electrical pulse which then travels along the dendrites eventually reaching! the soma. There

are two types of synapses, namely excitatory and inhibitory. The electri4al pulse induced

by the excitatory synapses increases, while that induced by the inbibitory synapses

decreases, the potential of the soma. If the total potential for a short time interval called

the period of latent summation reaches the threshold of the neuron, typically a value of

40mv, the neuron generates its own electrical pulse. This new electrical pulse propagates
!

down the axon and branches off to act as the input stimuli to other neuron's.

,

A mathematical model of a neuron, known as a node, is shown iri Figure 4.2. The
,

physical quantities Xi. where I = 1, n act as the input stimuli to the node. U'hese quantities,
I

for example, could be all of the features described in Chapter 2. The other set of physical

Li,_______,Net [)f 0

/j---:��.)
Xo = -1 !)v�";

Outputi i
Inputs Weights Confluence Somatic

operation operation

Figure 4.2 A node.

n

net = LWiXi
i=l

(4.1)

(4.2)

quantities Wi, where I = 1, n are the weights simulating the activity at the synapses in a

neuron. The positive and negative w, represent the excitatory and i�bitory synapses
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respectively. Each Xi is multiplied by its associated weight Wi, and the! product x.w, is

transferred to the shell analogous to the soma. The shell first performs a linear

computation called the synaptic confluence operation [Gupta, 1995] Iresulting in the

summation, that is, the net of all the incoming pairwise products w.x., �here I = 1, n as

shown in Equation (4.1). This is followed by a nonlinear computation called the somatic

operation [Gupta, 1995] which maps the weighted sum through an activation function f
,

and yields an output 0 as in Equation (4.2).

There are different types of mathematical functions that can ,be used as the

activation functions in a node. Figure 4.3 illustrates four common choices, namely the

linear, the step, the sign and the sigmoid functions.

0= f(net)

net

0= f(net)
+1

net:

Lin (x) = ex Step, (x) = 1, if x � t;
0, if x < t;

(b) Step function(a) Linear function

net

0= f(net)
+1

Sign (x) = +1, ifx � 0;
2

Sigmoid (x) = ---
1+ e-A x

A: steepness factor

(d) Sigmoid function
-1,ifx<O;

(c)Sign function

Figure 4.3 Four types of activation functions.
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When an activation function with a threshold, t is used, as in the step function in

Figure 4.3(b), a node outputs the value 1 if the net exceeds the threshold, land 0 otherwise.
!

Comparing to a neuron, 1 represents the firing of an electrical pulse down the axon when

the total potential of the soma exceeds the threshold (40 mv), and 0 represents no firing of
the corresponding neuron. For mathematical convenience, an activation function is forced

to threshold at 0 by adding an extra input fixed at -1 and an extra weight, wo equal to the

threshold value such that XoWo = -t without any effect on the output of a node as shown in

Equation (4.3).

n n

o=!t(L,WiXi)=!O( L,WiXi); Wbere ws e tund xa e -L (4.3)
i=l i=O

4.3 Natural and artificial neural networks

A natural neural network is a collection of billions of massively inter-connected but

simple neurons. Figure 4.4 presents an extremely simplified sketch of the natural network;
small black dots resemble the synapses. A collection of these simple neurons leads the

human brain to successfully perform complex tasks such as learning, adaptation,

generalization, etc. Besides, it has made the human brain many times fasth at some of the

it does than a modem sequential digital computer in spite of the fact that a neuron requires
milliseconds to fire whereas a digital computer possesses at its raw switching speed of tens
of nanoseconds. A number of nodes are connected with each other in parallel fashion to

construct the artificial neural network to emulate its natural counterpflrt as shown in

Figure 4.5; small black dots represent the weights and small circles the inputs. Comparing
such a topology of an artificial network to a natural one, it bears only a perfunctory
resemblance of its natural counterpart. What is more important about artificial networks is

that they all exhibit extremely useful attributes such as learning, iadaptation, and

generalization. The artificial network learns by example. During the process of learning, it
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stores the "knowledge" or expenence as the weights, and it can also retrieve this

"knowledge" to perform the task similar to the one it has learned. Hence, the artificial

neural networks can generalize a problem as well. The human brain adapts itself to the

changing- environment and continues to learn. Analogous to this attribute, artificial

networks can also adapt their numerical values (weights) as the input stimuli change
,

during the learning process. These are very weak analogues between the artificial and

natural neural networks and there exist a vast discrepancies between these two disciplines

[James, et al., 1986]. However, the biological plausibilities explained above have made
i

artificial neural networks very successful in diverse fields. In this researchl work, it is used

as a powerful tool to recognize the four varieties ofmalting barley seeds.

Figure 4.4 A natural neural network comprising of six neurons.

Figure 45 An artificial neural network with six nodes.



4.4 Multi-layered feedforward networks
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According to their structure, networks can be divided into two categories
feedforward and recurrent networks. Usually the networks are arranged in layers. In a

layeredfeedforward network, each node is connected only to nodes in the next layer; there

are no connections backward to the nodes of a previous layer; no connections exist

between the nodes in the same layer, and no connections skip a layer. Figure 4.6 shows a
• I

very simple example of a layered feedforward network. In Wij' OJ' and 'i' represents the
I

source and destination respectively. The function represented by this nettork is shown in

Equation 4.4

Figure 4.6 Two-layered feedforward network.

(4.4)

Where f is the activation function and, yl and y2 are the outputs of hidden nodes 'Nl'

and 'N2' respectively. 'y3' is the final output from the output node 'N3' .the nodes on the

right side of the network such as node 'N3' are called output nodes. Thei small circles on

the left-hand end of the network are where input stimuli are presented to the network. The
i

nodes such as 'Nl' and 'N2' in between the input terminals and the �utput nodes are
I
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identified as hidden nodes. When a feedforward network has one or more! layers of hidden
nodes, it is called a multi-layered feedforward network. In contrast, a recurrent network

possesses arbitrary connections between the nodes. In this research wprk, only multi-
,

layered feedforward networks are used because they are relatively wen: understood and

they are known to function well for static functions such as pattern recog*ition. Recurrent
networks are more commonly used for dynamic applications such as control systems.

When the structure including the number of layers, the nodes per layer and the

activation function f for each node, is fixed then a function that a network can perform

depends only on the weights, wij. Equation 4.4 shows a typical function represented by the

network shown in Figure 4.6. If a nonlinear activation function is used then the whole

network can represent a very complex nonlinear function.

4.5 Networks as pattern classifiers

Neural networks can perform simple as well as complex problems] The complexity
that a network can handle depends upon its structure and the type of activation function.

The following three simple networks are presented to illustrate how the complex networks
used in this research work. In each network the weights {.,} are assumed tp be known. The

procedure for determining the weights is given in the next section.

A single layer single node network is depicted in Figure 4.7. T�e sign function,

Figure 4.3(c), is used as the activation function. From Equation 4.4, this network

represents a decision function,

(45)
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The input (x., X2) belongs to one class, say A if the output y is + 1 and class B if the output
is -I. The network has therefore performed a simple classification problem deciding
whether an input (x., X2) belongs to class A or class B.

(a)

x2

{ -1 } x I + {I} (\.2 + {1}( -1) = 0

/
Class A

0

II

•

•

+
Class B

(b)

Xo= -1

Figure 4.7 (a) Single node network structure (b) Decision regions.

The classification performed by the network can be analyzed by considering decision

regions created in two dimensional space spanned by the inputs (x., X2)j These decision

regions specify which inputs result in a class A, and which result in a class IE response. The

decision boundary,

{-I} Xl + {l} X2 + {I}(-I) = 0 (4.6)

produced by the network is a straight line and divides the entire input l space into two

decision regions as shown in Figure 4.7(b). All the inputs above the Iinei lead to class A

response (y = +1), and all inputs below the line lead to class B responsesjt y = -1). More

importantly, the equation of the decision boundary solely depends on the weights. The
threshold is also treated as a weight with fixed input Xo = -1.

The inputs shown in the above illustration are linearly separable. )Vhen the inputs
are not linearly separable the multi-layered feedforward network (MFFN) can still be used
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to classify them. A network such as that shown in Figure 4.8(a) can be' used to classify the

nonlinear inputs shown in Figure 4.8(b), where small arrows point to the positive half

planes.

X2

Xl ..----,.� Nl

:\��y
'12.5

1

Xo =-1

3

- class A

(a) (b) i

Figure 4.8 (a) Two layered feedforward network (b) Decision regions.

The decision function represented by the network is,

y=Sign[{l}Yl+ {1}Y2+{1}Y3+{25}(-1)]
\\hre

Yl =sigr{{l}xl+{l}(-l)],
Y2=sign[{1}x2+{1}(-1)] and

Y3= sign[{-l}xl+ {-1}x2+ {-3}(-1)].

(4.7)

The decision boundary produced by the network is piecewise linear convex that divides

the entire input space into two decision regions. All the inputs within the boundary line

lead to class A responses (y = + 1), and the inputs outside the boundary line lead to class B

responses (y = -1). As in the first illustration, the equation of the boundary line solely

depends on the weights.



54

When the networks use the 'sign' functions as their activation �nctions they can

not have more than one layer of nodes otherwise there is no algorithm which could be

used to determine the weights involved in such networks[Minsky an� Papert, 1988].
Therefore the weights involved in the network shown in Figure 4.8 can n�t be determined

:
but it is evident that such a network is necessary in real life problems where the patterns to

!
be classified are not always linearly separable. Fortunately, if a monotonically increasing
continuous function is used as the activation function then there are different algorithms
which can be used to determine the weights involved in such networksjkumelhart, et al.,
1988]. The cost paid for it is the complexity of the function the network represents, Figure

,
,

4.9 shows a nonlinear function represented by the network of the same structure as shown

in Figure 4.8(a) but with a 'sigmoid' activation function. It maps the two dimensional
,

input variables (X"X2) into a one dimensional output (y) that falls between (-1,+1) as

presented in Equation 4.8.

Since there are 17 inputs (x, X2, , X17) corresponding to 17 features of the

seed samples, the networks produce a highly complex mapping function in; the input space.
Such a mapping function can not be visualized graphically. Therefore: this example is

provided to give some understanding of complex mapping functions in higher dimensions.

o

-O.91r......_
-0.92
-0.93
-0.94
-0.95
-0.96
-0.97
-0.98

5 0

Figure 4.9 A nonlinear mapping function.
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y = f[ {1}f(y 1) + {1}f(y 2) + {1}f(y 3) + {2.5}(-1)] (4.8)

where

Y 1
= f[ {I} x i + {1}(-1)]

Y2 = f[{I}X2+ {l}(-I)]

Y3=f[{-I}X1+{-I}X2+{-3}(-I)] and

2
f(.) =

1 + e
-A.{.}

-1.

4.6 Determination of weights

There are different algorithms known as learning algorithms used to determine the

weights involved in different types of networks. The Widrow-Hoff algorithm, the

perceptron convergence algorithm, the Hamming network algorithm, the Carpenter

Grossberg network algorithm, Hopfield network algorithm are a few of the commonly

used algorithms [Widrow and Michel, 1990]. In this research work, the error back

propagation learning algorithm (EBPLA) [Rumelhart, et al., 1988] with momentum and

adaptive learning rate is used to determine the weights of the networks. If the summed

squared error (SSE) surface for a network is plotted in the weight space by computing the

SSE between the desired outputs provided externally and the actual outputs of the

network for different sets of weights keeping the input training patterns fixed, then

EBPLA is the method of error gradient descent downhill on this SSE surface. Figure 4.10

depicts a SSE surface for a network having two weights. And (W[,W2) is the desired set of

weights found by EBPLA corresponding to global minimum of SSE surface.

The EBPLA searches for a minimum where the gradient becomes zero, thus giving

a special set of the weights which when used with the input training patterns, produces a

minimum SSE. It simply means that the network maps the inputs into the desired outputs

after a successful supervised learning period. The network is then said to be trained, and

can be used to recognize similar new patterns which it has never seen before. If the
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weights associated with a network are viewed as the parameters or coefficients of the

function shown in Equation 4.4, then EBPLA just becomes a process of tuning the

parameters to fit the patterns in the training set. From a statistical sense, a network

therefore performs a nonlinear regression [Russell and Norvig, 1995].

50

___
Global minimum

SSE

o

weights w l weights w2

2 -6

Figure 4.10 Sum squared error surface for a network having only two weights.

4.7 Error back propagation learning algorithm (EBPLA)

In traditional classifiers, strong assumptions are typically made regarding the

underlying distribution of the input data. Most of the time multivariate Gaussian

distributions are assumed for implementation of simple algorithms. The parameters, the

mean and covariances, are then estimated from the input data for such a distribution, and

held constant. Contrary to traditional classifiers, a neural network changes its initial

random parameters, the weights, as the training data is presented to it and stores the

"best" set of weights which gives the least SSE for recognizing similar new data in the
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future. The changes or weight adjustments that a network makes to each of its weights

given the training data, in order to fmd the "best" set of the weights are done as follows.

Because a network having two hidden layers can find the "best" set of the weights for

arbitrarily complex problems [Lippman, 1987], no more than two hidden layers are used in

any network simulations in this research work. Besides the addition of even a large

number of hidden nodes does not make up for the lack of threshold [George and Robert,

1992]. Therefore the threshold for each node in the network is also considered and treated

as a trainable weight similar to the synaptic weights but connected to the fixed inputs of

-1. The change in the thresholds allow the hyperplanes to move around in the input feature

space during training phase which, otherwise, would always be bounded to pass through

the origin of the space crippling the resulting decision regions.

According to EBPLA, the slope of the error surface along the axis formed by each

weight is examined. Thus it is, essentially, the partial derivatives of the surface with

respect to each weight that represent how much the error would change if a small change

in weight is made. Then weights are adjusted in an amount proportional to the slope in

each direction. This moves the network as a whole in the direction of steepest descent on

the error surface in order to find a minimum.

Figure 4.11 represents a three-layered feedforward network. The quantities (x.,

X2, .....xI) are the inputs of the network, and (0[, 02, 0L), the outputs. The outputs of the

first and second hidden layers are denoted as (yt, y2, yJ) and (Zl. Z2, .....ZK) respectively.

A quantity such as Uji represents a weight connecting the ith input to the jth node of the

next layer. The same is true for the weights v and w.
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Figure 4.11 A three-layered feedforward network.

The input pattern vector is, The weight matrix connecting the inputs to the

1 SI hidden layer is,

Xl UII Ul2 · Ull

U21

X= Xi U= U jl Uj2 · Ujl

XI Un Un · Un

From synaptic confluence operation, and the output vector of the 1 st hidden layer is,

net j
= net j

= ux ,

net]

where, Tj.] is the sigmoidal diagonal operator as follows,



r[.] =

tC.) 0

o tC.)

o o

Similarly, the output vector of the 2nd hidden layer is;

Z= r[netk]'

And the final output is,

0= r[netl]'

If the desired (target) vector is provided as,

59

o

o

fC.)

then the error produced by the network for a specific pattern vector is computed as,

1 L 2

E =- 2:.(dz-oz)2Z=1



60

Hence the required adjustments in weights connecting the 2nd hidden layer to the

output layer is computed as below.

LlW Zk
= -11 aaE , where 11 is the learning rate;

WZk

aE a(net z)
=

-l1-a(-n-et-z)" a WZk

aE a oz a(net /)
=-11-

aOz·a(netz)" a WZk

= -11 a(�/)[� { (d1-ol+....+(dl- 01)2
= 11· (d Z + 0 Z). f' (net Z).Zk

For a sigmoid activation function, f' (net z) = � (1- o? ).

Hence,

where () Z
= (d Z- Oz).�(l- on, and is called delta error signal produced by the lth node

of output layer '0'.

Therefore the weights Wlk can be adjusted as follows.

1 = 1,2, .... ,L; k = 1,2, .... ,K (4.9)
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The required changes in the weights connecting the 1 SI hidden layer to the 2nd hidden layer
are computed as follows.

dE
�Vkj = -11·-dVkj

dE d(netd
= -11

d(netkr d V kj

dE d Zk d(netk)
= -11- -----"-- ---

dZk·d(netkr dVkj
= -l1-=!-[_!_{(d 1- 01)2 + ....+(d L

-

0 L)2}]. CI(
d

) [J(netk)}�[V kl Yl+·'··+v kJ Y J]0Zk 2 ° net ; oVkj

= -l1-=!-[_!_{d 1- J(WUZI+....+WIKZK)}2 +....+_!_{d L - J(w LIZl+····+W LK ZK)}2]UZk 2 2

. (d )[J(netk)].�[VklYl+....+VkJYJ]d net k o V kj

= l1[(d 1
- 01)J

I

(netl).Wlk +....+(d L
-

0 L)J
I

(net L). WLk].J
I

(netd. Y j

=11( r(d 1- OI)J
I

(netl).Wlk].J I

(net k). Y j1=1

=11[ rbIWlk.].J' (netd· Y jl=1

={!/lIWlk In (1-d)]Y j
=l1.bk·Yj

Hence the weights are adjusted as follows.

Vkj (t) = Vkj(t -1)+,1 Vkj
= Vkj(t -1)+ 11.bk. Y j; k= 1, 2, ....K; i= 1,2, ... .1. (4.10)
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Similarly, the weights connecting the inputs to the lSI hidden layer 'can be adjusted as

follows.

aE
d U ji

=

-l1-a-
= 11·() i: Xi;

U ji

Uji(t)=Uji(t-I)+dUji=Uji(t-l)+l1.()j.Xi; j=I,2, .... J; i=I,2, .... I (4.11)

4.7.1 True gradient descent and adaptive learning rate

If the weights of a network are updated for each presentation of the training

pattern using Equations (4.9), (4.10) and (4.11) then each of the input patterns will have

its own error surface in the weight space [Zurada, 1992] [Widrow and Michel, 1990]. The

EBPLA performs the gradient descent method on each of the error surfaces. The total

SSE at a specific set of weights is then computed by adding all the SSE at that set of

weights on each of the SSE surfaces. This is a crude gradient descent method. On the

other hand, if the weights are updated only after presenting overall training patterns, an

epoch, using the following equations

U ji (t) = U ji (t - I) + L d U ji;
p

Vkj(t) = Vkj(t -1)+ L d Vkj;
p

w lk (t ) = W lk (t - I)+ L dW lk ;

P

(4.12)

(4.13)

(4.14)

where p stands for overall training patterns, then only one total SSE surface will form and

EBPLA performs a true gradient descent on this error surface [George and Robert, 1992]

[Widrow and Michel, 1990] [Minai and Williams, 1990]. The true gradient descent can be
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approximated by the crude gradient descent provided a very small 11, the learning rate

[Widrow and Michel, 1990]. But the adaptive learning rate (ALR) can not be implemented
with the EBPLA in response to the crude gradient descent because 11 estimated for the

error surface of a specific input pattern would apply to the error surface of the next

incoming input pattern which might be absolutely different in topology from the previous
error surface. The learning rate, 11 is chosen on an ad-hoc basis in simple EBPLA, even

though it might lead to undesirable results. A very small 11 guarantees a network to

converge to a minimum but it requires a relatively longer training time, while a large 11

keeps the network jumping over the minimum without converging. The EBPLA with ALR

can solve the problem of picking 11 in an ad-hoc fashion, both minimizing the training time

and guaranteeing a network to converge to a minimum. Hence the true gradient descent

method on the total SSE surface was considered in order to implement ALR with EBPLA

in this research work.

The weights are initialized to small random numbers, and an initial value of 11 is

provided. The first epoch is presented to the network and the total summed squred error

is computed. The weights are then updated as shown in Equations 4.12 to 4.14 using the

initial 11. The new SSE in response to the updated weights is then calculated for the

second epoch. If the new SSE is greater than the old SSE by more than a predefined ratio

(typically 1.04), or the new error is equal to the old error [Demuth and Beale, 1994], all

newly calculated quantities are discarded, and 11 is decreased (typically by multiplying by

0.7). Otherwise the new weights, the output of each layer, and the SSE are kept for

following epochs. If the new error is less than the old error then 11 is increased (typically

by multiplying by 1.05). This procedure continues and at each epoch new weights are

calculated using the current 11. Therefore the purpose of the ALR technique is to increase

11 but only to the extent that the network can learn without large error increases. Thus a

nearly optimal learning rate is obtained for the local terrain of the error surface. A portion
of data was extracted from a simulation, and is plotted as presented in Figure 4.12 to show

graphically how ALR works.
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Figure 4.12 Adaptation of learning rate 11 with respect to the total SSE.

4.7.2 Minima and momentum

64

The perceptron [Minsky and Papert, 1988], a single layer network with a step

activation function, is only good for solving problems when the input data are linearly

separable. Linear networks (networks with linear activation function) always have only
one minimum, the global minimum, in their error surface (a paraboloid error surface)

[Widrow and Michel, 1990], and the learning rules associated with the gradient descent

method can always find the "best" set of weights corresponding to the global minimum.

But a linear network can not take advantage of hidden layers which are extremely essential

for internal representation of the input data to solve complex problems, because for every

multi-layered linear network, there is an equivalent single layer linear network [Russell and

Norvig, 1995] [Demuth and Beale, 1994]. Nonlinear networks with activation functions

such as sigmoid function, overcome the problems posed by the perceptron and the linear

networks but unfortunately, the nonlinear activation functions in MFFN introduce many
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local minima on the error surface. Figure 4.13 shows a typical error surface with local

minima. As gradient descent is performed on this error surface, a network may get stuck

into a local minimum. If the local minimum is not close to the global minimum then a

network can not produce an optimum solution.

Minima

50
5

o weights w

0.25 5

weights wl

Figure 4.13 Minima on the error surface.

To overcome this problem, the momentum technique is used with EBPLA.

Momentum decreases EBPLA's sensitivity to small details in the error surface, and it helps
the networks to avoid getting stuck in "shallow" minima which, otherwise, would prevent

the networks from finding the lower error minimum. The momentum technique is

implemented by. making adjustments equal to the sum of a fraction of the most recent

weight changes and the current weight changes given by the EBPLA. Equation (4.15)

shows EBPLA with momentum technique mathematically.

W lk (t) = W lk (t - 1) + � W lk (t)
� Wlk (t) = (1- me).1l.01.Zk +mc.� wu: (t -1) (4.15)

where 't' and 't-l '

are used to indicate the current and the most recent weight adjustments
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and 'mc = 0.95' [Demuth, 1994] is the momentum constant. From Equation 4.15, it can

be seen that with me = 0, the change in the weights depends solely on the gradient
descent, and once a network finds a minimum where the value for the gradient becomes

zero, there will not be any change in the weights. Therefore the network gets stuck in the

minimum without further search for a lower error minimum. But with me, there will be

changes in weights proportional to the most recent change in the weights even when a

network is at a minimum on the error surface. This extra change in the weights introduced

by me causes the network to continue its search in the same direction as that made by the

most recent change in the weights. This helps the network to slide through a "shallow"

minimum.

As in ALR, the new weights and the outputs are computed taking me into account

and a new error is calculated. If the ratio of the new to the old error is less than the

predefined error ratio of 1.04 then the new weights are accepted. This helps a network to

climb a "shallow" hill. Otherwise the new weights, the outputs and the error are rejected.
This stops momentum from pushing a network out of a deep valley in the error surface.

Figure 4.14 shows the effect of the momentum technique when used with the EBPLA.

The momentum technique also accelerates the convergence of EBPLA [Jacobs,

1989] [Zurada, 1992]. This is illustrated in Figure 4.15 for a two dimensional weight
space. The error surface is drawn topographically using contours to represent regions of

equal error. The black dot in the center of the contours represents the minimum. The

direction of the error gradient vector at the current position, s2 is the same as that at the

most recent position, s 1. The magnitude of the error gradient vector at s2 is, therefore,

increased by an amount 'me ilw(t-l)' which otherwise would be -Tl'V'E(t) solely due to the

gradient descent. Hence the network gets its speed of convergence accelerated at s2

because of the momentum. This acceleration in convergence continues as long as bE/bw 1

and bE/oW2 do not change in sign

The derivatives bE/bwl and bE/bw2 have changed their signs when jumping from
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Figure 4.14

Beale, 1994].

(a) A network without 'mc' (b) Same network with 'mc' [Demuth and

me �w(t-l)

�cF---1lVE(t)
�-----r�-llVE(t) + me �w(t-l)

�w(t-l)

-llVE(t) + me�w(t-l)

Figure 4.15 'mc' accelerates the convergence for EBPLA, and also deviates the gradient
error vector toward the minimum [Zurada. 1992].

s3 to s4 in the error surface. The direction of the error gradient vector -llVE(t) would be

more toward s3, the most recent position where it came from, and lead to slow

convergence if the momentum technique had not been used. Due to the presence of 'mc',

the direction of the resultant vector -llVE(t) + me �w(t-l) is more toward the minimum.
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Hence the momentum technique is also helpful to direct the gradient vector toward the

minimum in the error surface. This also results in faster convergence of EBPLA.

4.8 Software structure

The software structure for the networks used in this research work was based

upon the overall concepts discussed in the preceding subsections. Figure 4.16 shows the

general topology of a nonlinear MFFN along with the mathematical symbols in matrix

form to make more clear the software structure-block diagram depicted in Figure 4.17.

Forward computations
SSE = SUm[A3-T]."2

p

RxQ
WI
SIxR

Al W2

SIxQ S2xSI
A2 W3

S2xQ S3xS2
A3

S3xQ

D2=(WT*D3).*[(I-A2."2) 12]
Dl=(W2T*D2).*[(I-AI."2) 12] D3=[A3.-T].*[1-(A3."2) 12]

Backward computations

Figure 4.16 Forward and backward computations involved in Batch EBPLA.

Symbols descriptions:
p Input patterns

Output of layer X

Weights of layer X

Number of nodes in layer X

AX

WX

SX



InitializeWI, W2, W3
Provide initial TJ; SSEmin; No. max. epoch

Submit Patterns, P; Targets, T

Compute outputs
AI, A2, A3 and SSE

Calculate delta error signals
D3, D2, D1

Compute changes in weights
dWI,dW2,dW3

Update weights
WI =WI + [(l-me) TJ DI pT + me dWI
W2 =W2 + [t l-mc) TJ D2 AIT + me dW2
W3 = W3 + [(I-me) TJ D3 A2T + me dW3Decrease TJ

0.7 * TJ

r
Discard

WI, W2, W3
dWI,dW2,dW3

Save
WI, W2, W3

dWI,dW2,dW3

Save
WI, W2,W3

dWI,dW2,dW3
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Figure 4.17 Block diagram of Batch EBPLA with momentum and ALR techniques.
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DX Delta error signal of layer X

XT Transpose ofmatrix X

. () Entry-wise operation .

Q Number of patterns

R Number of inputs(features)
T Target ( desired) output

It is worth noting that rows of w involve forward computations to calculate the outputs A

of each layer while columns involve backward computations to calculate the delta error

signals d for each node.

4.9 Summary

Neural networks are presented as the pattern classifiers. A mathematical model of

a biological neuron known as a node is explained. Compiling a number of nodes in

different layers, a multi-layered feedforward network (MFFN) is developed. An extremely

simplified analogy between natural neural networks and MFFN is presented. First the

MFNNs with known weights in low dimensions are explained to get some insight into

their classification ability and the effects of the activation functions in the performance of

the networks. An "improved" error back propagation learning algorithm (EBPLA) is

dicussed in detail to compute the weights of the nonlinear MFFN. The concepts of "batch"

learning, momentum technique, and adaptive learning rate (ALR) are highlighted using
suitable diagrams and mathematical derivations when appropriate. The chapter is

concluded with a block diagram of the software structure for the improved batch EBPLA.



5. IMPLEMENTATION AND RESULTS

5.1 Introduction

Two components of a visual pattern recognition system, namely the machine vision

setup and the neural network are discussed in the previous chapters. The machine vision

setup was used to extract 17 seed features from each of the seeds. The neural networks

are explained as the object recognizer that is provided the object features as the inputs.
This chapter presents the implementation of neural networks as seed recognizers to

discriminate between four varieties of malting barley seeds; Manley, Tr118, Tankard and

Creme. Different structures of neural networks were examined taking all 17 features into

account first in search of high recognition accuracy during computer simulations. A

redundancy in 17 features was then tested with Eigensystem Analysis, and the Average
Correlation Coefficient Technique (ACCT) was used to select the best n of 17 features.

Different network structures were examined again using only the best subset of the

original features. This approach was taken in order to see if the whole recognition system

could be made faster. The results obtained from the simulations are presented. A

distribution of training seed samples in three dimensional input feature space spanned by
the best three features is shown graphically at different views. Finally the outputs of the

network were subjected to a statistical analysis, the confidence level. Before presenting the

results the construction of training and test files respectively required to train the networks

and to test their performance are presented. A brief summary concludes this chapter.
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5.2 Characteristics of four barley seeds
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The four varieties of malting barley used in this thesis for variety discrimination

using visual pattern recognition system were Manley, Trl18, Tankard and Creme. Figure

5.1 shows a typical image of four barley seeds, one from each variety.

(a) (b) (c) (d)

Figure 5.1 An image of (a) Manley, (b) Tr118, (c) Tankard and (d) Creme.

Before attempting to discriminate between the four barley varieties using a neural

network, their quantitative characteristics (features) were studied to get an approximate
idea on how well those four varieties separate from each other on the basis of 17 features.

Histograms of each feature for four barley varieties were plotted. As a histogram plotted
for a specific feature using a large number of samples reflects a true distribution of the

samples for that particular feature, 800 seeds for each barley variety were examined. No

selection on seeds was made in order to retain their natural distributions. During feature

extraction, 25 seeds at a time from the same variety were manually placed on the

illumination baseplate in a 5x5 array fashion as depicted in Figure 5.2. This allowed
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maximum use of the field of view of the camera without the seeds touching each other or

the edge of the field. There was no restriction on placing the seeds within the field of view

of the camera because all the features used in this thesis are invariant to the position and

orientation of the seeds. A working distance of the camera from the baseplate was

adjusted to approximately 25 centimeters ; the field of view of camera was 5 x 3

centimeters, and the seed image magnification obtained was 50. With these adjustments,

Figure 5.2 A typical placement of 25 Manley seeds.

25 seed images fit into the available space on the computer screen. Since image analysis
software also produces features such as the number of holes within the object image,
minimum distance from the origin, etc. other than those considered in this thesis, all those

unnecessary features were deleted. Figures 5.3 and 5A respectively show roundness and

minimum radius histograms for each variety.

When a peak of a histogram is a distance apart from the peak of an other

histogram, then some degree of discrimination power can be attributed to that feature. It



74

I.Manley.Tr118 [JTankard •Creme I
300

250

200

�
c:
cD

150::::I
cr
!!!
u,

100

50

0

!6 IS r-- m co 12 lB r-- $ t: 1-'2 Ie r--
Ii) � r--

o o c::i c::i o c::i o 0 o c::i o o o

Roundness

Figure 5.3 Roundness histograms for four barley varieties.
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Figure 5.4 Minimum radius histograms for four barley varieties.
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can therefore be seen from Figure 5.3 that roundness has some degree of discriminating

power to separate Manley and Tr118 from Tankard and Creme. At the same time, it can

also be observed that this feature is almost useless to separate Manley from Tr118 or

Tankard from Creme. In Figure 5.4 minimum radius showed some degree of

discriminating power to separate one variety from each of the others. Histograms for all

17 features are provided in Appendix D. From only visual inspection of these histograms,
it was clear that no single feature existed which could be used for discrimination of these

four barley varieties. Almost all features carried some degree of discriminating power to

separate a variety from others, but on the other hand a considerable overlapping of some

feature histograms was also noted. This led to a situation where it was difficult to draw a

concrete conclusion on usefulness of 17 features without observing the recognition

accuracy that would be obtained from implementing those features in a recognition
.

system.

Table 5.1 shows the means and the standard deviations of 17 features estimated

from 800 seeds per feature per variety.

5.3 Training and test files

As described in Chapter 4, the error back propagation learning algorithm (EBPLA)

was used to train the neural networks in this thesis. To implement this algorithm, a

training file containing feature vectors from a number of training samples was required.
The techniques for extraction of feature vectors from seed samples have already been

presented in Chapter 3. Since a supervised training mode was imposed to train the

networks, it was necessary to assign a desired or target value corresponding to each of

the feature vectors constituting the training file. A desired value is that particular value

which was expected as the output from the network under examination when the

corresponding feature vector from training file was presented at the network inputs.
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In Matlab® a training file was divided into two matrices, P and T, of dimensions

(RxQ) and (SxQ) respectively. 'R' denoted the number of inputs, which was equal to the

number of features used for the pattern recognition process, and'S', the number of

outputs of a network. In this thesis, networks with only one output (S = 1) were

considered, and therefore matrix 'T' turned out to be a row vector. 'Q' denoted the

number of training samples required for successful training of a network. A desired value

Table 5.1 Means and standard deviations of 17 features for four barley varieties.

Manley Tr1l8 Tankard Creme
Feature Mean Std. Mean Std. Mean Std. Mean Std.

dey. dey. dey. dey.
1. Area 22.6202 2.2240 20.3740 1.6130 17.5160 1.8624 19.3302 1.6824
2. Perimeter 20.3172 1.1058 19.2248 0.8853 18.7376 1.1906 19.8070 1.2681
3. Major axis 8.1828 0.4059 8.1840 0.3501 8.1834 0.3780 8.1845 0.3222
4. Minor axis 3.4665 0.2141 3.2735 0.1488 2.7915 0.1545 2.9532 0.1533
5. Length 8.8174 0.5291 8.2288 0.4033 8.3082 0.6223 8.6835 0.4605
6. Width 3.8288 0.2414 3.5800 0.1840 3.0595 0.1831 3.2235 0.1733
7. Roundness 0.6880 0.0322 0.6924 0.0256 0.6268 0.0342 0.6235 0.0387
8. Min. radius 1.7630 0.1174 1.6347 0.0861 1.3684 0.1013 1.4726 0.0871
9. Max. radius 4.5582 0.2441 4.2725 0.1952 4.3771 0.2719 4.4910 0.2297
10. Aveg. radius 3.1462 0.2133 2.9936 0.1822 2.9325 0.2608 3.1328 0.1902
11. Axis ratio 0.4158 0.0275 0.4120 0.0216 0.3486 0.0252 0.3530 0.0210
12.Perimeter inva. 18.3061 0.8850 18.1721 0.6886 20.1778 1.1297 20.0442 0.9400
13. Radius ratio 0.3872 0.0245 0.3830 0.0209 0.3132 0.0237 0.3284 0.0208
14. Length ratio 0.4350 0.0281 0.4356 0.0233 0.3695 0.0264 0.3717 0.0205
15. Box-area 33.1756 3.3713 29.0693 2.4873 27.9409 2.7344 27.8591 5.1436
16. Box-area ratio 0.6823 0.0220 0.7016 0.0246 0.6420 0.0888 0.6930 0.0281
17. Mean gray level 168.038 7.7171 151.245 6.3087 147.904 3.4433 151.510 4.5451

of 'Q' for a specific pattern recognition experiment is still an open question. There are

different publications suggesting different ways of selecting this value.

In classical pattern recognition [Misel, 1972], it is mentioned that 'Q' should be so

chosen that the number of samples per class (variety) is at least 3-5 times the number of

features used. According to [Lippmann, 1987], this number should be at least several

times larger than the ratio of the number of weights in the network to the number of
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network outputs. [Mirchandani and Wei, 1989] have shown that the lower bound on 'Q'

for training a two layered network composed of each of one hidden layer and output layer
is equal to number of linearly separable regions (M) in feature space, and 'M' is

computed as in Equation 5.1.

M= f (HJ;k=O k
if n < H,

(5.1)

M � (:J+ (�} {:J = 2H; Otherwise

where

if k > H,

(HJ H!
Otherwise.

k
-

k!(H-k)!'

and H stands for number ofhidden nodes, and n, the number of inputs.

It is noted that more than one region might merge to form a single class. When Q
= M, ideally, a training sample is available for each region but the granularity of the

regions bounded by portions of partitioning hyperplanes will be coarse. Choosing Q / M

» 1 would hopefully allow the network to discriminate pattern classes using fme

piecewise hyperplane partitioning. It, therefore, suggested that Q should be much greater

than the number of regions.

According to the first suggestion, the number of training samples required for a

meaningful training was 85 (17x5) per barley variety if 17 features were used for

discrimination process, and the upper bound, 5, was chosen. Referring to the second and

the third suggestions, this number would be very large even for training a moderate size of

networks. For example, at least several times larger than 180 (17 * 10 + 10 * 1) training
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samples would be required for training a 17: 10: 1 NN according to the first suggestion, and

1024 (210) according to the second.

In this thesis, 800 training samples, 200 from each variety were chosen. This is

more than required in classical pattern recognition problems. Presenting as many training

samples to a network as possible is always an advantage. This better represents the sample
variations within a class, and creates boundaries which partition the feature space

minimizing the probability of a rare variation in the class population resulting in a more

generalized network. This amount of training samples was also sufficient to train networks

of moderate size according to the second and third suggestions. An equal number of

training samples from each variety (class) was chosen because a disproportionate number

of training samples would distort the decision boundaries in a manner emphasizing the

class represented by a larger number of training samples while crippling the class with a

fewer number.

Since a sigmoid such as the one shown in Figure 4.3(d) was used as the activation

function in the network, the outputs of the network was limited to [-1, 1]. The desired

output (target value) for each seed sample from four varieties was therefore assigned as

shown in Table 5.2. Noticeably, the desired outputs are not necessary to be equally

spaced.

Table 5.2 Desired outputs for four barley varieties.

Manley

Tr118

Tankard

Creme

+1

+0.25

-0.25

-1

Barley variety seed sample from Desired output

The 800 training samples were randomized in matrix P to prevent the network

producing the boundaries in feature space favoring only the variety whose training samples
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were dominant at the end of matrix P. The desired output values were also accordingly
randomized in row vector T to match their corresponding seed variety in matrix P.

A test file was constructed from 400 new seed samples, 100 from each variety

which the network had ever seen during its training phase. In Matlab®, a matrix 'p' of

dimension (Rxq) where q denoted the number of test samples, and R had the same

meaning as in training file, the number of features used for the recognition process,

represented the test file. To track the responses of the networks to the test samples easily,
the test samples (column feature vectors) in 'p' were not randomized. It was so arranged
that the first, the second, the third and the fourth hundred columns of 'p' were respectively
from Manley, Trl18, Tankard and Creme.

5.4 Results

A total of 48 neural networks of different topologies were examined. Both the

number of hidden layers and the number of nodes in each hidden layer were varied in

search for high recognition accuracy. Eigensystem Analysis showed a great deal of

redundancy among the 17 features. The Average Correlation Coefficient Technique was

then imposed to select the best 'n' of 'm = 17' features. Recognition accuracies of

different structures of networks were examined again using only n features. This approach
led to the possibility of designing a more practically feasible system to discriminate the

four varieties of barley seeds under consideration. The results obtained by examining 48

networks are grouped into four categories on the basis of the network topologies in the

following sections.. All computer simulations were conducted in Matlab® using a

Sparcstation 2+ platform. The CPU time required for training the networks is also

presented. It is noted that the Sparcstation 2+ is a CPU time shared multi-user platform,
and therefore the training time presented can only be used for rough estimation.



80

5.4.1 17:I:1 NN

A notation of 'n:I:l: 1 NN' is again used here to represent a neural network

composed of 'n' inputs, 'I' nodes in the first hidden layer, 'J' nodes in the second hidden

layer, and 1 output This was the first group of networks examined where the number of

nodes in the hidden layer, I, was varied from 2 to 19. An expected minimum summed

square error (SSE), the error goal, for each network was set at 0.1. A maximum number

of training epochs of 500 thousand was set for stopping the training unless the error goal
was achieved. An epoch is the total number of training samples (Q) constituting the

training file, that is, 800.

None of the networks examined in this group produced the error goal, and

therefore all training stopped after 500 thousand epochs giving SSE in the range [79.9,

93.2]. The training period varied from 4 to 40 hours. A 17:9:1 NN produced the lowest

SSE of 79.9. The learning (training) curve obtained for this particular network is shown

in Figure 5.5. Each learning curve accounted for a large amount of data (about 20 Mbytes)
with 500 thousand lines. To facilitate the storing and importing of data into graphing

software, only the first and the last 5000 lines of the training result were extracted. The

profiles of the learning curves of other networks examined in this group were similar to

Figure 5.5, and are therefore not presented. The error dropped rapidly within the first few

thousand epochs, and decreased very slowly thereafter until the specified maximum

number of training epochs was reached.

The magnitude of summed s depends not only on the nature of the samples used to

train the network but also depends on the number of samples used to train the network

and the number of outputs in the network. Networks with the same number of outputs

when trained using a larger number of training samples will usually produce a larger SSE

due to the larger number of terms in the sum. For similar reasons, networks with a large
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Figure 5.5 Learning curve for 17:9:1 NN

number of outputs trained using the same number of training samples would usually also

produce a larger SSE. This fact can also be realized from Figure 4.16 (Chapter 4). It

showed that an error even lower than 79.9 would obtain if fewer training samples were

used to train the 17:9: 1 NN. Thus the absolute magnitude of SSE does not reflect much

significance in itself, and while the error goal was not achieved, the relative magnitude of

SSE was still found to be a good measure to select the best among the trained networks

because all the networks were trained using the same number of training samples (800)

and a single output.

Figure 5.6 shows typical outputs (responses) of the 17:9: 1 NN when it was tested

by presenting the test file after 500 thousand training epochs. The outputs deviated from

the desired value established in Table 5.2. In an ideal case, all the outputs corresponding
to the test samples from the same variety merge into a single horizontal line at the desired

output value assigned to that variety. For example, ideally, all the outputs corresponding
to Manley test seed samples align in a horizontal line at + 1. One of the reasons behind the

undesirable deviations of network outputs was that there was a certain degree of

similarities between the barley varieties under consideration. Another reason was that the
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shapes and the mean interior gray value of barley seeds even from the same variety were

not consistent. Feature histograms provided in Appendix D, and the means and the

standard deviations of seed features presented in Table 5.1 provide validity for these

reasons. For visual inspection, photographs of each barley variety are also presented in

AppendixE.

• rvlanley
• Tr118

... Tankard

X Creme

T est samples

Figure 5.6 Typical outputs of 17:9: 1 NN

Since the network outputs deviated from the desired value, the output range

[-1,+1] was divided into four sub-regions as depicted in Table 5.3, one sub-region for each

variety, establishing a revised decision rule for calculating the recognition accuracy that

can be achieved using a particular network. As long as the outputs remained within the

respective sub-region, the amount of SSE associated with the network after training
would not then degrade the recognition accuracy of the network. The recognition

accuracy could therefore be as high as 100 % although a substantial amount of SSE was

still associated with the network. The revised decision rule therefore facilitated the

network outputs to move around the respective desired value compensating, to a certain
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extent, for the intravariety variations and the intervariety similarities of barley seeds and

resulting in better recognition accuracy.

Table 5.3 Revised decision rule for computing recognition accuracy of 17:1: 1 NN.

If

0.65 <

-0.1 < NN output

-0.65 <

-1 <=

<= Manley

<= 0.65 then. seed sample seen by the network is Tr118

<= -0.1 Tankard

<= -0.65 Creme

During the training phase, the test samples were presented to a network at every

50 thousand epochs to track the progress of training, and to note any significance therein

which could be beneficial to improve the performance of the network. This approach

produced 10 output sets for each network configuration. The recognition accuracies

obtained after imposing the revised decision rule to each of 10 output sets for each

network configuration in this group are given in Appendix F. Figure 5.7 shows the 8th

output set of 17:9: 1 NN which yielded the highest recognition accuracy on individual

seeds of 82.5 %. For comparison, the first output set of 17:3: 1 NN yielding the lowest

recognition accuracy of 66.75 % is shown in Figure 5.8.

The percentage recognition accuracies were computed by applying the revised

decision rule to the network outputs, and dividing the total number of samples correctly

recognized by the network by 4. Tables 5.4 and 5.5 present the four fold recognition

accuracy corresponding to the outputs shown in Figures 5.7 and 5.8.

The highest recognition accuracies obtained using different network topologies are

presented in Figure 5.9. After obtaining the highest recognition accuracy with the 17:9: 1

NN, the recognition accuracies decreased when the number of hidden nodes further
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Figure 5.7 The 8th output set of 17:9: 1 NN.

Table 5.4 Four-fold recognition accuracy for the outputs shown in Figure 5.7.

� Manley Tr118 Tankard Creme Overall recognition accuracy (%)

d

Manley 91 9 0 0

Tr1l8 5 84 10 1 82.5

Tankard 0 9 82 9

Creme 0 1 26 73

increased. The profile of this accuracy curve was, in fact, characterized by the decision

regions in input space discussed in Section 5.3. Referring to Equation 5.1, the number of

decision regions in 17 dimensional input space (n = 17) for a network having H = 9 hidden

nodes equals 512 (2H = 29). This number would be 1024 if H = 10. As mentioned earlier,

ideally, a sample is available for each decision region when the number of decision regions
in multi-dimensional input space equals to the number of training samples used resulting in

the highest possible recognition accuracy using that number of training samples. Because

the number of training samples (800) always remained less than the number of decision
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Figure 5.8 The first output set of 17: 3: 1 NN.

Table 5.5 Four-fold recognition accuracy for the outputs shown in Figure 5.8

� Manley Tr118 Tankard Creme Overall recognition accuracy (%)

d

Manley 84 15 1 0

Trl18 13 67 20 0 66.75

Tankard 0 12 66 22

Creme 0 0 50 50

regions after the number of hidden nodes exceeded 9, the recognition accuracy, therefore

never improved thereafter. From another prospective, the number of hidden nodes became

so large that the many weights in the network could not be reliably estimated from the

available training samples [Lippmann, 1987]. A similar accuracy curve was observed by

[Gorman and Sejnowski, 1988] when a 60:1:2 NN was adopted to classify sonar targets

into two classes using 192 training patterns. In the experiments for 6, 12, and 24 hidden

nodes, the recognition accuracies on training samples were found to be 99.7, 99.8 and

99.8 percentage respectively. From Equation 5.1, the number of decision regions
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corresponding to 60:7:2 NN and 60:8:2 NN, respectively equal 128 (27) and 256 (28).
Since the number of training samples used was 192, the highest possible recognition

accuracy would be obtained with the 60:7:2 NN.
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Figure 5.10 shows the types of decision regions in two dimensional input space
that could be obtained using different network topologies when the step activation

functions depicted in Figure 4.3(b) (Chapter 4) were used. The construction method was

used to show the validity of the decision regions because there exists no algorithm which

could be used to train multi-layered networks with step activation functions, for these

functions are not continuously differentiable. Figure 5.10 shows a two layer network can

not separate the meshed regions in input feature space, no matter how many hidden nodes

are used. Therefore three layer neural network (17 :1:J: 1 NN) was examined because if

meshed regions do exist in 17 dimensional input space then these networks, in general,
should yield recognition accuracies higher than that obtained using 17:1: 1 NN.

234 5 6 7 8 9 D n � a M m � v m N

No. of nodes ( I ) per 17 : I : 1 Neural Net

Figure 5.9 Accuracy curve for 17:1: 1 NN.
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The training and the test samples used in this network category were the same as

those used for 17:I: 1 NN. The number of nodes in the first hidden layer, I, was arbitrarily
chosen, and fixed at 6 because there is no hard and fast rule to choose the number of

nodes in the hidden layers unless the network has only one hidden layer, and the inputs are

linearly separable [Mirchandani, G. and Wei, c., 1989]. The number of nodes in the

second hidden layer, J, was varied first from 15 to 35 with a step of 5. Other networks

were then examined at the vicinity of the network yielding the highest recognition

accuracy. A total of 500 thousand epochs were presented to the first candidate network,

17:6: 15: 1 NN. The learning curve obtained using this network topology is shown in
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Figure 5.11 Learning curve for 17 :6: 15: 1 NN

Figure 5.11. The most remarkable characteristic found with this curve was that it started

in error after 200 thousand of epochs was observed. Therefore only 200 thousand epochs

were presented to the networks investigated in this group, and the progress of training

was examined at every 20 thousand epochs. None of the networks produced the minimum

error goal of 0.1, and the training stopped upon reaching 200 thousand epochs. CPU time

varied from 4 to 45 hours, almost the same as inthe 17:1: 1 NN group, to train a single

network. Because the networks started with a smaller SSE, the addition of one more

hidden layer did not require extra time to achieve a steady error.

Minimum errors obtained using different network topologies fell into a range

[38.5, 62.08]. A 17:6:25: 1 NN and a 17:6:20: 1 NN respectively yielded the lowest and the

highest error. The highest recognition accuracy of 84.75 % was obtained with the 6th

output set of 17:6:25: 1 NN depicted in Figure 5.12 when a revised decision rule shown in

Table 5.6 was applied; the four-fold recognition accuracy is presented in Table 5.7. The

worst case was found with 17:6:20: 1 NN which yield recognition accuracy of only 69.25

% corresponding to the first output set shown in Figure 5.13. Four-fold recognition
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Table 5.6 Revised decision rule for computing recognition accuracy of 17:1:1: 1 NN.

If

0.7 <

-0.1 < NN output

-0.5 <

-1 <=

<=

<= 0.7

<= -0.1

<= -0.5

Manley

then seed sample seen by the network is Trl18

Tankard

Creme

1
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Figure 5.12 The 6th output set of 17:6:25:1 NN.

Table 5.7 Four-fold recognition accuracy for the outputs shown in Figure 5.12

� Manley Tr1l8 Tankard Creme Overall recognition accuracy (%)

d

Manley 91 8 1 0

Tr1l8 7 85 4 4 84.75

Tankard 0 1 76 23

Creme 0 5 8 87

accuracy is presented in Table 5.S. An accuracy curve representing the highest recognition

accuracies achieved using different network topologies in this network category is

depicted in Figure 5.14. The intervals along the abscissa are not equal because the number

of nodes in the second hidden layer, J, were first varied from 15 to 35 in step of 5 to
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Figure 5.13 The first output set of 17:6:20: 1 NN.

Table 5.8 Four-fold recognition accuracy for the outputs shown in Figure 5.13

� Manley Trl18 Tankard Creme Overall recognition accuracy (%)

d

Manley 79 18 3 0

Tr118 9 69 20 2 69.25

Tankard 0 6 49 45

Creme 0 0 20 80

roughly locate a network yielding high recognition accuracy, and once 17:6:25: 1 NN

yielding the highest recognition accuracy was found, the other networks were then

examined at its vicinity. The number of nodes was also varied to certain extremes such as

5 and 50. None of the networks examined later produced recognition accuracy as high as

the 84.75% already obtained with the 17:6:25:1 NN. The graphical representation of

recognition accuracies obtained with each of 10 output sets for all network topologies
examined in this group is presented in Appendix G.
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Figure 5.14 Accuracy curve for 17:I:J:l NN.

5.4.3 Average correlation coefficient technique

91

Because a three layered network could form arbitrarily shaped decision regions in

the input feature space, no other networks with more than three layers were investigated,
and the recognition accuracy of 84.75 % obtained using the 17:6:25: 1 NN was assumed to

be the "best" that could be achieved on the basis of individual seed observation using the

features available. Then an approach was taken to see whether a fewer number of features

could be used to achieve the recognition accuracy as high as this. It would help to reduce

the complexity of the system making it more feasible in real time implementation.

The number of features is reduced by choosing the best subset of original features

possessing high discriminating power. Ideally, all (:) possible combinations were required

to be examined before selecting the best subset of n features from the original set of m.

This was computationally impractical for feature sets of even moderate sizes. For example,

divergence is one of the techniques to select a highly discriminatory subset of features. It

is based on the measurement of distance or difference between pairs of class probability
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densities in the feature space, and computed by integrating the quantity [p(x/i)-p(X/j)]log

[p(x/i)/p(X/j)] over all X, where p(x/i) is the conditional probability of feature vector X

on class i. In this technique, (:) n-fold integrals are required to find the best subset of n

out ofm original features.

An heuristic technique, the Average Correlation Coefficient Technique (ACCT)

was therefore used for selecting the best n of 17 features. This technique was

computationally feasible and required no assumptions about the statistical structure of the

samples used. It was based upon the idea that a feature that is very similar to another in

use adds very little additional discriminatory information. The first of n features is chosen

arbitrarily or by another technique. The second feature selected is the feature least

correlated with the first. Subsequent features are those that have the minimum average

absolute correlation coefficient with those already chosen. It was therefore necessary to

examine if similarities or correlations exist among 17 features, before implementing
ACCT. Eigensystem Analysis was used for this purpose. According to this analysis, a

17x 17 correlation matrix for 17 features was computed in Matlab® taking 800 samples

per feature, 200 from each variety, as shown in Table 5.9. Eigenvalues and eigenvectors
are tabulated in Table 5.10 where qi represents the column eigenvectors reordered with

respect to the decreasing eigenvalues. Values for qi are given in Appendix H.

The eigenvector corresponding to the largest eigenvalue represented the first new

component or axis in 17 dimensional input space along which the variance of the samples

(800) was a maximum. The eigenvector associated with the second largest eigenvalue

represented the second component, orthogonal to the first and accounting for as much of

the remaining variance as possible, and so on. Each new orthogonal component accounted

for a smaller proportion of the original total variance,

17

L (eigenvalue)i = 17.
i=1

The fraction of total variance governed by the ith component was given by,
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Table 5.9 Correlation matrix for 17 features.

4 6 9 10 II 12 13 14 15 16 17

I. Area 0.664 0.899 0.701 0.884 0.431 0.860 0.880 0.698 0.732 0.488 0.423 0.559 0.468 0.750 0.243 0.545

2. Major axis 0.273 0.940 0.279 0.295 0.903 0.292 0.934 0.873 0.323 0.297 0.189 0.327 0.532 0.127 0.206

3. Minor axis 0.355 0.978 0.727 0.582 0.965 0.353 0.436 0.820 0.716 0.834 0.798 0.651 0.245 0.579

4. Length 0.401 0.249 0.915 0.386 0.933 0.861 0.208 0.253 0.090 0.238 0.588 0.082 0.293

5. Width 0.682 0.590 0.956 0.366 0.418 0.795 0.671 0.817 0.793 0.668 0.194 0.586

6. Roundness 0.086 0.682 0.248 0.087 0.887 0.997 0.855 0.885 0.200 0.279 0.368

7. Perimeter 0.588 0.907 0.862 0.039 0.095 0.140 0.020 0.706 0.124 0.383

8. Min. radius 0.366 0.448 0.776 0.671 0.865 0.756 0.638 0.238 0.592

9. Max. radius Symmetric matrix 1 0.834 0.209 0.251 0.148 0.234 0.615 0.036 0.294

10. Average radius 0.086 0.089 0.032 0.127 0.369 0.452 0.285

11. Axis ratio 1 0.876 0.935 0.982 0.320 0.171 0.441

12. Perimeter invariant 0.844 0.875 0.187 0.286 0.358

13. Radius ratio 0.929 0.342 0.240 0.462

14. Length ratio 0.312 0.156 0.419

15. Box-area 0.451 0.432

16. Box-area ratio 1 0.084

17. Mean gray level

Table 5.10 Eigenvalues and eigenvectors of correlation matrix.

New component or Eigenvector Eigenvalues Fraction of variance Cumulative
axis

(Component) (Variance) variance (%)

1. ql 8.55719 0.503364 50.33638

2. q2 5.60859 0.329917 83.32808

3. q3 1.51938 0.089375 92.26558

4. q4 0.62788 0.036934 95.95897

5. q5 0.31054 0.018267 97.78565

6. q6 0.12446 0.007321 98.51775

7. q7 0.08247 0.004851 99.00284

8. qs 0.06936 0.004080 99.41083

9. q9 0.06036 0.003551 99.76589

10. qlO 0.02401 0.001412 99.90711

11. qll 0.00701 0.000412 99.94834

12. ql2 0.00487 0.000286 99.97698

13. ql3 0.00247 0.000145 99.99149

14. ql4 0.00066 0.000039 99.99535

15. ql5 0.00043 0.000026 99.9979

16. ql6 0.00029 0.000017 99.9996

17. q17 0.00007 0.000004 100

Total: 17
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Thefraction of total variance governed by the ith component was given by,

(eigenvalue )i
17

and the cumulative variance in percentage attributed to n of the 17 features was

computed as

n

L (eigenvalue) ..

.

1
1

l=
x 100%.

17

All of these quantities are tabulated in Table 5.10. The fraction of variance and the

cumulative variance in percentage versus the number of components were plotted as

shown in Figure 5.15. The first 7 components accounted for almost all (99%) of the total

variance showing the 17 features highly correlated. In other words, there existed a great

redundancy in the 17 features. This analysis thus showed a possibility on reduction of the

17 features into only 7 features while maintaining most of the spatial information

contained in the samples. But it did not indicate which 7 features to be chosen. Therefore

ACCT was used to select the best 7 out of 17 features.

-- Fraction of variance -- Cumulative percentage variance

10

0.9

0.8

<U
0.7o

c:
�

'a 0.6
>
'- 0.5
0
c: 0.40

.� 0.3
�

0.2

0.1

0.0

<U
80 §
70 'a

>

60 '5
50 B

1S.

- - - - - - - - - - - - - - - - - - -

I I I I I ( 1 I I

_ !... _ L _ 1_ _ ,_ _ 1_ _ !... _ !... _ L _ L _

-

r
-

r
-

r
-

,-
-

r
-

r
-

r
-

r
-

r
-

, , ,
- - - - - - - -

I , , I I
. - - - - - - - - - - 40 <u

>

30 '.g
-;

20 §
U

I I I I
- - - - - - - - - -

1 2 3 4 5 6 7 8 9 10 11 12 .13 14 15 16 r7

Component (Dimension)

Figure 5.15 Eigensystem analysis of correlations among 17 features.



95

In ACCT, although the first of the best n features could be chosen arbitrarily, a

feature possessing the least expected probability of error (POE) was selected. This

approach was taken to include the feature having the most discriminatory power among

17 features in the best subset of 7 features which otherwise might be replaced by an

arbitrarily chosen feature correlated with it but carrying lower POE resulting in loss of

spatial information. POE for each of 17 features were estimated using FORTRAN77 code.

For a particular feature, each of 3200 samples, 800 from each variety (class), was

assigned to one class by computing the probability of membership in each of the four

classes and choosing the class with the largest value. The fraction of samples incorrectly
classified was the expected POE for that particular feature. The probability of

membership in class k for a feature vector (sample) X is proportional to the probability
.density function (pdf) of class k at point X times the a priori probability of class k, and a

priori probability of class k is the fractional representation (of samples) used for

computing POE. Since the equal number of samples (800) from each variety was taken for

computing POE, a priori probability of each class was the same. The pdf for each feature

Table 5.11 POE for 17 features.

Feature POE

1. Minor Axis 0.361
2, Width 0.370
3. Min. Radius 0.380
4. Gray value 0.462
5. Area 0.476
6. Radius Ratio 0.477
7. Axis Ratio 0.499
8. Length Ratio 0.507
9. Box-area 0.528
10. Perimeter Invariant 0.548
11. Roundness 0.573
12. Box-area Ratio 0.580
13. Perimeter 0.589
14. Length 0.611
15. Average Radius 0.611
16. Max. Radius 0,654
17. Major Axis 0.731
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was obtained using the means and standard deviations presented in Table 5.1. The POEs

calculated for each feature are tabulated in Table 5.11 in ascending order.

Minor axis feature possessed the least POE among 17 features, and therefore this

feature was chosen as the first feature in ACCT [Mucciardi and Gose, 1971]. Box-area

ratio gave the smallest value for absolute correlation coefficient when the absolute

correlation coefficients between the minor axis and each of the remaining features were

computed, and therefore it was selected as the second feature. The subsequent five

features were those that possessed the minimum average absolute correlation coefficient

with those already chosen. Table 5.12 presents all 17 features ranked according to ACCT.

Table 5.12 Features ranked according to ACCT.

Rank Feature

1. Minor axis

2. Box-area ratio

3. Maximum radius

4. Gray value

5. Major axis

6. Radius ratio

7. Length
8. Perimeter invariant

9. Roundness

10. Average radius

11. Box-area

12. Axis ratio

13. Perimeter

14. Length ratio

15. Width

16. Minimum radius

17. Area



A number of networks using only the best 7 features were examined for

discriminating barley varieties. Performance of those networks is presented in the next

section. Table 5.13 shows the best 7 features representing the remaining 10 features.

Graphical interpretations are also given in Table 5.14 using probability density functions of
the features.

Table 5.13 The best 7 features and the features represented by each of them.

Best 7 features Features represented Number of features

represented
1. Minor axis Width, Minimum radius

2. Box-area ration None

3. Maximum radius Perimeter

4. Mean gray level Area, Box-area 2

2

o

5. Major axis None 0

6. Radius ratio Roundness, Axis ratio, Perimeter invariant, Length ratio 4

7. Length Average radius 1

10 (Total)

These tables were constructed observing the correlations between the original
feature vectors and their transformed feature vectors obtained using Eigenvector Analysis
(known also as the Karhunen-Loeve expansion and principal components analysis)
[Morrison, 1976], [Namboodiri, 1984] [Jennings, 1977]. According to this analysis, the

original data matrix, X(800, 17) whose columns represented the original features, and

rows, the number of samples, 200 from each variety, was transformed into a new

uncorrelated data matrix Y(800, 17) as in Equation 5.2.

X*E=Y (5.2)

Where E(l7x17) represented a matrix whose columns were the eigenvectors provided in

Appendix E, of the original data matrix, X. The new uncorrelated features could be used

97



Table 5.14 Graphical representation ofTable 5.13.
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Table5.14 continued.
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in place of the original features in the experiment but it would then be' required 'to change
the original features each time the system runs. Thereforethe new features (data) were not

considered in this thesis except as the reference for creating Table 5.13. The correlations

of each original feature in X with each new feature contained in Y are shown in Table

5.15.

Each of the best 7 original features was assigned to the new features it was most

correlated with. For example, the major axis feature'was assigned to the 16th new feature

for it possessed the largest correlation coefficient (0.953) with this new feature. Similarly,
minor axis, length, maximum radius, radius ratio, box-area ratio and interior mean gray

level were assigned to the 14th, 16th, 2nd, 5th, 12th and the 1st new features respectively
as shown in the dark shaded cells in Table 5.15. Each of the remaining 10 original features

were then assigned to one of the best 7 original features considering new features with

which they were most correlated. For example, the area feature was assigned to the

interior mean gray level feature for it correlated most (0.965) with the 1st new feature

among the 7 new features representing the best 7 original features as shown in the light
shaded cells in the 1st column in Table 5.15.

The major axis and length features strongly correlated with the same new feature

(16th), therefore only one of them could be used in the recognition process reducing the

number of the best features to six at the cost of a little loss of variance (0.485% of the

total as computed inTable 5.10). Because the desired variance was set at 99% of the total

variance during Eigensystem Analysis, both of these features, though strongly correlated,

appeared within the best 7 features. The perimeter invariant feature was negatively
correlated with other features represented by the 5th new feature as seen in shaded cells in

the 5th column of Table 5.15. It also agreed with the graphical interpretation shown in

Table 5.14.



Table 5.15 Correlation coefficients of original and new features.

15. 16.13. 14.8. 11. 12.9. 10.6. 7.3. 4. 5.2.

0.784 0.703 -0.304 -0.712 0.548 -0.882 -0.965 -0.890 0.929 0.759 0.156 -0.185 0.884 0.991 0.620 -0.977

0.606 0.910 0.507 -0.353 -0.088 0.273 -0.637 -0.817 -0.647 0.656 0.385 0.331 0.457 0.350 0.744 -0.732

0.888 0.478 0.605 -0.187 -0.861 0.554 -0.761 -0.765 -0.766 0.811 0.748 0.003 -0.502 _I 0.841 0.241 -0.831

0.666 0.928 0.568 -0.311 -0.143 0.271 -0.662 -0.837 -0.713 0.712 0.455 0.364 0.410 0.383 0.779 -0.736

0.886 0.499 0.627 -0.180 -0.834 0.519 -0.755 -0.768 -0.783 0.814 0.758 0.049 -0.472 0.830 0.262 -0.821

Roundness 0.427 -0.181 0.154 0.029 0.260 -0.251 -0.199 -0.257 0.294 0.394 -0.333 -0.893 0.776 0.311 -0.376 -0.304

Perimeter 0.821 0.679 -0.359 0.465 -0.826 -0.953 -0.833 0.854 0.607 0.349 0.301 0.534 0.918 0.898 -0.908

Min. radius 0.873 0.595 -0.155 -0.820 0.494 -0.743 -0.759 -0.751 0.795 0.727 0.012 -0.458 0.827 0.298 -0.815

0.671 0.597 -0.323 -0.166 0.321 -0.696 -0.823 -0.701 0.719 0.483 0.404 0.390 0.387 0.773 0.891 -0.741

Average radius 0.608 0.325 -0.215 -0.142 0.553 -0.540 -0.800 -0.565 0.597 0.273 -0.006 0.384 0.464 0.793 -0.794

Axis ratio 0.510 -0.071 0.288 0.023 0.388 -0.367 -0.267 -0.366 0.'104 0.501 -0.198 -0.759 0.699 0.384 -0.327 -0.384

Perimeter invariant -0.417 0.190 -0.141 -0.029 -0.256 0.239 0.191 0.245 -0.283 -0.381 0.344 0.897 '-0.773 -0.303 0.381 0.296

0.564 0.019 0.305 0.003 0.356 -0.411 -0.365 -0.418 0.455 0.506 -0.209 -0.691 0.737 0.462 -0.160 -0.469

0.'193 -0.088 0.282 0.012 0.373 -0.356 -0.258 -0.352 0.385 0.494 -0.194 -0.767 0.686 0.360 0.344 -0.381

Box-area 0.800 0.997 -0.448 -0.677 -0_()36 -0.965 -0.760 -0.960 0.939 0.977 0.748 -0.250 0.626 0.748 0.621 -0.675

--- 0.002 -0.111 -0.510 0.229 0.038 0.770 0.222 -0.183 0.207 -0.126 -0.407 .11 0.120 0.268 0.234 -0.063 -0.321

0.350 0.436 0.569 -0.539 0.271 -0.504 -0.504 -0.524 0.511 0.473 0.078 -0.250 0.537 0.521 0.202 -0.496

17.

_.

o
tv
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5.4.4 7:6:J: 1 NN

After selection of the best 7 features, 7:6:1: 1 NNs were simulated. The same

number of training and test samples were used as in the previous simulations. A 7:6: 15: 1

NN yielded a recognition accuracy of 80.25% when 1 varied from 5 to 25 in steps of 5.

Simulating more networks in the vicinity of 1 = 15, a 7:6: 13: 1 NN produced a recognition

accuracy of 81.25%. None of the networks 'converged to the error goal of 0.1. All training

therefore stopped upon reaching the specified maximum training epochs of 200 thousand;

SSE varied from 77.48 to 80.5. From eight to 22 hours of CPU time were required to

train a single network in this group. As for the previous networks, recognition accuracies

at every 20 thousand training epochs were examined in each network configuration. The

10th output set of 7:6: 13: 1 NN which yielded 81.25% of recognition accuracy is depicted
in Figure 5.16, and the corresponding revised decision rule is given in Table 5.16. A four

fold recognition accuracy is shown in Table 5.17. Recognition accuracies obtained with

each of the 10 output sets for each network topology examined in this category are

presented in Appendix I.

Comparison of this result with that obtained with the 17:6:25: 1 NN yielding
84.75% recognition accuracy revealed that individual recognition accuracies for Manley
and Tr118 increased, but decreased for Tankard and Creme. The reason is that the

topology of the network had been changed, and therefore, the new decision regions
formed in the input space during training phase were more favourable to Manley and

Tr118 but not for Tankard and Creme. An accuracy curve for this group of networks is

shown in Figure 5.17.

All the networks presented so far used more than three features. Therefore the

distribution of training samples (feature vector points) in such higher dimensions was not

possible to interpret graphically. To observe an approximate distribution of training

samples in the feature space, only the best 3 features from Table 5.12 were considered.
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The following section presents this distribution along with the results obtained with the

3:6:J: 1 NN in recognizing the four barley varieties under consideration.

Table 5.16 Revised decision rule for computing recognition accuracy of 7:I:J: 1 NN.

If

0.7 <

-0.1 < NN output

-0.6 <

-1 <=

Manley

then seed sample seen by the network is Trl18

Tankard

<= 1

<= 0.7

<= -0.1

<= -0.6 Creme
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Figure 5.16 10th output set of7:6:13:1 NN.

Table 5.17 Four-fold recognition accuracy for the outputs shown in Figure 5.16

� Manley Trl18 Tankard Creme Overall recognition accuracy (%)

S

Manley 97 3 0 0

Tr118 2 86 11 1 81.25%

Tankard 0 5 70 25

Creme 0 2 26 72



,..,
78 - -

_"""--"I";:_

g 76
....

8 74
o
OJ 72
<= ""'" "

1 H·. � • • : ••. : • • :. • • : • ·

: .. : .•••••• ,

• •
0 • ·1

62 - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

_ _ .J _ _ _
I

_ _ _
I

_ _ _ 1_ _ _ .! _ _ _I _ _ _

I
_ _ _ 1_ _ _ !... _ _ ..! _ _ _

- - _..' - - -

I
_ _ _ 1_ _ _ 1_ _ _ � _ _ _I _ _ _

I
_ _ _ 1_ _ _ � _ _ ..! _ _ _

16 20 2510 13 14 1511 12

No. of nodes ( J ) per 7 : 6 : J: I Neural Net

Figure 5.17 Accuracy curve for 7:6:J:1 NN.

5.4.5 Distribution of training samples and 3:6:J:1 NN

105

The average correlation coefficient technique (AACT) provided the best 3

features, namely minor axis, box-area ratio and maximum radius as shown in Table 5.12.

Figure 5.18 shows how 800 training samples, 200 from each barley variety, were scattered

in the three dimensional feature space spanned by those three features. The samples were

viewed at 25° x-rotation and 45° z-rotation. The plot revealed that the data (training

samples) do not cluster to any great extent into the four desired barley classes. Many of

the training samples intermingle with the other varieties. To get more insight into the

distribution of the samples, the top view, the front view and the right-side view are

respectively presented in Figures 5.19 to 5.21. The minor axis and box-area ratio features

separated the training samples into four regions better than any other combinations of two

features. Minor axis and maximum radius features separated Manley and Trl18 to a

certain extent but could not separate Tankard from Creme as seen in Figure 5.20 (Front

view). Most of the training samples from Tankard separated from the rest for a

combination of box-area ratio and maximum radius features as depicted in Figure 5.21



Maximum radius

5.5-

5

4.5

4

3.5

2.5

G

Minor axis

106

Manley �

Tr118 +

Tankard' G

Creme X

Boxarea ratio

Figure 5.18 A plot of800 training samples in 3D feature space.

Minor axis

Manley �

0.75 Tr118 +

Tankard 80.7

0.65

0.6

0.55

0.5

0.45

Creme X

Boxarea ratio

Figure 5.19 Top view of800 training samples in 3D feature space.
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(Right-side view). Training samples from Creme intermingled with those from Tankard in

all cases. Since these three features accounted for 92.27% of the total variance contributed

by all 17 features, these plots can therefore be considered as an approximate graphical
representation of samples from Creme always intermingled with those from Tankard.

These original data were used only to facilitate visual interpretation of training samples
chosen for this research work.

A number of networks were then simulated to examine the recognition accuracy

that could be achieved using only these three features. None of the 3:6:J: 1 NN converged
to the error goal of 0.1, and all training halted upon reaching the specified maximum

number of training epochs of 200 thousand. A 3:6:15:1 NN produced the highest
recognition accuracy of 73.5% when the number of nodes in the second hidden layer, J,

.

varied from 5 to 25. None of the network configurations investigated in the vicinity of J =

15 produced recognition accuracy higher than 73.5%. The 6th output set of the 3:6: 15: 1

NN yielding the highest recognition accuracy is shown in Figure 5.22. The revised

decision rule and the four-fold recognition accuracies are presented in Tables 5.18 and

5.19 respectively. Recognition accuracies obtained with each of the 10 output sets for

each network configuration examined in this network category are presented in Appendix
J.

Figure 5.23 shows the plot of the highest recognition accuracies obtained with

each of the networks. CPU time varied from 8 to 36 hours to train a signal network.

5.5 Comparison of four network categories

A comparison of four network categories investigated in this thesis is presented in

this section. The accuracy curves obtained with each of the category are redrawn as an

XY scatter chart as shown in Figure 5.24. Recognition accuracies obtained using
the7:6:J:1 NN varied the least among the four network categories. It showed that the
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Table 5.18 Revised decision rule for computing recognition accuracy of 3:I:J:1 NN.

If

0.6 < Manley<=

-0.1 < NN output

-0.5 <

-1 <=

<= 0.6 then seed sample seen by the network is Trl18

Tankard<= -0.1

<= -0.5 Creme
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Figure 5.22 The 6th output set of 3:6: 15: 1 NN.

Table 5.19 Four-fold recognition accuracy for the outputs shown in Figure 5.22.

� Manley Tr118 Tankard Creme Overall recognition accuracy (%)

d

Manley 63 26 5 6

Tr118 9 82 6 3 73.5

Tankard 0 3 69 28

Creme 0 4 16 80
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Figure 5.24 Accuracy chart for four network categories.

redundant features, unnecessarily made the networks sensitive to the nodes (weights)

without any significant improvement in their performance. When the number of features



111

was further decreased to only the best three, the recognition accuracies yielded by the

3:6:J: 1 NN almost always remained less than any network investigated in this thesis. From

Table 5.10, the best 7 and 3 features respectively accounted for 99% and 92.27%

variances. A difference of (99-92.27 = ) 6.73% variance reduced the recognition accuracy

by (81.25 - 73.5 =) 7.75%. Table 5.20 presents a comparative study of the four best

networks, one from each network category, in recognizing four barley varieties.

Table 5.20 Comparison of four best networks, one from each network category.

� 17:9:1 NN 17:6:25:1 NN 7:6:13:1 NN 3:6:15:1 NN

ognition accuracy

r

Manley 91 91 97 63

Trl18 84 85 86 82

Tankard 82 76 70 69

Creme 73 87 72 80

Overall recognition accuracy (%) 82.5 84.75 81.25 73.5

Required epochs (x 10l) 400 120 200 120

Maximum training epochs (XIOl) 500 200 200 200

CPUtirne 20 45 12 14

SSE 79.5 38.5 78.2 106.4

Features used (%) 100 100 41.18 17.64

Variance accounted for (%) 100 100 99 92.27

A 7:6:13:1 NN used only 41.18% of the total features while yielding recognition
accuracy almost as high as that produced by using all 17 features as in 17:6:25: 1 NN.

Looking at individual recognition accuracies of barley varieties, a 17:9: 1 NN showed the

highest percentage to Tankard, a 17:6:25:1 NN to Creme, and noticeably a 7:6:13:1 NN

to both Manley and Tr118. A 3:6:15:1 NN never yielded recognition accuracy for any

barley variety higher than that obtained with other networks. CPU time required for

training the 7:6: 13: 1 NN was also less than that required for the rest of the networks.

Recognition accuracies for Tr118 were found to be more stable (looking across the table)
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than for any other varieties. It might be because of the widest sub-region it had in the

revised decision rule.

5.6 Statistical analysis of network outputs

The word observation is used in the following explanations as the number of seed

samples (sample size) presented to a network inputs before making any decision from

network outputs regarding the variety the samples belong to. In this terminology, the

recognition accuracies obtained so far using different network topologies were therefore

based upon single seed (individual) observations. Single seed observation involves

automatic separation of barley seeds from their admixture. As seen in the previous

sections, a recognition accuracy of 84.75% was obtained using a 17:6:25: 1 NN, one of the

48 networks investigated in this work. It was, therefore reasonable to conjecture that

recognition accuracy would not improve much unless some other features having more

discriminatory power were used. But recognizing a variety presenting a certain number of

seed samples to a network, the multi-seed observation, was found be a different scenario.

A statistical analysis, the confidence level, was imposed to the network output obtained

from individual observations. Barley varieties were then recognized with high probability
of success when a certain number of seed samples were presented to the network.

A confidence level [Neville and Kennedy, 1968] of c% defined over a confidence

interval [xl, x2] limited by the confidence limits xl and x2 is the probability expressed in

percentage that an observation falls within the confidence interval. Based upon this

statistical analysis, an approach was taken to determine what minimum sample size

observation was necessary to recognize a barley variety with a low probability of failure.

Because a 17:6: 13: 1 NN yielded the highest recognition accuracy of 84.75% in individual

observation, the outputs of this network were subjected to the statistical analysis. This

analysis requires the data to be normally distributed. Since the sigmoid activation functions

were used in the networks, the outputs were forced to be in the range [-1, 1]; this
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concealed the true distribution of network outputs. The outputs were, therefore re

examined by replacing the sigmoid activation function in the output node with a linear one

as depicted in Figure 4.3(a) (Chapter 4), and shown in Figure 5.25.

• tv1anley
III Tr118

... Tankard

x Creme

6 • ••

•

• • •

.: I t
.... �
-

Z -1

Z
-2

-3
0

x

DO

Test samples

Figure 5.25 Outputs of 17:6:25: 1 NN after replacing sigmoid activation function in the

output node with a linear function.

Histograms plotted using the new outputs for each barley variety are shown in

Figure 5.26. No test for normality was applied, and it was assumed that all distributions

were normal. The confidence levels achieved for different sample sizes from Manley,
Tr118, Tankard and Creme respectively presented in Tables 5_21 to 5.24. The plots are

shown in Figure 5.27 to 5.30. Sample size, n, increased in step of one for Manley and

Tr118, and in step of 5 for Tankard and Creme. The means for different sample sizes were

equal to the true or population mean (1-1) [Neville and Kennedy, 1968] which was

estimated (x) from unit sample size. The standard deviations for unit and multi-size

samples were respectively estimated using Equations 5.3 and 5.4. Where 'N' represented
the total number of unit size samples for each variety, that is 100, and �N / N - 1, the
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(5.3)

s�= (5.4)
N-n
-----XS

n(N -1)

Bessel's correction. Because the sum of squares of deviations has a minimum value when

taken about the sample mean, x, s is otherwise smaller than it would be if taken about the

true mean. The quantity, s�, is also known as standard deviation of the mean for it deals

with the means of the multi-seed observation rather than the individual seed samples. The



Table 5.21 Confidence levels for Manley

Manley

n Mean Std. dev. x => 0.7 Confidence level ( % )
1 2.560 1.435 -1.296 90'.15
2 1.010 -1.842 96.71
3 0.820 -2.268 98.81
4 0.707 -2.632 99.57
5 0.629 -2.958 99.84
6 0.571 -3.258 99.94
7 0.526 -3.538 99.98

9 0.459 -4.055 100
10 0.433 -4.298 100
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Table 5.22 Confidence levels for Tr118.

Tr118

n Mean Std. dev xl =>-0.1 x2 <= 0.7 Confidence level ( % )
1 0.276 0.419 -0.896 1.013 65.71
2 0.295 -1.274 1.440 82.31
3 0.239 -1.569 1.773 90.34
4 0.206 -1.821 2.057 94.59
5 0.184 -2.046 2.312
6 0.167 -2.254 2.546
7 0.153 -2.447 2.765
8 0.143 -2.630 2.972-
9 0.134 -2.805 3.170
10 0.126 -2.973 3.360
11 0.120 -3.136 3.543
12 0.114 -3.294 3.722
13 0.109 -3.448 3.896
14 0.104
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Table 5.23 Confidence levels for Tankard.

Tankard

n Mean Std. dev x => -0.5 x <= -0.1 Confidence level ( % )
1 -0.468 0.299 -0.107 1.231 43.45
5 0.131 -0.244 2.810 59.23
10 0.090 -0.354 4.083 63.68
15 0.072 -0.446 5.145 67.36
20 0.060 -0.531 6.124 70.19
25 0.052 -0.613 7.072 72.91
30 0.046 -0.696 8.019 75.49
35 0.041 -0.780 8.988 78.23
40 0.037 -0.868 10.001 80.78
45 0.033 -0.961 11.079 83.15
50 0.030 -1.063 12.249 85.54
55 0.027 -l.l75 13.541 87.90
60 0.025 -1.301 15.002 90.32
65 0.022 -1.448 16.692 92.62
70 0.020 �1.623 18.710 94.74
75 0.017 -1.840 21.215 96.71
80 0.015 -2.125 24.497 98.30
85 0.013 -2.529 29.158 99.43

95 0.007 -4.632 53.391 100
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Table 5.24 Confidence level for Creme.

Creme

n Mean Std. dev. x <= -0.5 Confidence level ( % )
1 -0.995 2.041 0.242 59.48
5 0.894 0.553 70.88
10 0.615 0.804 78.81
15 0.488 1.013 84.38
20 0.410 1.206 88.49
25 0.355 1.392 91.77
30 0.313 1.579 94.30
35 0.280 1.770 96.16
40 0.251 1.969 97.56
45 0.227 2.182 98.54
50 0.205 2.412 99.20
55 0.186 2.666 99.62
60 0.167 2.954 99.84
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graphical representation of sand sx for Manley is shown in Figure' 5.31 where sample

size equals (n =) 5.

-- Distribution of individual observations (ne l )
-- Distribution of obervations having sample size of 5 (n=5)

c
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Figure 5.31 Distribution of observations for Manley when the sample sizes are one and

five.

The important characteristic of distributions of multi-sample size is that they

always exhibit normal distribution even when the underlying distribution (of unit sample

size) is not normal. Figures on top of the fourth (and fifth) columns represented the

confidence intervals taken from Table 5.6 - revised decision rule for the 17:6:25: 1 NN

yielding the highest individual recognition accuracy, and the remaining figures represented
these intervals in standard forms, zero mean and unit standard deviation, for different

samples sizes. As shown in the last columns, it was observed that the sample sizes required
for achieving confidence level of 99.99% for Manley, Tr118, Tankard and Creme were

respectively 8, 15, 90, and 70. In other words, it suggested that only 8, 15, 90 and 70

individual seed samples, respectively from Manley, Tr118, Tankard and Creme are

required to present 17:6:25: 1 NN to automatically recognize their variety with 99.99%
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probability of success. Therefore, if 90 barley seeds were presented to the 17:6:25: 1 NN,

then the network would almost always response the correct variety or class of the seed

samples rendering practically feasible an automated system to recognize the four barley
varieties under cosideration.

5.7 Summary

In this chapter, construction of training and test files respectively required for

training and testing neural networks is discussed. All 17 seed features were used first, for

discrimination of four barley varieties, namely Manley, Tr 118, Tankard and Creme. Single
and two hidden layered networks were examined. A 17:6:25:1 NN produced the highest
individual seed recognition of 84.75%. Then the redundancy in 17 features was tested by

applying Eigensystem Analysis. This analysis showed a substantial redundancy within the

17 features. The Average Correlation Coefficient Technique was then used to select the

best n of 17 features. The best 7 features accounting for 99% of the total variance initially
contained in the 17 features was chosen. Two hidden layered networks were trained and

tested using only those 7 features. The highest recognition accuracy of 81.25% was

obtained with the 7:6: 13: 1 NN. It led to a remarkable conclusion that the features could

be reduced by 41% at the cost of only 3.5% loss in recognition accuracy showing the

possibility of implementing the system for practical purposes. The number of features was

further reduced to the three accounting for 92.26% of the total variance. This approach
was taken mainly because to visualize the approximate distribution of training samples
used in this research work in three dimensional feature space.

It was observed that samples from the four varieties did not cluster into four

distinct regions. Many of the seed samples from one variety mixed up with other varieties.

It prevented the networks from creating the hyperplanes in multidimensional input space
that could separate the individual barley varieties into four decision regions resulting in

high recognition accuracy. When only the best 3 features were used, a 3:6:15:1 NN
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yielded the highest recognition accuracy of 73.5%. Recognition accuracies obtained using
single seed observation are useful in determining how well the system can separate
individual samples from their admixture. Performance of the 17:6:25: 1 NN was re

examined for multi-seed observations subjecting the network outputs to a statistical

analysis, the confidence level. This analysis showed that the 17:6:25: 1 NN needs only 90

seed samples to recognize the variety the samples originally belong to, with 99.99%

probability of success. These results led to an important conclusion that the works done in

this research work might be extremely useful in designing an automatic pattern recognition
system to discriminate barley seeds from their admixture as well as to identify the variety.



6. SUMMARY, CONCLUSIONS AND

RECOMMENDATIONS

6.1 Summary

An automated visual pattern recognition system was designed and implemented for

discriminating malting barley varieties, namely Manley, Tr118, Tankard and Creme in this

research. The system consisted of two parts, the machine vision setup and the artificial

neural network. The machine vision setup was used to extract 17 features from each of the

barley seed samples, and the artificial neural network was implemented as the seed

discriminator providing the seed features at its inputs. The underlying principle in this

system was the biological decision making process found in. the human brain. In an

extremely loose analogy, the video camera in the machine vision setup emulated the

human eyes, and the artificial neural network represented the natural neural network of the

human brain. The following block diagrams give a quick overview of work done in this

research, and the important results obtained therefrom in designing the system to

discriminate four malting barley varieties.

Eight hundred seed samples were randomly chosen from each of the four varieties.

In order to implement digital computer based pattern recognition system, discriminatory

characteristics (features) were extracted from each barley seed. 1. Area, 2. perimeter, 3.

major axis, 4. minor axis, 5. length, 6. width, 7. roundness, 8. minimum radius, 9.

maximum radius, 10. average radius, 11. axis ratio, 12. perimeter invariant, 13.radius

ratio, 14. length ratio, 15. box-area 16. box-area ratio and 17. mean interior gray level

122
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Figure 6.1 Block diagram showing an overall procedure.
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Block diagram showing four best networks, and corresponding highest
overall recognition accuracy based on single seed observation (Chapters 4 and 5, and

Appendices F, G, I, and J)
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17:6:25:1 NN

90 seed samples per: variety

Variety recognition

Probability of 99.99% success

Figure6.3 Block diagram showing statistical analysis.

of each seed sample were measured as the features to represent each barley seed. All of

these 17 features were invariant to both orientation and translation of seed sample within

the field of view of camera. It made the system insensitive to the placement of seed

samples. Chapter 2 presented mathematical and geometrical details on the nature of these

features.

A machine vision setup consisted of a Panasonic® CCDcamera, a Quickcapture™

framegrabber, Macintosh Ilfx computer, television and display screens, and lighting

arrangements. The software used for extracting features were Image Analyst™ 7.2 and

NIH Image. After calibrating the setup, 25 seed samples at a time from a variety were

manually placed on the illuminating Lightplate™ under proper top lighting arrangements.
Then all 17 features were measured using the softwares. A design of this setup and a
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detailed procedure for measuring the seed features using the setup is presented in Chapter
3.

Artificial neural networks were used as the variety discriminator. Each network

consisted of a number of building blocks, or nodes. In an extremely simplified version, a

node is considered as the mathematical model of the decision making process found in a

neuron, the building block of the natural neural network in a human brain. As the human

brain needs a proper training (learning) before conducting a specific task in real life, it is

also necessary to train the artificial neural network to make it able to perform a certain

task. Improved back propagation learning algorithm (EBPlA) with momentum and

adaptive learning rate, in conjunction with the training file consisting of feature vectors,

was used for training the networks. Two hundred feature vectors (200 samples) from each

variety were selected for compiling the training file, and the test file was created choosing
100 new samples from each variety, and used for testing the performance of the trained

network. These topics are explained in Chapter 4.

The results obtained by implementing the automated visual pattern recognition

system consisting of machine vision setup and artificial neural networks are presented in

Chapter 5. A total of 48 artificial neural networks were examined using Matlab® on a

Sparcstation +2 platform. These consisted of both single and two hidden layer networks.

A single output was set for each network configuration. A notation of n:I:1: 1 NN was

adopted for representing a network topology with n inputs, I nodes in the first hidden

layer, 1 nodes in the second hidden layer and single output. A 17:6:25: 1 NN yielded the

highest overall recognition accuracy of 84.75% based on the single seed observation. This

result shows how well the system can separate four varieties of malting barley seeds under

consideration from their admixture using the features and the neural network considered in

this research.

An approach was taken to see if the number of features could be reduced yet
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retaining most of the spatial information originally contained in all 17 features.

FromEigensystem Analysis it was found that only 7 features accounted for almost all, 99%

of the total variance possessed by all 17 features, showing a great possibility in reducing

the number of feature from 17 to 7 while retaining most of the original spatial
information. The Average Correlation Coefficient Technique (ACCT) was then used to

select the best 7 of 17 features. Those features were, 1. minor axis, 2. Box-area ratio, 3.

maximum radius, 4. interior mean gray level, 5. major axis 6. radius ratio and 7. length.
When only the best 7 features were used, a 7:6: 13: 1 NN recognized individual seed

samples from four varieties with 81.25% overall accuracy.

A distribution of training seed samples, 200 from each variety, was plotted in 3-

dimensional input feature space choosing the best 3 of 17 features based on ACCT for

visual inspection. The best 3 features were 1. minor axis, 2. box-area ratio and 3.

maximum radius. Since these 3 features accounted for 92.27% of the total variance

possessed by all 17 features, the distribution of training samples in 3-dimensional input
feature space spanned by the features also represented an approximate distribution of the

samples in higher dimension. It was observed that the varieties under consideration do not

cluster into four distinct regions. Remarkably, a number of samples from Creme always

intermingled with those from Tankard. Networks simulated using the best 3 features

yielded overall recognition accuracy always less than any other network examined in this

thesis.

A variation in overall recognition accuracy with respect to the number of nodes in

the network was the least when only the best 7 features were used. It showed that

redundancy in features unnecessarily made the networks sensitive to the nodes without

any significant improvement in their recognition performances. A 17:9: 1 NN and a

17:6:25: 1 NN produced the highest individual recognition accuracies of 82% and 87%

respectively for Tankard and Creme. Noticeably, a 7:6: 13: 1 NN produced that of 97% and

86% respectively for Manley and Tr118. Reduction in features from 17 to 7 decreased the

individual recognition accuracy for Tankard and Creme but increased those for Manley
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and Tr118. A loss of I % of total variance still affected the discrimination of Tankard and

Creme.

On the other hand, a statistical analysis technique, the confidence level, was

imposed on the outputs of the 17:6:25: 1 NN (which yielded the highest overall recognition

accuracy of 84.75% based on individual seed observation) after replacing the sigmoid
activation function in the output node with a linear function. The replacement of the

activation function was necessary to examine the true distribution of outputs as the

outputs obtained using the sigmoid function were forced within the range [-1, 1].

Reasonable approximation of the outputs to a normal distribution allowed a confidence

level test to be carried out. This statistical test gave the significant result that only 90 seed

samples were necessary to allow the 17:6:25: 1 NN to recognize the variety the samples

belong to, with a probability of 99.99% success.

6.2 Conclusions

The results clearly showed the great possibility of designing an automated visual

pattern recognition system to identify four varieties of malting barley seeds using the

features and the suitable artificial neural network investigated in this research. A variety
can be identified with probability of 99.99% success by presenting only 90 seed samples to

the network. For automatic separation of seeds from their admixture, the highest overall

individual recognition accuracy found in this research is 84.75%. Based upon the total

number of 48 networks examined, it is fairly reasonable to conjecture that this accuracy

would hardly increase if the same features were used. However , it seems there is hope
also in designing a system to separate the individual malting barley seeds from their

admixture by adding a few more features related with the color and the texture of the

seeds. The overall recognition accuracy of 81.25% obtained using only the best 7 features

clearly lead to a conclusion that only 7 of 17 features can be effectively used in
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implementing a system in identifying the barley varieties, and for other problems similar to

this research work, making the system faster and less expensive.

6.3 Recommendations

For future works related with the design of an automated visual pattern

recognition system for discriminating malting barley varieties or for similar works, some

recommendations which might be found helpful making the system more robust and

practically more feasible, are listed below.

1. Among 17 features used in this research, an interior mean gray level feature of

seed samples is sensitive to the intensity of light. During feature extraction, the ac voltage
was not stable, and therefore a variation in the intensity of light was noticed. Though this

variation in voltage did not affect much, it would be good practice in measuring the

features in a controlled lighting arrangement to add a suitable voltage stabilizer.

2. Two different commercial software were used for extracting features from seed

samples, namely Image Analyst™ 7.2 and NIH Image. After measuring 16 geometrical
features using Image Analyst™ 7.2, it was necessary to save the image of seeds to measure

the interior mean gray level of the seeds using NIH Image. A program could be written in

MAC RAIL, a programming code in Image Analyst™ 7.2 environment, to encompass all

17 features into a single concise form. It would also save time required for deleting other

unrelated features produced by Image Analyst™ 7.2 along with the 16 geometrical features

during feature extraction.

3. A new image analysis commercial package, Matrox Inspector 1.7 is under

installation in IBMlPC in the Department of Agricultural and Bioresource Engineering in
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the College of Engineering. This single package can measure both geometrical and interior

mean gray level features simultaneously.

4. Manual placement of seed samples within the field of view of the camera for

feature extraction is tedious and very time consuming. ,A separate study in modeling an

automated system to present the seed samples to the camera is a necessity. It would be

extremely beneficial for conducting future works related to automated visual pattern

recognition system, and more importantly the model could be improved during subsequent
research works to meet the commercial standard eventually.

5. Sparcstation +2 platform works for multi-users on a CPU time-shared basis.

Therefore it might take a longer time for training the artificial neural networks than

actually needed. Transformation of files from one format to another such as from

Macintosh IIfx to IBMlPC, or Sparcstation +2 to IBMlPC demands a considerable

amount of time slowing down the main research work. A dedicated computer with an

artificial neural network program, an image analysis package and a graphing software

could therefore make a big difference.

6. In network simulations, it would be a good practice choosing +0.9 for + 1 and -

0.9 for -1, as the desired (target) values when sigmoid activation functions are used. It

then can prevent the networks continuously searching for larger weights in order to yield
saturated output values minimizing the training time.

7. When the number of neural networks outputs is made equal to the number of

barley varieties, that is four, the overall recognition dropped substantially. After adding a

few more discriminatory features from the color and the texture of the seeds, it would,

therefore be interesting to see if the networks with four outputs, one output for each

variety, gives satisfactory results. More importantly, networks having a number of outputs

equal to the number of classes (varieties) do not require revised decisions.
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8. It is the wish of the author that the results obtained in this research work is used

in conjunction with other peripherals in modeling an automated visual pattern recognition

system. It would give a better chance to face the real life problems from one step closer,

and to improve the whole system from different perspectives to meet the growing

commercial demands.
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Appendix A

Camera Specifications
(Reproduced from manual)



SPECIFICATIONS

Pick-up Device:

Scanning Area:

Synchronization:

Scanning system:

Scanning:
Horizontal:

Vertical:

Horizontal Resolution:

139

682(H) x 492(V) pixels, Interline Transfer CCD

6A(H) x 4.8(V) mm (Equivalent to scanning area of 112" pick-Up tube )

Internal Sync
2 : I Interlace

525 Lines 1 60 fields 1 30 frames

15.734 kHz

59.94 Hz

430 lines

1.0 V NTSC Composite, 75 ohms 1 BNC connector
p-p

Signal to Noise Ratio: 48 dB ( AGC OFF )

Automatic Light Compensation: ALC: I : 26,000 with FIA ALC lens

Video Output:

Electronic Light Control:

Minimum illumination:

While Balance:

Back Light Compensation:

Sync. System:

Electronic Shutter Speed:

Lens Mount:

Gain Control:

Power Source:

Dimensions ( Excluding lens ):

Weight (Without lens):

Standard accessories:

Equivalent to continuous variable shutter speed between II 60 Sec. and

1115,700 Sec.

0.3 foot-candle ( 3 lux) at FI.4 (AGC ON )

0.09 foot-candles ( 0.9 lux) at FO.75 (AGC )N ) withWV -LA608 lens

AWC 1 ATW selectable

Preset On ( Factory setup)
Preset Off ( Manual setup at field)

Photometry area is selectable ( 25 blocks)

Signal level is adjustable
Line-Lock 1 Multiplexed VDNBS G, LlVS, Gen-lock

3600 V-PHASE adjustment of Line-lock is available.

H-PHASE adjustment in the VBS, VS, Gen-lock

SC-PHASE adjustment in VBS Gen-lock mode

Selectable 1/60 (OFF), 1/100, 11250, 111000, 112000, 114000,

1/10000

C-mount or CS-mount

Selectable AGC ON (+ 14 dB) or OFF

120V AC 60 Hz, 6.7 W

2-3/4"(W) x 2-3/4"(H) x 6-1/2"(D)
1.89 Ibs (0.86 kg)
ALC Lens Connector ( YFE4191J 100 )

Body Cap

Improvements may have been made which are not reflected in these specifications.
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Data translation® Quick Capture™ Framegrabber
(Reproduced from manual)
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The QuickCapture specifications are typical @ +250 C and rated voltage unless otherwise specified.

SPECIFICATIONS

Input Signal

STANDARD MONOCHROME VIDEO INPUT

Format

Frame Grab Speed

Sync Signal
Resolution

EXTERNAL TRIGGER

Input Type

STANDARD VIDEO OUTPUT

Output Signal

Format

Sync Signal Outputs
Pixel Aspect Ratio

FRAME-STORE MEMORY

Frame-store Memory

Access

POWER REQUIREMENTS

+5 V

+12 V

-12 V

PHYSICALIENVIRONMENTAL

Board Size

DT2255-60Hz: RS-170, RS-330:

ac-coupled, zero restoration

DT2255-50Hz: CCIR:

ac-coupled, zero restoration

Interlaced

DT2255-60Hz: 1130 second

DT2255-50Hz: 1160 second

Composite sync stripped from the input signal and used for synchronization

DT2255-60Hz: 640 lines x 480 pixels
DT2255-50Hz: 768 lines x 512 pixels

Edge sensitive; 1TL levels

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; READIWRITE when an operation is not being performed

± 5 % , @ 2.5 A typical

± 10% , @ 0.065 A typical

± 10% , @ 0.065 A typical

Standard Macintosh II board

13.0" H x 4.0" W x 0.683" D

Operating Temperature Range 0 to 500 C ( 32 to 1220 F)

Storage Temperature Range -25 to 700 C (-13 to + 1580 F)

Relative Humidity o to 95%, non-condensing
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Appendix C

Calibration Target



50.0

Unit: Millimeter
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Figure C1 A calibration target [Romaniuk, 1994].
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Appendix D

Feature histograms
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Photographs of

Manley, Trl18, Tankard and Creme Barley Seeds
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Figure El Image ofManley seeds (not to scale).
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Figure E2 Image of TR118 barley seeds (not to scale)
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Figure E3 Image of Tankard barley seeds (not to scale)
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Figure E4 Image of Creme barley seeds (not to scale)
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Recognition Accuracy Charts for

Discrimination of Four Varieties of Barley Seeds

Based on 17 : I : 1 NeuralNetworks
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Appendix H

Eigenvectors



Table HI Eigenvectors with resptect to descending eigenvalues

9 9 9 9 9 9 9 9 9 9 9 1 912 913 914
1 0.320 0.140 -0.022 -0.086 -0.066 0.071 -0.212 -0.150 -0.056 0.192 0.121 -0.429 0.289 0.387 0.555

2 0.128 0.381 -0.066 -0.074 -0.212 -0.169 -0.251 -0.411 -0.029 -0.248 -0.365 0.108 0.027 0.338 -0.423

3 0.338 -0.043 0.005 -0.073 0.061 0.196 -0.116 0.050 -0.055 0.308 -0.054 -0.213 0.190 -0.047 -0.452

4 0.156 0.363 -0.012 -0.011 -0.026 -0.192 0.710 -0.063 -0.265 0.231 -0.136 0.138 -0.077 0.087 0.158

5 0.334 -0.032 0.046 -0.052 0.156 0.195 0.408 -0.176 -0.220 -0.325 0.282 -0.167 0.124 -0.134 -0.253

6 0.231 -0.279 -0.085 -0.082 -0.531 -0.058 0.Q38 0.010 -0.028 0.005 -0.267 0.253 0.492 -0.402 0.139

7 0.223 0.311 0.011 -0.064 0.241 0.090 -0.261 -0.194 -0.067 0.147 -0.254 -0.099 -0.335 -0.645 0.168

8 0.334 -0.031 0.004 -0.031 0.178 -0.366 0.061 0.091 0.480 -0.039 0.211 -0.184 0.131 -0.100 -0.193 0.575

9 0.152 0.364 0.028 -0.009 -0.171 0.370 0.174 0.183 0.692 -0.111 -0.069 0.142 -0.071 0.034 0.112 -0.280

10 0.177 0.308 -0.315 -0.023 -0.016 -0.099 -0.178 0.723 -0.330 -0.315 0.034 -0.009 0.002 -0.006 0.007 0.001

11 0.256 -0.268 0.039 -0.035 0.210 0.285 0.026 0.285 -0.044 0.381 -0.352 0.216 -0.121 0.310 -0.138 0.239

12 -0.228 0.279 0.094 0.087 0.563 0.056 -0.049 -0.001 0.013 -0.002 -0.103 0.282 0.660 -0.Q46 0.047 -0.006

13 0.273 -0.227 -0.018 -0.039 0.296 -0.599 -0.033 -0.010 0.140 -0.049 -0.168 0.167 -0.119 0.093 0.179 -0.537

14 0.250 -0.275 0.051 -0.057 0.206 0.320 -0.032 -0.153 -0.075 -0.559 -0.121 0.182 -0.098 0.111 0.260 0.217

15 0.234 0.144 0.506 -0.127 -0.131 -0.045 -0.245 0.008 -0.134 0.132 0.513 0.518 -0.074 0.012. -0.009 0.011

16 0.084 -0.019 -0.780 0.051 0.084 0.113 -0.061 -0.252 0.058 0.188 0.354 0.358 -0.042 O.DlI -0.006 0.008

17 0.216 0.007 0.085 0.967 -0.075 -0.005 -0.058 -0.025 -0.041 -0.006 -0.009 0.006 -0.011 -0.003 0.002 -0.002

-
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