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ABSTRACT

This research focuses on the design and implen@mtaf an intelligent machine vision and
sorting system that can be used to sort objec@ninndustrial environment. Machine vision
systems used for sorting are either geometry driveare based on the textural components of an
object’s image. The vision system proposed in tegearch is based on the textural analysis of
pixel content and uses an artificial neural netwtwrlperform the recognition task. The neural
network has been chosen over other methods sufilzag logic and support vector machines
because of its relative simplicity. A Bluetooth aoomication link facilitates the communication
between the main computer housing the intelligeabgnition system and the remote robot
control computer located in a plant environmentgital images of the workpiece are first
compressed before the feature vectors are extratie) principal component analysis. The
compressed data containing the feature vectoramsmitted via the Bluetooth channel to the
remote control computer for recognition by the aeuretwork. The network performs the
recognition function and transmits a control sigtmathe robot control computer which guides

the robot arm to place the object in an allocatesition.

The performance of the proposed intelligent visaml sorting system is tested under different
conditions and thenost attractive aspect of the design issitaplicity. The ability of the system
to remain relatively immune to noise, its capatitgeneralize and its fault tolerance when faced
with missing data made the neural network an at@®ption over fuzzy logic and support

vector machines.
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Chapter 1

Introduction and Background

Human Vision is the single most important sensiagility for the manufacturing industry
(Cippola and Pentland, 1998). Vision is inhereptgan, safe and hygienic, since it does not rely
on physical contact between the observer/inspeuidrthe object under examination. Vision is
also very versatile; human beings are able to tstdatle changes of shape, texture, shade and
color (Cippola and Pentland, 1998). A human inspedan resolve highly complex and
ambiguous scenes and can almost always make ajgieoplecisions in previously unseen
situations. While HV remains dominant in the mawtdang industry, there is a strong research
effort aimed at automating inspection, assemblyjufecture and other tasks using machines that
can sense their environment optically (Watson, J998mmercial companies are also taking this
forward and now offer a range of products and sesyi covering a wide variety of industries,

including aerospace, automobile, electronics, dtimgsods, food and pharmaceuticals.

Machines can be provided with visual sensing, theenabling them to perform a wide variety
of tasks for the manufacturing industry namelypeding, counting, grading, sorting, matching,
locating, guiding, recognizing, identifying, reagdjrclassifying, verifying, measuring, controlling
calibrating and monitoring. Machine Vision systesan be used to examine raw materials,
feed-stock, tools, manufacturing processes, phrtrabchined and finished products, coatings,
labels, packaging, transport systems, waste mitaral effluent (Jahnet al, 1999). Based
on these advantages, it will be beneficial to maatuiring if intelligent robots are designed to

substitute humans to perform those tasks.
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MV systems prove most successful within the colddblenvironment of the factory floor,
offering some important advantages over HV in teohgost, speed, precision and physical
demands (Zuech and Miller, 1989). Some exampletasis that MV systems can perform
include object recognition, counting, item inspectiand identification of flaws. Although
human inspectors can keep apace with visual ingmedemands, at a rate of a few hundred
items per minute, they also get tired and overlifaks. With MV, thousands of parts often run
past a camera per minute and resolve a dozen ésatareach piece for product conformance, all

in a matter of milliseconds.

MV systems ensure repeatable results and can epsoatinuously. The potential application for
machine vision goes far beyond even those areasewheman vision can be applied. These
include hazardous areas and conditions where leyigls are too low or too bright for human

vision, or where non-visible electromagnetic radiaisuch as X-rays or infrared is required.

From the above-mentioned discussions, it is obvithaet automated production inspection

facilities are much more productive to the manufeatfor the following reasons:

i)  Automated inspection systems such as MV systemebable and can dutifully perform
under adverse environmental conditions

i) MV systems produce repeatable results

iii) Once the initial capital set-up costs have beeoveed, the system will always perform

its function at a fraction of the cost of the hunwaspector.

The advantages of utilizing an automated inspecy@tem has been discussed and it is now

the objective of this research to design and implenan intelligent system for recognizing

17



items in a production facility, and then sortingitihinto groups of identical items. The system
that we propose will utilize an intelligent visieend recognition system that utilize an
Artificial neural networks to perform the recogaiti function. ANN’s have been chosen for
this project because they exhibit certain qualitiest are characteristics of intelligence. Our
Intelligent sorting and sorting system will alsafpem its inspection, recognition and sorting
functions in a simulated plant environment. Thsigie of the IVASS system will include an
intelligent system based on computational inteligee data compression, feature extraction
and wireless data communication. This report witbvyide a detailed description of the

proposed IVASS system and is arranged as follows:

Chapter 2 describes existing machine vision systems

Chapter 3 introduces artificial intelligence baseethods such as artificial neural networks,

genetic algorithms, fuzzy logic and particle swaptimization;

Chapter 4 discusses data preprocessing technigses lon wavelet data compressions and

statistical principal component analysis;

Chapter 5 describes the wireless communicatiorechas Bluetooth technology, that is used

in the proposed intelligent vision and sorting syst

Chapter 6 discusses the different methods that@rsidered for the design of our vision and

sorting system;

18



Chapter 7 compares the performance of ANN'’s trawdd PSO, GA’s, GA-BP and BP;
Chapter 8 describes the Lego Mindstorm robot mdaiputhat is used to pick and place the

objects in our IVASS system;

Chapter 9 provides a detailed discussion on dagprpcessing using the Haar wavelet

algorithm and PCA;

Chapter 10 describes the performance of our IVA$Sesm under different conditions;
Chapter 11 summarises the study and provides thelusions and recommendations for

further work.
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Chapter 2

Machine Vision Systems

2.1Introduction

)

i)

ii)

MV systems are increasingly employed to replacedmwision in a wide range of processes
in the manufacturing environment (Batche&ral, 1991). The goal of a MV system is to
create a model of the real word from images, anduer certain useful information about a
scene from its two dimensional projections (Jatiral, 1995). A MV system must have the

following basic elements to perform this task:

Model databaseThe model database contains all the models knmathe system. The

information in the model database depends on thpaph used to define precise geometric
surface information. In many cases the model ablgact consists of its feature vectors or
those attributes of the object, such as size, shiageolour that are considered important for

describing and recognizing the object in relatiother objects (Bleewicz et al., 2003).

Feature detectorThe feature detector identifies locations of deas that help in forming

object hypotheses (Nagabhushana, 2005).

HypothesizerThe hypothesis formation step reduces the sizdefsearch space, and
uses pre-knowledge of the application domain togassome kind of probability or
confidence index to different objects in the dom@agabhushana, 2005).

Hypothesis verifierThe presence of a hypothesis verifier depends enrgbognition
being used. For instance, recognition methods ssgbattern classification systems use
only hypothesis formation and then select the dlfjaeing the highest likelihood. On the

other hand,classical approachessuch as template matching entirely bypass the
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hypothesis formation stage.

2.2Basic Steps Performed by Machine Vision Systems

A schematic representation of a typical MV systengiven in Fig. 2.1. The operation of this
system consists of three fundamental steps, namedge acquisition, image processing and

pattern recognition. A brief description of eacépsfollows.

i) Image acquisitionThis is the process used to acquire digital irsagfea target. Important
consideration when obtaining digital images includie provision of correct lighting,

selecting a camera with a good resolution and freates

i) Image processinglmage processing consists whage enhancemerdand morphological

processing

Image enhancemenimage enhancemenéchniques are divided into two broad categories,
namely thespatial domain methodnd thefrequency domain metho8patial domain methods
operate directly on the individual pixels or aggesg of pixels that compose an image.
Frequency domain methodsperate on the Fourier transform of an object lgriag its

individual frequency components.

Morphological processingMorphological processing is a nonlinear technicuat s used for
image-processing applications such as small-regionination, hole filling, line thinning,

template matching, and shape smoothing (Jain, 1989)
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Fig. 2.1 Model of a typical machine vision system

iii) Pattern recognition: Pattern recognition can be defined as the procédsdeatifying a
stimulus by recognizing a correspondence betweerstimulus and the information present
in a permanent memory (Nixon and Aguado, 2002)teRatrecognition consists &éature
extractionand imageclassification Feature extraction is based on either the regiortheo
boundaries of an image (Nixon and Aguado, 2002m&oommonly used feature extraction
methods are global feature extraction, local featextraction and relational features
extraction.Global feature extractioms based on regional image characteristics sudizas
perimeter and Fourier descriptotecal features extractions based on the extraction of
features that occur along the boundary of an olgeet distinguishable small area within a
selected region of the objectlational feature extractioms based on features such as the

positions of certain characteristics within a seddaegion $teger et al, 2008).
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2.3 Background to Image Identification Techniques

Image classification involves the grouping of olgeor data havingimilar characteristics
Image identification on the other hand is usedtli@ recognition of data or objects having the
same characteristicsOur research is focused on image identificatiod #or this reason the

discussion will be confined to image identificatiomnly.

MV systems utilize geometrical characteristicsexttairal characteristics for image identification.
Geometry-driven systems are based on eitp@den-templatesimodels or theomputer-aided
designmodels for purposes of identification (Noble, 1998y systems working with templates
use image-differencing techniques to detect deanatibetween a reference part and the part
being identified. This method is not suitable fpphcations where dimensional variations do not
have any impact on the performance of the objacCAD based system all the geometrical data
as well as allowed tolerances are specified insystem program. CAD based systems have
shortcoming such as: the unavailability of CAD dzhsnodels, and the difficulties associated
with developing a generic computational algorithan flimensional analysis in applications

where dimensioning conventions may differ (Nob@93).

Images can also be identified by their texture.tiiexdepends on the spatial distribution of gray
levels within a neighborhood. Texture and tonetes@ pertinent properties of an image and on
occasion the one property can easily overlook ttheero(Seethaet al, 2005-2008). Texture
displays its characteristics by means of pixels pindl values and images can be identified by
their texture. Image identification techniques ugedrecognise gray-level textural features
include support vector machines, fuzzy logic andegie algorithms and ANN's (Seetled al,

2005-2008). SVM utilizes advanced optimisation atpos to separate the boundaries between

23



different images. In FL, a membership function gfetlifferent stochastic relationships are used
to identify properties of an image. Using the GAwrpixel data representing the image’s
gray-levels is transformed into feature data ofoafect. Image identification using ANN’s is
done by extracting the key textural feature charétics and then training the network to
identify these characteristics. For our researchaillefocus on the ANN identification system
since they have the ability to provide solutionsptoblems that are characterized by noise,

nonlinearities and error prone data (Haykin, 199ethaet al, 2005-2008).

2.4 Summary and Conclusions

This chapter has provided a general background ¥ dystems used to perform image
identification tasks. The key features of a MV systare its model database, feature detector,
hypothesizer and hypothesis verifier. The threedémental steps used by MV systems to
differentiate between images, namely image acduisitimage processing and pattern
recognition have also been described. Popular indegsification techniques using SVM’s and
soft-computing approaches such as ANN’s, GA’s ahch&ve also been mentioned. The focus
of this study is on soft-computing based intelligeystems, and for this reason the next chapter

will discuss computational intelligence and its léggiion in MV systems.
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Chapter 3

Computational Intelligence and its Application in
Intelligent Machine Vision Systems

3.1 Introduction

Al is a branch of computer science that is conaktnéh the design of intelligent computer
systems, i.e. systems that exhibit those charatitrinormally associated with intelligence in
human behavior namely, understanding, languagejiten reasoning, solving problems (Rich
and Knight, 1996; Konar, 1999). Al is a term thraits broadest sense would indicate the ability of
a machine to perform the same kind of functions$ tharacterize human thought (Konar, 1999;
Kodratoff and Michalski, 1990; Rich and Knight, B9Bishop, 1998). The main branches of Al
consists of ANNs, GAs, Sl and FL. Our research fotlus on the ANN which will also be trained
using the GA and SlI. FL is not utilized in thiseasch and has been discussed only for the sake of
completeness. For more detailed information onyilagic, the reader is referred to Zadeh (1965).
An introductory description on ANN’s, Sl and GA’sed for this research is given in this chapter

and a more detailed discussion on each technidlosviin chapter 6.

3.2 Fuzzy logic

Fuzzy logic was proposed by Zadeh (1965), who thtced the concept in systems theory and
later extended it for approximate reasoning in exggstems. Zadeh proposed that not everything
is strictly ‘black or white’ and there are so-cdllgray areas that have to be considered. Fuzzy logi

deals with fuzzy sets and statements for modelungdn-like reasoning problems of the real
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world (Konar, 1999). A fuzzy set, unlike conventbsets, includes all elements of the universal
set of the domain but with varying membership valéhin the interval [0,1] (see Fig. 3.1a). On
the other hand, elements of a conventional setanéained in the interval {0, 1}, where only

elements having membership of one or zero considee® Fig. 3.1b).

(5 4

¥

v

Fig.3.1 (a) Fuzzy multi-valued logic Fig3.1 @jisp logic

3.3 Genetic Algorithm

The GA optimization technique mimics the naturabgass of biological evolution (Rich and
Knight, 1996; Goldberg, 1989). GA's are inspiredtiy way living organisms are adapted to the
harsh realities of life in a hostile world, i.e. byolution and inheritance (Goldberg, 1989). The
technique uses the process of natural selecticgelect only fit individuals for reproduction.
Problem states in a GA are denoted by chromosowigsh are usually represented by binary
strings. A GA utilizes three principal genetic ogters, namely a selection operator, a crossover
operator and a mutation operator (Konar, 1999; @ew Yi, 2007 ) and works with a fixed-size
population of possible solutions, called individialrhrough selection, crossover and mutation a
population of individuals having the highest fitaésvels evolves over a period of time. GA's find

extensive applications in intelligent search, maehiearning and optimization problems
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(Kodratoff and Michaski, 1990). In this work, théd®as been used to optimize the weights and
biases of the back-propagation trained ANN systdrnichvperforms recognition in our IVASS

system.

3.4 Swarm Intelligence and the Particle Swarm Algathm

Particle Swarm Optimization is an evolutionary camapion technique that was first developed by
Kennedy and Eberhart (1995). The algorithm is design such a way that the position of each
agent within the search space represents a pdtealidion to a specific problem (Kennedy and
Eberhart, 1995; Shi and Eberhart, 1998). Withirs thamework each agent, besides having
individual intelligence, also develops some soo&tiavior and coordinates its movement towards
a common destination. Each agent keeps track obdsdinates within a problem space and aims
towards a specific direction. The common directidnch the agent moves towards represents the
best local position achieved by the group thus Aggents compare their position with other
members of the flock, and are able to identifydbgent occupying the best positignil{est)for a
certain instant in time. In a coordinated way, ptimal solution evolves as each agent within the
flock modifies it velocity and position and movesvards dsingle best positionfor the entire
population. The population’s single best positi@edmes the global best positigil{es} of the
group and represents an optimal solution.

It is worth noting here that the process involves only intelligent behavior but also social
interaction. In this way agents learn from theimoexperience (local search) and from the group’s
experience (global search). In this research th@ R8thod has been used to optimize the training

of our ANN based recognition system.
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3.5 Artificial Neural Networks

Artificial neural networks are massively intercontesl parallel processing elements that are
modeled along the line of the biological nervoustsm. The simplest processing element in an
ANN is the artificial neuron shown in Fig. 3.2, whiis conceptually derived from the biological
neuron. Each connection to a neuron is definedwgight (v). An activation functionff shapes

the output of the neurory)(before it is applied to the next neuron, or fotths output.

Fig.3.2 Artificial neuron basic processing element

The two types of artificial neurons are the Heblianron and the McCulloch-Pitts neuron (see
Rich and Knight, 1996). Individual neurons are coret in specific ways to form ANN’s. Some
of the most influential work on ANN'’s was done bgdenblatt (see Rich and Knight, 1996), who
proposed a simple neuron called a perceptron ttilaes a hard-limit activation function to
differentiate between two different input patterns.

The two main ANN architectures are the feedbackRNN and the FFN, and variants thereof.
ANN’s are used extensively in the design of the 88\system and for this reason a detailed

discussion of this intelligent system will be givierChapter 6.
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3.6 Summary and Conclusion

This chapter has briefly described the various gigras of computational intelligence based
systems, namely swarm algorithms, genetic algosttozzy logic and artificial neural networks.

The intelligent recognition function is performeglthe ANN- hence the chapter 6 will discuss the
ANN in detail, together with all the associatedhi@iques that are used in this work. A more
detailed discussion on fuzzy logic, genetic aldgwn$ and swarm algorithms can be found in

Zadeh (1965), Rich and Knight (1996), Konar (1999J Shi and Eberhart (1995, 1998).
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Chapter 4

Image Data Preprocessing: Wavelet Data Compression
and Principal Component Analysis

4.1 Introduction

This chapter is divided into two parts. Part | didses the data compression technique that was
used to remove any redundant data from the canmerges. Part 2 briefly discusses the principal
component analysis method that is used to exthactature vectors from the compressed image

data.
Part 1. Image Compression

4.2 Introduction to image compression

The proposed IVASS system utilizes data compredsioaduce the dimensionality of the image
data prior to transmission over the wireless datamunication transmission link. The reasons
for this are given in the discussions that foll@ke communication link transmits data from our

robot control computer to our main computer whleeimage recognition occurs.

Data compression algorithms are designed to reranyegedundant data in order to reduce their
size so that it requires less disk space for seragpd a smaller bandwidth over a data
communication channel (Ziviaeit al, 2000; Sayood, 2000). In this study data compoeskas

been used to:
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i) Reduce the size of the transmitted data so as ke mare efficient use of channel

bandwidth

i) To facilitate easy extraction of the principal \@atomponents so as to limit the size

of the data applied to the ANN

iii) Reduce the size of the ANN and
iv) To reduce the computational burden placed on theggsor by ensuring a smaller

data quantity and optimally sized ANN.

4.3 Classification of Data Compression Techniques

The fundamental objectives of data compressiortareduceredundancyandirrelevancy(Wu
and Rao, 2006). Redundancy reduction aims at rargodluplication from the signal source
whilst irrelevancy reduction omits parts of thensbthat will not be noticed by the signal

receiver. In general, three types of redundancies,enamely:

1) Spatial Redundancy or correlation between neighlgquixel values;
i) Spectral Redundancy or correlation between diftecetor planes or spectral bands;

iii) Temporal Redundanay correlation between adjacent frames in a segquehinages.

Data compression methods are classified into twon ntategories, namelyossless data

compressiorandlossy data compressid®mith, 1997):

4.3.1 Lossless data compression
Lossless data compression guarantees that whatnigressed can be recovered without any data

loss. It is an error-free procedure that allows drginal pixel intensities to be perfectly
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recovered from the compressed image representatiowever, lossless compression obtains

very low compression ratios when compared to lasgg compression (Gray, 1984).

Lossless data compression involves a transformatiothe original data set such that it is
possible to exactly reproduce the original datebggierforming a decompression transformation

using either Huffman Coding (Huffman, 1952) or Lezhgiv Coding (Lempel and Ziv, 1977).

4.3.2 Lossy data compression

Lossy data compression was chosen for this studguse of its higher compression ratio (Gray,
1984). Lossy data compression is the oppositessléss data compression and compromises the
accuracy of a recovered image in exchange for higbenpression ratios (Tsekouras, 2005).
This reduces the possibility of perfectly recovgrithe original pixel intensities from the

compressed image representation (Gersho and (38%; Gray, 1984).

Lossy compression can achieve compression rati@®@fl to 200:1 whilst lossless compression
is capable of delivering compression ratios of o@ht up to 8:1. In addition, a higher

compression ratio can be achieved if more erragsaliowed to be introduced into the original

data (Drost and Bourbakis, 2001; Chen and Chab@f)2 One type of lossy data compression
utilizes a quantizer for quantization of image déw@augh reducing the number of bits required
to store transformed coeffecients by reducing tlpeecision (Talukder and Harada, 2007).
Quantization techniques include vector quantizatsaalar quantization, fractal compression and

wavelet compression. Examples of lossy data corsjgnesnethods are given below:
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ii)

Lossy data compression using Scalar Quantization

SQ is regarded as the simplest form of quantizafdarcellin et al, 2002). In scalar
quantization, each input data quantity is treatgzhgately to produce the output. SQ can
be eitheruniform or non-uniform If the range of the input data is divided intedks
spaced equally, then the quantization is referce@dd being uniform; if not then the

quantization is referred to as being non-uniform

Lossy data compression using Vector Quantization

Vector quantization is a competitive learning schetrat has been widely used in image
processing due to its fast implementati@ofzalezt al, 2001). VQ is usually regarded

as a generalization of SQ, where instead of mapptadar quantities to a finite set of

reproduction scalars, it maps vectors to a findedf reproduction code vectors. Using
vector quantization, similar data is clustered igtoups called vectors (Barnsley and

Hurd, 1992). These data groups are then procesggaduce an output.

Lossy data compression using fractal compression

Fractal data compression is based on the assuntphibgertain image redundancies may
be efficiently exploited using block self-affineatisformations (Crillyet al, 1991,
Peitgeret al, 1991). Using fractal compression, an image ispr@ssed by storing it as a
transformation (Barnsley, 1986). The transformatfonction used in fractal image
compression is chosen in such a way that its uriigged-point is a close approximation
of the input image. Decompression involves applyhgtransformation repeatedly to an
arbitrary starting image in order to arrive at erage that is either the original, or one

very similar to it (fractal image). In contrast tvibther image compression methods,
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fractal data compression yields good decoding tuahth a very high compression

ratio.

Lossy Data Compression using Wavelets

Wavelet transforms are used for image data tramsfbons and provides a compact
multi-resolution representation of an image. It s excellent energy compaction
property that is suitable for exploiting redundarinyan image in order to optimize
compression. Following the application of the wavetansform, the decomposed data
resembles a tree structure having different levekcales. A coefficient at a coarser scale
in a wavelet tree is referred to aparent whereas coefficients of the next finer scale at
the same orientation are termeddisidren When children of all the finer scales with the
same orientation are grouped together, they arevhrasdescendantsA parent contains
four children at its next finer level of the traoshed image, with the exception at the
highest level where a parent at the low-low ([ Isub-band (where represents the level
of the decompression) contains only three childrecupying the following sub-bands;
one child each in the low-high (L} high-low (HL:) and high-high (HK) sub-bands,
respectively. Coefficients in the lowest level sadnds i.e. LH HL; and HH have no
children. A three-level wavelet decomposition dflack into sub-bands is illustrated in
Fig. 4.1; Fig. 4.2 shows the parent—child relatiopsamong different levels of wavelet

sub-bands.
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Fig. 4.1: 3-level wavelet decomposition g.H.2: Relationship between higher

and lower level coefficients

For our research we have chosen the wavelets mathddssy data compression for the

following reasons:

i)  Scalar quantization leaves the burden of achiegffigient coding to the symbol coding
and entropy coding process and the simplicity ef tdchnique results in inefficient coding
(Peric and Nikolic, 2007)

i)  Vector quantization groups data into single unitd areats them as a single entity

but at the cost of increased computation coniyiéRarnsley and Herd, 1992)

i) Fractal compression compresses images by storang #s self-affine
transformations (Crillyet al., 1991; Peitgeret al, 1991). The encoding time of these
compressed images into transformations is highs thioniting the application of this

technique (Zhoet al, 2008)

A more detailed discussion on wavelet compress@iven in the next section.
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4.4 Wavelet Data Compression

From our previous discussions we mentioned thatldss data compression obtains very low
compression ratios when compared to lossy data @ssijon (Gray, 1984). For this study the
bandwidth of the data communication channel lirttitssize of the data packets transmitted from
the local factory floor computer to the remote cotep housed in the control room. The
practical application of our IVASS system in a realrld industrial environment would require

the optimal utilization of all available bandwidthhis is necessary in order to simultaneously
transmit as many image signals as possible froferdifit remote robot stations, to the single

controlling computer housing the intelligent recigm system.

The high compression ratios made available thrdagby data compression frees up sufficient
bandwidth for the simultaneous transmission of ssvienage data signals. As was previously
mentioned, the main advantages of using wavelets aher lossy data compression techniques
is its ability to provide a multi-resolution repesdation of an image, and also its excellent
energy compaction properties. These wavelets ara@ituns which allow for the data analysis of
signals or images, according to a specific setcafes or resolutions (Lagacheseal, 2007).
Founded on the same principles of Fourier thedrg, wavelet transform calculates the inner
products of a signal with a set of base functiamgirid coefficients that represent the signal
(Weeks,2006). In contrast to the one-dimensiondd)Fourier technique localized only in the
frequency domain, the wavelet method is two-din@mmai (2-D) and is localized in both
frequency and time, thus providingtimne-frequencylocalization of a 1-D signal. The 2-D
wavelet transform is a separable transform givethbymultilinear-product of two 1-D wavelets

along the horizontal and vertical directions. Tkisparable transform is good at isolating
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horizontal and vertical edges present in the indega (Umbaugh, 1998). The wavelet transform
brings out certairspecial featureof a function under investigation. It can then lsedi to
identify those components having the least sigaifte, so that ignoring these components can

accelerate numerical computation of the solutiomuiC1997).

4.5 Basic Wavelet Theory

Wavelets are functions defined over a finite indérand have an average value of zero. Some

important characteristics include the following:

i) They are generated from a single scaling funatiowavelet by scaling and translation and
i) They satisfy multi-resolution conditions. This medhat if the basic functions are made half
as wide and translated in steps half as wide, thidyrepresent a larger class of signals

exactly, or give a better approximation of any aign

The basic wavelet transform represents an arbitiamgtion (t) as a superposition of a set of
basis functions. These basis functionsbaby waveletsare obtained from a single prototype
wavelet called thenother waveletthrough dilations or contractions (scaling) arehslations
(shifts). Wavelets are chosen for their abilityproduce sparse matrices when used to discretize
equations. Even though it is not as efficient g#eeowavelets such as Daubechies wavelets,
Mexican Hat wavelets and Morlet wavelets, the Haavelet has been chosen for our research
because of its simplicity, efficiency, excellentrfpemance in terms of computation time,
memory efficient since it can be calculated withahifting it into a temporary array, fast
computation speed and finite domain (Raviraj andaSallah, 2007). Also the derivative of the

Haar wavelet and its scaling function is a seriedatta functions that make the calculation of

37



inner products straight-forward (Raviraj and Salain) 2007). The Haar wavelet transform is

given in Equation 4.1:
T=HFH (Equation 4.1)

where F is aNx N image matrix, H is aNx N transformation matrix, and T is the resulting

NxN transform. Transformation matrix H contains theaH&asis functioh (2. They are

defined over the continuous closed intenall[0,1]for k = 0, 1, 2........ , N-1where N =2"

(Gonzalez and Woods, 2002). To generate the tramaf®on matrix H, we define the integler

such that (Gonzalez and Woods, 2002)

O<p<(n-1)
k=2"+qg-1 (g=0,1),p=0

1<g< 2’ ,pz 0
(Equation 4.2)

Then the Haar basis function (Gonzalez and Wodal32Pare:

h,(2) =i, Z1]0,1]
N (Equation 4.3)

and

22, <z< :
2P 2P
1 2 gq-05 q
Z) = - = —22 , —< K—
(2 =12 JN 2P 2P (Equation 4.4)

0 otherwise z1[0,1]
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The ith row of a NxN Haar transformation matrix contains the elemeritshqz for

Part 2: An Overview of Principal Component Analysis

4.6 Introduction to PCA

When performing analysis of complex data, one @f ittejor problems stems from the large
number of variables involved (Nixon and Aguado, POQAnalysis with a large number of

variables generally requires a large amount of migraad computation power. Using feature

extraction, all the redundant data can be remomearder to reduce the dimensionality of the
data set, without affecting the integrity of theada/arious data dimension reduction techniques,
such as isomaps, partial least squares and PCAecased to achieve feature extraction (Gorban
et al, 2007). For this research we have chosen tohes®CA statistical method because of its

relative simplicity and ease with which the teclugiqgan be used.

4.7 Principle component analysis

PCA is a classical statistical data reduction metthat reduces the dimensionality of a data set
whilst retaining those characteristics of the dagathat contribute most to its variance (Lee and
Verleysen, 2007). For our research, the principahgonents of our image data set is determined

as follows:
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The image from the camera is first compressed u#iregHaar wavelet data compression
technigue. Those vector elements making the mgstfisiant contribution to the image are then

determined using the PCA method. If we assumetligatiata set following wavelet compression

of the image data is given bQ( :{ Xl, K ) Xp} wherex', ...., X are elements of the data

set X, then we can determine the principle comptefithis data set as follows:

i) We first determine the mean of this data set aruract its mean from each data
element to get the average. This produces a dateagimg a mean of zero;

i) Next we determine the covariance matrix, and thaltutate the eigenvectors and
eigenvalues of the covariant matrix; each columthefeigenvector matrix having the
highest eigenvalues are the principal componentseoflata sets and form the feature
vector set. Vectors of very small dimensions carigmered without compromising

the integrity of the PCA representation.

The PCA matrix of feature vectors is transmittea thie Bluetooth link to the main computer for

recognition by the ANN vision recognition system.

4.8 Summary and Conclusion

Wavelet data compression removes any redundantfrdatathe images and reduces the size of
the image matrix. PCA is used to extract the eigetors from the compressed data. These
eigenvectors form the feature vectors and conttithea data necessary for image recognition.
The feature vectors are transmitted over the Batetoommunication link to the remote control
computer where the ANN recognition exists. Onceogedion is completed the data is

transmitted from the control computer to the locamputer that controls the robot actuator
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which is located in the production environmentrad factory floor. The next chapter will discuss
the wireless link that was designed for communicabetween the main control computer to the

robot control computer, and between the robot cbsmputer and the robot manipulator.
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Chapter 5

An Overview of Bluetooth Wireless Communication

5.1 Introduction

This chapter discusses the structure of the convation network that was created to
communicate between the elements of our IVASS sys@@ur IVASS system incorporates the use
of wireless communication technology. The commuincabetween the robot control computer
and the robot manipulator and between the mainrabocdmputer and the robot control computer
is done using wireless Bluetooth technology. A iese network was set up between the main

control computer, the robot control computer androbot.

5.2 Bluetooth Data Transmissions

Our IVASS system will make use of two computerd dre situated a distance away from each
other. The one computer is located in the planttaedcontrol computer housing our intelligent

recognition system is located in a remote contwoln. Data communication between the plant
computer and the control computer is achieved uaimgreless data communication link. Two

types of wireless networks exist namely wirelessAMIs short-range radio technology called

Bluetooth (Wanget al, 2004; Golmie, 2004). Bluetooth and WLAN’s havenamber of

distinct features namely:

) Bluetooth uses the FHSS scheme and hops ovesVildzZtwide channels at a speed
of 1600 times per second;
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i) Bluetooth and WLAN'’s occupies one 22-MHz-widetistahannel across the

acceptable 83.5 MHz of the 2.4 GHz ISM band (Sial, 2006).

Bluetooth devices can effectively co-exist with elass local area network such as WiFi
networks and other devices that operate in an tndugnvironment. This is done by detecting
other devices in the spectrum and avoiding theuteagies they are using. This adaptive hopping
allows for more efficient transmission within thgestrum, and provides the user with enhanced
performance even when other technologies are usednjunction with Bluetooth (Armitage et
al., 2006). Low cost Bluetooth technology was celé for this study due to its low power
consumption; its excellent short-range communicatiapability and its ability to reliabily

operate within an industrial environment.

Following wavelet data compression, the compresdath is transmitted using wireless
Bluetooth data transmission technology, from thealgplant computer to the main computer
containing the intelligent recognition system. Aiebrexplanation of how a Bluetooth

communication link functions follows:

A Bluetooth network is referred to agpeonetand can comprise of up to eight active bluetooth
devices, that includes omeasterand up to seven actiwgtaves A bluetooth device can join two
or more piconets simultaneously and, alternativalits as a slave for various piconets. The
masterdevice of a piconet manages the schedule of datgrhission for its slaves (Bhagwat,
2000). The master in one piconet can also actslave in another piconet. However, a device
cannot act the master role in more than one picdviebile devices that join two or more

piconets are referred to esays A relay delivers messages from one piconet taremnco that
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the resources or services will not be restrictegckBt transmission among piconets can be

achieved by their common relays (Baetal.,2002).

5.2.1 Format of a Bluetooth data packet

The Bluetooth signal hops among 79 frequenciesMiHz intervals at a speed of 1600 times/sec
to provide a high degree of immunity to outsidesiférence. The short packet and the fast
hopping designs of a Bluetooth system increaseoitsmunication reliability (Zurawski, 2004).
Bluetooth uses packet-based transmission whereanfioemation stream is fragmented into
packets. Packets can reserve one, three or fiveecative time slots for transmission. The
standard packet format is shown in Fig. 5.1. Eaatket has the same format, starting with an

access code, followed by a packet header, and @mdih the payload.

Bluetooth links support both synchronous serviceshsas voice traffic and asynchronous
services such as ‘bursty’ data traffic. There am types of links that can be established between
the master and a slave, namely the SCO link and.ABle SCO link is designed to support
real-time applications. It is a point-to-point libketween the master and a specific slave. The link
is established by reservation of duplex slots gula intervals without being polled. The ACL

link is used to exchange data in non-time-critaggplications. It is a point-to-multipoint link
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Figure 5.1: Bluetooth standard packet format (Mulk®01)

between the master and all slaves on the picohet ACL link is used in this study to set up the

full duplex communication between the master amdstave computer (see Fig. 5.2)

5.2.2 Bluetooth Piconetwork

The schematic of the Bluetooth piconet link usethis research is given in Fig. 5.2. There are
2 Bluetooth links in this system, namely the lin&rh the control room to the ‘factory floor’, and
from the factory floor to the computer controllitige robot arm.
An explanation of the piconet in Fig. 5.2 follows:
i) The first link is between the main frame computed ¢he ‘robot control computer’. The
main frame computer, which is located in a contoam, behaves as a so-called ‘master

device’ and is responsible for the data commurocaftiom the robot control
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Fig. 5.2 Bluetooth piconetwork (lat al, 2008)

computer. In this link the robot control computeshbves as a slave device to the
master. The master computer holds the intelligenbgnition system to perform the
object recognition.

i) The second wireless link exists between the robatrol computer and the robot arm
itself. The robot control computer located in tHanp acts as the master for the robot,
which in this relationship behaves as the slave Mot control computer serves three
purposes, namely:

ii.a) It performs wavelet data compression of thage data;

ii.b) Performs principal component analysis toithage matrix in order to extract the

feature vectors of the compressed image;

ii.c) It executes the control signals received fritn@ master control computer.

iii) The communication between the control roamd the factory floor igull-duplexi.e
data is transmitted from the robot control comptibethe main frame computer, and also

from the main frame computer to the robot contashputer.

46



5.3 Summary and Conclusion

This chapter has focused on the design of the @gsatommunication link that was designed for
our IVASS system. The reason for choosing Bluetdetthnology was also given. The piconet
linking the various devices together, plus the pagyof each element in the piconetwork was
also discussed. The next chapter discusses thgndafsihe intelligent system that is responsible

for performing the recognition task in our IVASSsggm.
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Chapter 6

ANN'’s, PSO and GA’s

6.1 Introduction

Chapter 3 has provided a brief introduction to -sofnputing based systems, namely ANN’s,
GA's, fuzzy logic and evolutionary systems suchSasThis chapter will give a more detailed

description of ANN’s, GA’'s and the PSO techniques ®&vas mentioned in the previous
discussions in Chapter 3, the ANN, GA and Sl hagenbused in the design of the intelligent
vision system. The ANN has been designed and ttaioeperform the recognition function

whilst the PSO and the GA computational intelligemoethods were considered during the
training phase of the ANN. Determining the mostrappate training method to use or our

neural network was done heuristically during thsigie stages of our IVASS system.

6.2 General background to ANN'’s

As was mentioned previously in Chapter 3, ANN’s siehof massively interconnected parallel
processing elements (termed neurons) each of whidhodeled along the lines of the human
biological neuron. ANN’s have a remarkable ability derive meaning from complex or

imprecise data and can be used to extract pattmdsdetect trends that humans or other
computer technigues cannot detect (Rabunaland ancadd, 2006). A trained neural network
can be thought of as an "expert" in the categorynfdrmation it has been given to analyze
(Knopf et al, 2007). ANN'’s display the following characterigtiasually found in intelligent

systems:
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ii)

Adaptive learning ANN'’s are adaptive models that have the abilitiern. The learning
behavior of the network changes as new data is maaiéable at its input.
Self-OrganizationWhen data is applied to an ANN, it arranges itsctire to reflect the
properties of the given data by adjusting the gfiterof the interconnection weights
between neurons during training

Ability to Generalize: The ANN has the ability t@generalizeby modeling only the
salient features of the applied data. This charstie gives the ANN the ability to
process imperfect, distorted and new data and heocgibutes towards the networks

fault tolerance.

The above-mentioned three intelligence displayinaracteristics of the ANN will be utilized in

this research for the design of our IVASS system.

6.2.1 ANN classification

ANN'’s are classified according to the following (Fett, 1994) :

i) Topology:The topology of the ANN describes the manner inctvithe elements of the

network are inter-connected within each layer agtsvben each layer (Fausett, 2005).

i) Architecture The architecture of an ANN is determined by thanmer in which the

neurons are arranged into layers, i.e whether #tevark has only a single layer or

multiple layers (Fausett, 2005).

iii) Training algorithm: ANN’s are trained to perform a certain task. Traghinvolves the

adjustment of the free parameters (i.e. bias andgjhtjeof the network. The most
common training algorithm is the gradient desceaseld backpropagation training

method.
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6.2.2 Architecture of ANN’s

An ANN consists of three or more layers, namely:
) Input Layer:The data to be processed is applied to the iryet |

i)  Hidden Layer:Processing of the applied data occurs in the hiddger. The hidden
layer can consist of many neuron layers, each avispecific set of neurons. A simple

rule of thumb approximation of the number of negram each hidden layer can be

determined with (6.1):
Number of inputsv R r (Equation 6.1)

With regards to (6.1),n" represents the number of outputs at the output lagd
‘m’ denotes the number of inputs applied to the netwdtle exact number of
hidden layers and number of neurons per hidderr laylié be determined by the
complexity of the task being undertaken and is Iisuone intuitively. This will
involve the number of training cases, type of asdture, type of hidden unit
transfer functions, training algorithm, amount obise in the targets and the

complexity of the function or classification to learned.

iii) Output Layer: The output of the hidden layers is mapped to thigpwulayer to

generate the response of the ANN to the input stisau

iv) Summer and Activation FunctiorEach neuron consists of a summer and an
activationfunction (also referred to as transfer functiorisguashing’ function). The

summation function sums the products of the weigtttors and input vectors with
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the bias of the network. The transfer function actghe output of the summation to

force the output signal into a range governed $juhction.

ANN'’s are broadly divided into two main architecsr namely FF-ANN’s and R-ANN’s. For our
research the FF-ANN has been trained to recoghzé@mnages under consideration. For the sake

of completeness a brief explanation of the R-ANN also be given.

6.2.3 Feed-forward ANN architecture (FF-ANN)

Feed-forward ANNs are straightforward networks tlatrelate inputs with outputs. They
basically consist of three or more layers, namelynaut layer,one or moréhidden layersand
an output layer Signal propagation is unidirectional i.e. fronpuin to output. They are widely

used in pattern recognition.

Input preprocessed data Hidden layer Output layer

Fig. 6.1 Feed-forward ANN architecture

6.2.4 Recurrent ANN (R-ANN) architecture
By using loops in the network, recurrent or feedbxaetworks transfer signals in both directions.
R-ANN'’s (or Feedback ANN’s) (see Fig 6.2) are natvgoin which most of the connections are

feed-forward only, save for a selected specific bemof units that receive feedback signals
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from the previous time stefp -1). R-ANN'’s experience a number of transitional etk they
reach an equilibrium. They remain at equilibriutth the input changes and a new equilibrium

state needs to be found.

Input laver Hidden layer Output layer

Fig. 6.2 Recurrent ANN architecture

6.2.5 ANN Growing and Pruning

The performance of the ANN is critically dependentts hidden layers and the number of neuron
within it. Too little hidden layers limits the perinance of the ANN; too many hidden layers

increases the training time of the network. Toa@mtraining may result in overfitting.

ANN’s are created either througinowing or pruning For thegrowing techniqugthe size of the
hidden layer plus the number of neurons withinsitgradually increased till the objective is
achieved. Withpruning, a network having several hidden layers is firglated and trained to
achieve a specific objective function. Once theeotiye had been achieved, the number of
hidden layers is gradually reduced till a pointaached where the network performs its tasks
using a minimum number hidden layers and neurof®r our research the ANN was gradually

grown till the objective was realized [i.e till gpoecognition was achieved].
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6.2.6 Supervised and Unsupervised Training

ANN’s can be trained by using eithsupervised trainingor unsupervised trainingWith
unsupervised training, the weights of the netwark modified without specifying the desired
output or input patterns. Unsupervised trainingusially used in self-organising maps for
real-time training of systems that are dynamic. tiupervised trainingthe ANN is trained
using a ‘teacher’ that specifies a certain tarlae network is trained till the target is achieved.
For our study, we chose the supervised trainingagmgh because the conditions present in the

plant where the workpieces are located is faidyist

6.2.7 ANN Training

ANN'’s are trained to perform a specific task. Hos research, three training algorithm were tried
during the design phase of our IVASS system. Thieyttee BP training algorithm, the GA and the

PSO algorithm. A brief explanation of each trainalgorithm follows.

6.3 Genetic Algorithm

GA are stochastic methods used to solve searcloptmttization problems (Govender (private
conversations), 2009). They are based on the na&wwhutionary process of biological organisms
(Rich and Knight, 1996). GA's are inspired by theyviving organisms are adapted to the harsh
realities of life in a hostile world, i.e. by evailbn and inheritance. The technique uses the psoces
of natural selection to select orfiy individuals for reproduction. A GA utilizes three principal
genetic operators, nameayselection operatgracrossover operatoand amutation operatoand
works with a fixed-size population of possible smaos, called individuals (Konar, 1999; Deyi
and Yi, 2007 )Mutation is a process during which a genetic operator &l us alter the gene

values in a chromosome;caossoveroperator is used to change a chromosomes progragnmi
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from one generation to the next; gedection operatois used to select only the fittest individuals
from the population.

Before GA’s can be run, a suitable encoding (orgsgntation) for the problem must be devised.
A fitness functions also required, which assigns a figure of meriedach chromosome. During
the run, parents must be selected for parametbeselparameters (known as genes) are joined
together to form a string of values. The set ofapasters represented by a particular
chromosome is referred to as iadividual The fitness of an individual is evaluated usihg t
fitnessfunction. During the reproductive phase only fitiest individualsare selected from the
population to create the next generation. Havirgcsed two parents, their chromosomes are
recombined, typically using the mechanisncadssoverandmutationto form the offspring for
the next generation. . Mutation is usually appliedsome individuals to guarantee population
diversity. Through a repetitive process s#lection crossoverand mutation,a population of

individuals having the highest fitness levels sgsbdly evolves over a period of time.

GA's find extensive applications in intelligent s machine learning and optimization
problems (Konar, 1999). In our research, the GA lbeen used to optimize the initial weights
and biases of the ANN prior to back-propagationning. BP training fine-tunes’'the GA

determined weights in order to optimize the ANNfpenance. A flow chart illustrating the GA

process is given in Fig. 6.3.
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Fig. 6.3 Flowchart of the GA process

6.4 Particle Swarm Optimization

The particle swarm optimization is an evolutioneoynputation technique developed by Eberhart
and Kennedy (1995), and is inspired by the soadlalvior of birds. For our research the PSO
technique is used to adjust the weights of ouradewetwork. PSO is similar to the GA in that both
techniqgues commence their search with a randontiglined population of so-calleithtelligent
agentsat the beginning of a search cycle. The partitkagerse the solution space in search of an
optimal solution. During the search process theugaiion continuously updates it position and
velocity relative to the other agents within theup.

The PSO algorithm is designed in such a way treptsition of each agent within a search space
represents a potential solution to a specific moebl(Shi and Eberhart, 1998). Within this
framework each agent, besides having individualligence, also develops some social behavior

and coordinates its movement towards a commonrdéisth. Each agent keeps track of its
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coordinates within a solution space and aims togsvardpecific direction. The common direction
which the agent moves towards represents the best position achieved by the group thus far.
Agents compare their position with other memberthefflock, and are able to identify the agent
occupying the best positioplgest)for a certain moment in time. In a coordinated vwaaypptimal
solution evolves as each agent within the flock ifiesl it velocity and position and moves
towards asingle best positionfor the entire population. The population’s singkst position
becomes the global best positiaybés} of the group and represents an optimal solutibrs
worth noting here that the process involves noy ortelligent behavior but also social interaction.
In this way agents learn from their own experieficeal search) and from the group’s experience
(global search).

The position of each agent is represented b¥¥a axis within a two-dimensional search space.
The velocity vectors are given as by and vy (i.e vectors along the X-axis angaxis,
respectively). The modification of the particlessfiion is realized by the position and velocity
information (Kennedt al, 2001). Each agent knows its individual best val&ined so far in

the search pbest) and its XY position. This information is derived from its pensl

experiences as it traverses the search spacertchsgfaa solution. Moreover, each agent knows

the best value achieved so far in the grogpest) amongpbest The position of each agent is
modified according to its current positioR, {/), current velocities\(x,vy ), distance between its
current position and itgbest and the distance between its current positionthadjroupgbest

The equation for each agent to adjust its veldsityiven by equation 6.2 (Kennedy and Eberhart,

1995);

vt =v¥ + ¢ rand, x (pbest - s*) + c,rand, x (gbest-s*) (Equation 6.2)
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With regards to (6.2)v/*= velocity of agentiat iteration k; c, = cognitive acceleration
constants (self-confidence level) - this is an stdjble parameterg, = social acceleration

constant (swarm-confidence level) - this is adjpigteparameter; rand,, = random number

between 0 and 1; s = current position of agentat iteration k; pbest = personal best of

agenti andgbest= global best of the population.

The current position of the agents within the seaace is adjusted by Equation (6.3):

k+l _ <k k+1
S O=STY (Equation 6.3)

1

where s“*  denotes the position of agenat the next iterationk +1. The rest of the variables

have the same meaning as was defined for equatidn Figure 6.4 gives the vector
representation of a searching point with the PS@n(€dy and Eberhart, 1995). Each agent

alters its current position using the integratidrvectors as shown in Figure 6.4 (Kennedy and

Eberhart, 1995).

b

X

Fig. 6.4 Concept of modification of a searchingnpday PSO
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With regards to Fig. 6.4:

s* = current searching points“* = modified search pointy* = current velocity;v** =

modified velocity; v = velocity based opbest v = velocity based ogbest.

pbest gbest

The flowchart of the steps followed by the PSO pescis shown in Fig. 6.5.
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Chapter 7

Training of the ANN Recognition System

7.1Introduction

This chapter is divided into Part 1 and Part 2t Paliscusses the three training methods that were
considered for training our neural network, nantely back-propagation method, the GA method
and the PSO method. Part 2 compares the traingultseof the back-propagation training to that

of GA training, GA-BP training and PSO training.
Part 1: BP training, GA-BP training and PSO training

7.2 Back propagation training

Consider a typical neural network shown in Fig., wwhere X, X,, X3 are the network’s input
vectors andM, andW, represent the weights in the input layer anguatiayer, respectively;
B indicates the network bias. This network hasdhmputs, two hidden neurons and two output
neurons. We will use the ANN given in Fig. 7.1 ltastrate how the back-propagation algorithm

works.
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Hidden Output
layer layer

n=ta)
t isthe tremsfer function

a=XWwW—2B

ervor(e)=T —n,

w, W,
XN G | 7 > a, |7, » error(s) le—T
msan Hidden Output
: layer layer

Fig. 7.1 3:2:2 FFN used to illustrate BP training
Let’s assume that the ANN is a 3:2:2 feed-forwaetivork. Now consider the following, and
T, matrices, wher&y represents the input matrix afiglis the output or target matrix:
X4 X2 0.3 0.1
Xo=|%:  %,|=[01 03/=[X, X]

X X 5 0.2 04

and
t, t,] [06 0.8
T‘*:L ¢ 17lo1a 02" T
2,1 2,2 . .

o | . _[-1]_| B
The initial bias matriXB for each neuron is assumed tobhe e |
2,1

Also, the initialized weight matrix for the neuromsthe hidden layer i8V,, and for the neurons

in the output layer it i8V, where :
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Wi, W, 0.2 -0.3

| _| W W, | 0.1 -03
W, = w, w,|[=/ 02 04 W, = 5 o P
W, W; , -0.1 05 21 b2 . .

The output from the hidden layer prior to being laggpto its log-sigmoid transfer function is

given as g
0.1

W _[o2 o2 -o3 " [-1_[10
AT B _[—0.3 0.4 0.51 oal L= |12

a, is applied to the log-sigmoid transfer functign (or shaping function) where

_ 1
P 1 exp(a, )’

The output from the first hidden layer that is apglto the output layer is,nwhere

1
. 1 _|1+expE1.04) _[0.7389
" 1+expa,) 1 0.784

1+ expE 1.29)

The result of the output layeprior to being applied to its log-sigmoid transfer fuaot is

denoted by awhere:

=0l [n]-[4=| o

a, Is applied to the output layer’s log-sigmoid aatien function to generate the outpyt of

the ANN :
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1
_ 1 _|1+exp(1.38) | 0.802
1+expta, ) 1 0.6506
1+ expE 0.62)

r]O

The difference between the network’s output andahget is defined as,, where &, is:

g =[T,—-n]

for each column subtraction.

& q Is generated foeach applicatiorof the target vectorT, :[Tz Tl] .

The sum-squared-error (SSE) used by the BP algoudilring network training is

csE \/Z[(Tq-no) ] _ [(0:8-0.8002)+ (0.26 0.6508)_ ..

r 2

Wherer =2 denotes the network’s number of hidden layers.
The size of the network’s error depends on factah as the number of training epochs of the

network, the size of the network and the trainitggpathm that is used. According the delta rule

andrf‘q , the change in weighW, is proportional to the rate of change of the sedagrror

with respect to that weight, that is

2

aw, = -
o~ ,76W

(o]

The change in weights between the output and tihdehilayer is determined by using a learning

rate of 7 =0.6. To evaluate the partial derivative, we applychain rule:
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AW, =-n

65; B 655 on, da,

and from € = & =[T, = N we get

And finally

0&?

oW,

o

If we defined, as

0, =2[T, —n,Jnf1-n]

Then
G
==0,n,
oW

n
because & =&, = [T,—n.] and fa: =n[1-n)]

SO

oW, on da oW

L =-2[T,-n|n[1-n]ln,
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on 0.00006
0 =26e—2=2[T,—n 1-nl=

From the above, the change in the weightA® can be determined as follows:

(0]

0¢’ 0.000028 0.07
AW, =—1] =11 &1, =
oW, 0.00003 0.08

The updated weights in the second column of theghtematrix in the output layer of the

network is denoted by [V

W] =[]’ +awW

wr'=o o

, [01 -022
(W] =
04 -0.11
After the first training run, the comparison is eén [Wo] and VVy and the weight is

updated in the second column. Similarly, the chapigthe weight between the input and the
hidden layers will follow the above-mentioned patteintil the user-specified error goal is

achieved.

7.3 GA-BP Training

Using only the BP method to train the ANN has salvdrawbacks such as:
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i)  BP training suffers from premature convergence. 8iiner can remain at a constant high
for some period during learning as a direct resuén inappropriate set of initial weights

(Leeet al, 1993).
i)  The speed of BP algorithm is very slow (Legeal.,, 1993).

i)  BP algorithm is a gradient descent based methde@ “saw-tooth shaped’ trajectory that
the algorithm follows may result in it being trappen several local minima as it

converges

For the above-mentioned reasons, the GA has beehtasnitialize the ANN weights and biases.
The network is then trained using BP training. % and then the BP method is used to train
the network for the following reasons:

B The GA finds a solution close to the global optim In other words the GA will preset
the weights and biases of the network to a poitttiwithe search space that is close to an
optimal weight value.

i)  BP quickly reaches the nearest local minimum leans of a local search using the initial
weights and biases determined by the GA.

The combined GA-BP training method used to trai@a ANN is explained in the following
discussion:

Let’s assume that our ANN has the following parargtnamely : ; E output of the i™ neuron
of the input layer; H= output of the i™ neuron of the hidden layer; ; © output of thei™
neuron of the output layer; WjH= weight value between theé™ neuron of the input layer and

the j™ neuron of the hidden layer; WH®  weight value between thg™ neuron of the

hidden layer and thé™ neuron of the output layer.
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The weight and bias optimization process for theNABIdone in the following steps:

Step l:nitialize the weights of the ANN and use theseghts as thénitial population Pfor the
GA. The other parameters of the GA acrassover probability P(¢)nutation probability P(m)

and theinitialized weights WIH; and WHO, )

Step 2 Calculate the value of the individual evaluatiandtionPs, where:

f
Ps=— (Equation 7.1)

>t

i=1

and the fitness value( i ) is :

bOE() (Equation 7.2)

where

E(i) = Zplzk:(vk _Tk)2 (Equation 7.3)

With regards to (7.3)E(i) represents the square error of the ANN and=1A ,N is the
number of chromosomes;k =1A 3 is the number of neurons of output laygs,=1LA 5 is
the number of training samplesV, is the target value of the neural networR,; is the actual

value of the ANN output.

Step 3 Crossover individud, and G,,,with the crossover probability. to produce the new

individuals G, andG,,, .

Step 4 Generate the new individua(B} by mutating G; with mutation probabilityPr
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Step 5: Include the new individual G} with the populatiorP and determine the fitness value
f(i) using (7.2) and (7.3).

Step 6: The GA ends once a satisfactory individual haanldfeund, otherwise steps three, four
and five are repeated.

Step 7: Once a population of satisfactory individuals bhasn found, it becomes the optimized

weights of the neural network and BP training starth these optimized weights.

7.4 PSO Training

PSO will also be considered for training the ANNkd_the GA, the PSO method is a population

based optimization technique. Unlike the GA:

i) The PSO method does not cull the weakest agentsuiivoval of the fittest principle) in the
population since the entire swarm converges omptienal solution (Dahal, 2007).

i) The PSO has no complicated evolutionary operatoch ss crossover and mutation (Liu,

2007).

Using the PSO, potential solutions are found by dgent members (usually referred to as
so-calledintelligent agentys as they search through a solution space by falgwhe current
optimally placed particles. Swarm particles contimsly trace the path followed by particles
occupying a historically best positipirest(i.e the best solution for a certain moment in jinae
they traverse a solution space until the entireufajmn converges on the best global solution

gbest(final best solution)

For the PSO method used to train the neural netéoorur IVASS system, the weight matrices

between the input layer and the hidden layer atdden the hidden layer and the output layer
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are denoted by twax( x n)matrices, namely W and W?, respectively. For our network, we
have 36 inputs and 9 neurons in the hidden layer this hidden layer W will be a 9 x 36
matrix. Between the output of the hidden layer #minput to the output layer we havé®w
W is a 3 x 9 matrix since we have 3 output neurater¢onnected to the 9 hidden neurons. A
detailed discussion on the rationale used to déterrthe architecture, number of inputs and

number of neurons for our system will be given ma@ter 9.

When the PSO method is used to train the ANN, teigihts of W! and W? are updated by the
algorithm during the training process. We will atsy that the updated weight matrix following

PSO training is given by (7.4):

— 1] 2]
W, —{VV[ ’ W } (Equation 7.4)

With regards to (7.4): Wienotes the weights of the matrix following traipiwith thei™ particle

W1 W2 . . :
of the PSO; VV, and VV; are the updated weight matrices of the hidden layer the output

layer respectively, following training with the PSO

The ‘fitness’ of any particle within the swarm istdrmined by its position within the solution
search space, and the particle closest to thesbégion pbesj is the fittest agent within the
swarm. Searching stops once the group’s globalgmestion gbesj is reached.

The efficacy of the network’s training is assessedording to the mean square error of the

neural network’s output according to the fitnegsction (7.5):

fW) =2 I3 - pWH

k=1 =1 (Equation 7.5)
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wheref is the fitness value,tk| is the target output; pk| is the predicted output based 04 ;

Sis the number of training set samples; énid the number of output neurons.

Part 2. Comparing the performance of BP training, GA-BP

training and PSO training

7.5 Introduction

Part 2 discusses the three training methods thet wensidered for training the ANN in our
IVASS system. The methods considered are: BP t@inGA training, combined GA-BP
training and PSO training. A comparison betweesdhmethods is also done in order to select

the best technique to train our ANN for optimumutes

7.6 Training Dataset

The training data sets used to train the neuravorétis shown in Table 7.1. The data contained
in Table 7.1 consists of the eigenvectors that weyed to train our recognition system. A
detailed explanation of how they were determinelll bé given in Chapter 9 To facilitate an

easy explanation for now, we will consider thenbasg an arbitrary data matrix that was used

to train the network.

7.7ANN Training

7.7.1 BP training

The methodology for BP method has already beenuslssd in detail in section 7.2. The

following parameters were used to train the netwierning rate = 0.1, momentum = 0.3
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7.7.2 GA-BP training
i) The GA is gylobal-searchalgorithm. The search for a solution starts atgliobal level so

that the entire solution spaced is considered vdetermining a solution.

i) Predetermining the weights with the GA will redube chances of the BP being ‘stuck’
in a local minimum during its local search for gutimal solution. Thus pre-training the
ANN with the GA minimizes computational burden. Th#owing parameters were used
in the GA training: number of generations = 800pydation size = 50, mutation factor =

0.6 and the probability of crossover (PC) = 0.8.

i) Following GA training, the network is then BPitrad with theGA determined weights
and biasesWe have done this because the search for an alpgmiution with the BPA is
restricted only to the local level, hence ensutinat the search time for an optimized

solution is much faster.

7.7.3 PSO training

The PSO optimization method is also used to traen ANN. The following parameters were
used by the PSO during the training process: ptipulasize = 20, social and cognitive
acceleration limits are [-2, 2]. The PSO startedsgarch at the global level and then converged

on an optimal solution at the local level.
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Table 7.1 36 x 15 data matrix of ANN training vesto
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7.8 Comparing ANN training

The comparison between BP training, GA-BP trairang PSO training is done on the basis of

the error size and training time. The results arergin Table 7.2.

BP GA GA+BP PSO

Data | Time(s) Error | Time(s)| Error | Time(s)| 6.07e-8| Time(s)| Error

1 35.43 le-3 | 9.93 15.64 28.81 le-3 15.81 5.4e-12

2 52.70 le-3 | 9.98 23.97 31.46 le-3 12.32 1.3e-7

3 48.93 le-3 | 10.29 11.4

NI

32.06 le-3 17.347 5.5e-7

4 37.96 le-3 | 9.04 18.28 30.15 le-3 17.03 7.31e-8

5 37.62 le-3 | 10 13.68 30.73 le-3 14.01 1.16e-7

6 58.71 le-3 | 9.85 25.36 30.5] le-3 12.74 2.5p6e-7

\w P

7 31.37 le-3 | 10.32 17.79 28.43 le-3 24.86 2.0be-5

8 32.82 le-3 | 10 149, 28.81 le-3 13.5¢ 1.7¢-7

9 59.30 le-3 | 10.01 22.28 24.93 le-3 12.94  3.4g-8

10 30.79 le-3 | 10.67 25.46 27.9G le-3 11.89 6.07e-8

[92)

Table 7.2Time and error statistics for the three traininghoeds
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7.9 Summary and Conclusion

This chapter has briefly described the BP, GA a8@ Pnethods used to train ANN'’s. The initial
weights of the ANN can be preset with the GA inesrtb reduce the possibility of premature
convergence during BP training. The ANN is alsoned with the PSO algorithm and it was
found that it yielded better results than when @swrained with the BP method, especially in
instances where large data was present. The resuliscomparative study between the BP,
GA-BP and PSO training methods are given in Tale 7From Table 7.2 we see that the PSO
algorithm yields the shortest training times witle smallest error. On the basis of this, we chose

PSO training for our network.
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Chapter 8

Robotic Manipulator Implementation and Layout of
the Intelligent Vision and Sorting System

8.1 Introduction

This chapter is divided into two sections. Thetfgsction discusses the robotic manipulator that
was used for the implementation of the IVASS; tleeomd part discusses the layout of the

industrial environment within which our IVASS systés implemented.

8.2 Description of the Robotic Manipulator and its Associated

Control Systems

The image of the robot arm used in this projeagiven in Fig. 8.1. The arm is a Mindstorm
robot available from the Lego Corporation. The Ldgmdstorm robot was chosen for this
project because of the ease with which we couldrobit using MATLAB software. The robot
consists of a controller having 32kB of RAM, anubngor a sensor and three serial ports for
connection to the three servo-motors. For thisqmtojhe sensor input port was not used. The
schematic of the control module of the Mindstorrbabis given in Fig. 8.2 The connections

between the robot controller and its three servionsds shown in Fig. 8.3.

The Lego Mindstorm robot has three DOF. Each DQOfiesethe following purpose namely,
controlling 360 rotation of the robot manipulator, vertical moticontrol of the arm, and control

of the gripper.

75



Three Logitech Quickcam E2500 web cameras were taseapture the images of the workpiece
under consideration. The cameras were fixed todhet arm and coupled to the USB port of the
‘robot control computer’. Each camera has a rath@.3 Megapixels and can capture up to
thirty frames per second. Communication betweercémeras and the controller is done via the

three USB (version 2.0) at a maximum data trarrsfter of 480 Mega-bytes per second (Mj.s

Fig 8.1 The Lego Mindstorm robot manipulator
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Control Module
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Fig. 8.2 Robotic Manipulator Control System
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| | 32 KB RAM | P commutation port : [ >§:E!I'V0 Motor C
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T

Fig. 8.3 Robot controller and its associated pexnials

8.3 Intelligent vision and sorting system layout whin the industrial

environment

The schematic of the IVASS system in an indusemdironment is given in Fig. 8.4.
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The implementation and testing of the IVASS systeis conducted within a simulated
environment in the Optimization Studies and Rededdnit at the Durban University of

Technology. With regards to the system layout giveRig. 8.4:

The factory floor control system consists of theeehweb cameras, the robot controller and
manipulator, and a ‘robot control computer. Thabat control computer performs the

following tasks:

i.) Receiving the JPEG images at its USB port fromttiree web cameras fixed on the

robot arm.

Ii.) Image pre-processing which consists of wavelet endata compression to reduce the
size of the image matrix, and PCA feature extractio extract only the dominant
eigenvectors in order to reduce the dimensionalitthe image matrix being transmitted

to the ANN.

iii.) Transmitting the PCA image vectors via Bluetoothmeldss data communication to the

remote mainframe computer.

iv.) Receive the object recognition control signals fithi remote main frame computer.

v.)  Depending on the received control signals, the tra@omtrol computer will guide the

robot manipulator to the pre-allocated positiondach work-piece.

The main computer is housed in a control room wethaden meters away from the work

environment of the robot manipulator. This compyienforms the following tasks:

i) Receive image feature vector data from the remrot®t control computer’.
i) Perform image recognition using the ANN recognitsystem
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iii) Transmit the object recognition signal to the rotattrol computer.

The recognition and ‘pick and place’ operation iwes the following:

i)

ii.)

At rest the manipulator will idle at its defaultgoon (see Fig. 8.4). The manipulator

returns to its default resting position after exewmueach ‘pick and place’ operation.

During the sorting operation, images of the unsbrtdjects are captured and
pre-processed by the robot control computer usiagelet image compression and
PCA for extracting the image’s feature vectors. $hkected feature vectors are then

transmitted to the main control computer for recign by the ANN system.

Once the object has been recognised, the dataspomnding to the recognised image

is then transmitted via the Bluetooth link to teenote robot control computer.

The remote control computer guides the robot mdaiputo pick the objects from
‘unsorted object positions 1, 2 and &\d relocate them teorted object positions 1,
2 and 3) (see Fig8.4). This sequence of operations will continlleati objects have

been sorted and stacked into their respectiveipnosit

The sequence of operations involving the varioagest of the recognition and sorting process is

summarised in Fig. 8.5.

The workpieces used in the experiments are shovwAiging.6. These empty boxes were chosen

so as not to avoid placing a strain on the wealsttoation of the Mindstorm robot. The same

ideas and methodology discussed previously camfityemplemented on a much larger scale in

a real world environment. Fig. 8.7 shows the radoot executing its pick and place operations

and Fig. 8.8 is a view of the robot showing itsi®@as components.
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(b) Object 2: Princetor bdc)Object 3: Voyager box

(a)Object 1: Aspen box

Fig. 8.6 Images of the objects under consideration
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jwebcamera 1

robota rm control module

Fig. 8.8 Robot manipulator with its motors, camexad control module

8.4 Position of the cameras

Fig. 8.9 shows the position of the threegitech Quickcamweb cameras that were used to
capture the images of the workpiece. The camemsnaunted 1Zbapart and simultaneously

capture the image of the object surface from tldiferent angles. This is necessary in order to
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build a comprehensive image matrix of the workpiémeease of recognition under dynamic

environmental conditions.

Fig. 8.9 Position of the 3 web cameras relativih&oworkpiece

8.5 Summary and Conclusion

In this chapter we have discussed the constructidhe robot manipulator and the layout of the
IVASS system in its work environment. The sequesiceperations involved in the recognition
and ‘pick and place’ process has also been disdu3$e next chapter will discuss in detail the

operation of the ANN recognition system.
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Chapter 9
Image Preprocessing and
Design of the Grey Scale ANN System

9.1 Introduction

The previous chapter has discussed the robot matgp@and the layout of the IVASS system in
its operating environment. Part 1 of this chapteutes on the pre-processing of the image data
matrix and Part 2 discusses the design the ANNeBysthis system forms the intelligent aspect of
our IVASS system. Pre-processing is made up ofstages, namely image compression using the
wavelet compression algorithm and principal compo@@alysis. The relevant theory associated

with these techniques was already discussed inehdp
Part 1. Image Data Preprocessing

9.2 Methodology followed to prepare the image maites for

wavelets image compression

From the discussions in chapter 8, it was mentiothed three images are taken of each

workpiece. These images are shown in Fig 9.1. Hacbmpressed work-piece image consists of

a 288 x 352 matrix having 101376 elements. For each objectwilefollow the procedure

mentioned below:

i) In chapter 8 we say that the cameras are mour@dapart. Three images of each object
from 120, 240 and 368 angles are taken of each object when the objdntascertain
pose

i) The three images of the object in its first paseclustered together to form a group.
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iii) The pose of each object is adjusted five timakthree images are taken of the object in
each of its new poses.

iv)  From this we will have 5 groups of images, wittle group having three images of the
same object positioned in a certain pose.

V) The procedure described in steps (i) — (iv) geeted for each object. From this, we will
have a total of 15 groups (5 groups for each opjedth each group having three images
of a certain object in a certain pose.

The above-mentioned procedure was heuristicallyeldgped and resulted in the most

comprehensive set of image vectors for our objédtese comprehensive vectors of the object

in different positional orientations and poses \eitisure that accurate recognition will always

take place even under dynamical environmental ¢immgi.

c) Voyager box images taken from £2@4@ and 368 orientation

Fig. 9.1 Original images of each work-piece takemf 128 apart using
the camera arrangement shown in Fig. 8.9
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9.3 Wavelet Image Compression of the captured imageames

Following from the discussion in Chapter 8, it wasntioned that the camera is positioned at
120 apart in order to build a comprehensive imagenoblsject. Each orientation of the object is
captured by the camera and compressed using the Whazlet algorithm. Wavelet image
compression is done for all three orientations {1280 and 366) of each object and forms one
group. The Haar wavelet algorithm (Equation 4.4eetpd here for convenience) is applied to

each image vector within each group.

o%  (a- 1y<z<(q OF/

_ _ 1 b 0.5)
(2= (3= 2% @708/ < w9/
0 otherwise z1[0,1]
- (Equation 4.4)

In total we will apply this algorithm forty-fiverties to compress all our images. An example of a
single compressed image of the Aspen box is showfig. 9.2 and its associated data vectors

are given in Table 9.1.

Fig. 9.2 Aspen box following wavelet compression
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For our application, the PCA method is applied eniic order to further reduce the size of the
matrix being transmitted to the remote computerrehibe ANN recognition system is located.
This was done for two reasons, namely: i) To mimerthe number of inputs to the network and
hence the number of neurons in the first hiddeerlay the neural network and, ii) to minimize

the occupied bandwidth over the Bluetooth commuiandink during communication

9.4.1 First application of PCA for extraction of genvector 1 and eigenvalue 1
PCA is applied to each8 x 22 wavelet compressed image matrix to extract feataotors that
will be transmitted via the Bluetooth channel te tireural network. The chosen eigenvectors
following the first application of PCA is shown the image matrix of Fig. 9.3. The eigenvectors
and their corresponding eigenvalues (for the waveenpressed data in Table 9.1) is given in
Table 9.2. The vectors shown in Table 9.3a anderaldb have been extracted from Table 9.2 in

order to aid our discussion.

Chosen Trivial eigenvector
elgenvec-

tor

Fig. 9.3 Eigenvector image matrix for the Aspem bb128 orientation after first PCA
(Table 9.2 gives the associated eigenvector matrix)
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1
0.77045

1
2 0.50089

3 0.14255

4 0.11365

5| 0.088713

6| 0.049933

7| 0.034453

_ 8 0.02057
eigenvalues 1="g | 4573
100 0.010843

11 0.0092176

12 0.008673

13| 000544596
14 00030033
15| 0.00075519
161 27 d6e-032
17| 5 5005061
18 0
19
20
|
22

oo oo

Table 9.3b Aspen box at 126rientation: Eigenvalues (1) following first apgition of PCA
(22x1 matrix)

From the eigenvalues given in Table 9.3b, we @mntkat the first four rows of eigenvalues,
namely 0.77045, 0.77045, 0.14259 and 0.11365, tievéargest magnitudes and will therefore
contain the most important vectors of our imagesiiy the experiments we observed that the
first four eigenvalues always consisted of thosguiee components that contributed the greatest
to the image- this applied to all forty-five imagésit were considered during the testing of the
system. Applying the eigenvalues shown in Tablé 903(9.1), we determined that the first four
column vectors are the principle components andritore 87.3% of the images most salient

features.
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4
Y eigenvalug
k=1

22
Y eigenvalug
k=1

_ (0.77045+ 0.7704% 0.14259 0.11365)
(0.77045+ 0.7704% 0.14239 0.11365+0.0667186+0)

=87.3%

(Equation 9.1)

The selected eigenvectors contained in the firgt fows are shown in Table 9.5.
The remaining 12.7% of the eigenvalues were omgtede their magnitudes are small and their
contribution is non-significant to the image’s fg&s. In omitting these ‘non-significant’ vectors

of the image, we also relied on the ANN'’s ability generalize for instances where data is

missing.
1 =2 S =
1 1.0925 0. 14554 -0. 19867 0.015951
2 0.87737 -0. 13554 -0.6353744 -0, 1522
= 0. 1565654 -0.60475 -0.061522 0. 1739586
4 -0. 409435 -0.985325 0.855357 0.63095
= -0.65114 -1.11354 0.353142 -0.28975
= -0.53952 -1.3105 -0.15974 -0.224
7 -0.24755E -0.73515 -0. 43575 -0.23453
= -0.0494565 -0. 40557 -0. 26025 -0.23152
9 -0, 4541 0. 11357 -0.53524 O0.073573
10 -0. 78527 06561554 -0. 44549 0.351065
11 -1.2349 0.8257 -0.15774 O.37172
12 -1.3413 0. 74452 o. 1037 0. 16303
13 -0.873936 0.82663 0. 18226 -0.31054
14 0.035035 O.75109 0.4942 -0.69485
15 063727 0.55017 0. 42265 -0.41216
16 1.26544 0.23957 o. 10952 0.253465
17 1.26544 0.23957 o. 10952 0.253465
15 1.26544 0.23957 o. 10952 0. 253465

Table 9.4 Aspen box at 120rientation: After first application of PCA therdt

four of columns of eigenvector 1 contributes 87 @Rihe image matrix
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9.4.2 Second application of PCA

Following the first application of PCA, we obseffvem Table 9.4 that for each object, with each
object having three images, we will end up with 4&= 72 elements for each image. For 3
images we will get 72 x 3 = 216 elements. For olNNAthis means : for each image its
corresponding 4 x 18 eigenvalue matrix is reshapida 72 x 1 matrix and for the three images
which are simultaneously applied to the ANN, welwihve 72 x 3 = 216 inputs being
simultaneously applied to the ANN. This means thatfirst hidden layer will need 216 neurons.
Having a large number of neurons in the hiddenrlay# increase the computational time. For
this reason we decided to apply PCA for the sec¢onel in order to reduce the size of our neural
neywork.

PCA analysis is applied to Table 9.5 in order téraet the second set of eigenvectors. This

resulted in eigenvectors 2 and eigenvalue 2 shawiable 9.6 and Table 9.7, respectively.

1 2 3 4 ] = T g 9
1 1.0928 0.87737 0.18654) -0.40843  -065114] 053852 024786 -0.0494586 -0.45841
2 0.14884) -0.13584) 060475 -0.98325 -1.1134 -1.3106| -0.78515 040537 0.11387
3 019867  -0.63744) -0.061522 0.85637 033142 015874 043576 -0.26025 -0.3324
4 0.018951 -0.1522 0.17986 063098  -0.28975 02240 023453 0231520 0.073673
10 11 12 13 14 13 16 17 18
1 -0.73527 -1.234% -1.3413|  -0.87956  0.033035 063727 1.2644 1.2644 1.2644
2 0.61684 0.8267 0.74432 0.52663 078102 0.58017 0.23937 0.23987 0.23937
3 044649 -0.18774 0.1037 0. 158226 0.4942 0.4226 0.10932 0.10952 0.10932
4 0.32106 037172 016303 -0.31054) 069435 041216 0.25346 0.25346 0.25346

Table 9.5 Transposed eigenvectors from Tabled.the Aspen box at (12@rientation) after

first application of PCA (4 x 18 matrix)
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Chosen
eigenye-
tor

Trivial eigenvector

Fig. 9.4 Eigenvector image matrix for the Aspem Bb128 orientation after second PCA

(Table 9.6 shows the associated eigenvector matrix)

279 061 002 0 00 0O0O0O0O000000O0O0OO0OO0O
172 -170 004 0 0 0 0O 0O0O0O0O0O0OO00O0OO0OO0O0OOO
05 123 101 0 0 0 O0OO0OO0O0OO0OO0OO0O0OO0OO0OO0OOO
052 108 378 0 0 OO 0OO0O0OO0O0OO0OO0OO0OO0OOOODO

eigenvector 2=

Table 9.6 Aspen box at 126rientation: Eigenvector 2 is derived followingté" application
of PCA to the data in Table 9.5

3.7825)
1.9862
0.7235

eigenvalue 2=

O O O O O O o o o

Table 9.7  Aspen box at 1%26rientation: Eigenvalues for the eigenvectorsabl€ 9.6
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The eigenvalues given in Table 9.7 indicates th&t the first three columms of the eigenvector

2 matrix shown in Table 9.6 contains data corredpanto the salient feature vectors of our

image. The selected eigenvectors are given in TaBle

-2.79 -0.61 - 0.0

. 1.72 -1.70 - 0.0
eigenvector 2 =

055 123 -1.0

052 1.08 3.78

Table 9.8 Aspen box at 1%26rientation: Eigenvectors corresponding to themiglues
(4 x 3 matriy

To facilitate application into the neural netwoikbecame necessary to reshape eigenvector 2
(Table 9.8) into a 12 x 1 matrix (see Table 9.9d)ese twelve vectors consist of the most

important feature of the image and will form a parthe training vectors for our neural network.

[-2.79]
1.72
0.55
0.52
-0.61
. -1.70
eigenvector 2 (120°)=

1.23
1.08
-0.02
-0.04
-1.01
| 3.78 |

Table 9.9a Aspen box at 126rientation:

Eigenvector 2 matrix reshaped frodxa
3 matrix into al2x 1 matrix
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The above-mentioned process is repeated three fionesach box. This is because the three
cameras are positioned f24partin order to record a comprehensive image of thekpiece.
The remaining two eigenvector image matrices ferlorkpiece (Aspen box) are given in Table

9.9b and Table 9.9c.

-3.0321 |
1.0844
0.98953
0.95817
-0.030082
-1.1287
eigenvector 2 (240 )=| 0.71502
0.44377
-0.0093118
-0.11897
-0.70596
0.83424

Table 9.9b Image 2 for the Aspen box at Zatientation

[ -1.9737
1.599

0.21408
0.16064
-0.79462
-1.2273
1.2972
0.72471
-0.12469
-0.15331
-0.85362
1.1316 |

eigenvectoR (360 )=

Table 9.9c Image 3 for the Aspen box at%36fentation

The matrices shown in Table 9.9a, Table 9.9b arlldeT@ 9c are combined and transmitted via
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the Bluetooth communication link to the remote meemputer. Table 9.10 shows the combined
eigenvector dataset for all three orientationshef dbject under consideration. This dataset of

eigenvectors forms the training dataset for thealenetwork.

2. 5677
1 . =00

O 72208
054451
-O0.=161%9
-1 . 5199
1. =371

o 5F7a01
-0.1 15559
=] -0 2657

11 -0 S5953

= 1.27=

1= -S.O=21

1 1 .05

1= O 959535

combined Sspen bozxx eigenvectors = 16 095317
a7 -0.0=0052

1= 1. 1257

19 o7 1s02

=0 044377

=21 | O.0O0O09251185

=2= -0 115927

== -0 OSs9s

0o~ Dm kW=

=4 055424
== -1.9737
26 1 .599
=27 o 21405
=25 O 15054
=29 -0 79152
pejn -1 2273
=1 1.2972
== o.72471
== -0 12459

S -0 15551
S5 -0 S5352
S5 1. 13165

Table 9.10 Aspen box: Eigenvector data sets quoreging to 128 24@ and 366 orientation
are combined into a single matrix to form the tragndata set for the neural network.

Part 2

9.5 ANN Recognition System Constructions

The recognition system used for the design of Y&SS system consists of three layers having

the following properties, namely:

i) Architecture:A multiple layer feedforward ANN shown in Fig. 9iS used for our intelligent
vision. The MLFF network architecture has been ehdsr this recognition system because
of its dynamic universality and popularity for ajggltion in a wide range of applications

(Haykin, 1999; Kilian and Siegelmann, 1996). Oumwwek has three layers and is arranged
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as follows: the input layer has 36 inputs and raglsi hidden having nine neurons is
positioned between the input layer and the netvgothtee neuron output layer. We can
describe the network as being a 36 : IMLFANN

i) Topology Each neuron in the hidden layer is connectedath ef the 36 inputs. The input
layer therefore consists of 36 x 9 = 324 intercatinaes and weight matrices from the input
layer to the hidden layer. Each neuron in the hididger is interconnected to each of the
three neurons in the output layer. Also, 9 x 3 =i@ferconnections and weights exist
between the hidden layer and the output layer.

i) Activation Function A sigmoidal neural network was chosen for our \visgystem because

of its suitability for a range of applications (Hay, 1999; Kilian and Siegelmann, 1996).

Input Hidden layer Output layer
W, 1

Input 2

Input 35

Input 36

Fig. 9.5 36: 9: 3 MLFF sigmoidal network used ttoe recognition system

9.6 Design of the input layer, hidden layer and dput layer

From our previous discussions we mentioned thagethimages are taken of each object in a

certain pose. Each object’'s pose is changed fimegiand three images is taken for each pose
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and the eigenvectors are extracted according tontsods discussed previously. In total we
therefore have five sets of eigenvectors for edspbod as follows: columns 1-5 are for the Aspen
box; columns 6-10 are for the Princeton box androols 11 — 15 are for the Voyager box. These

fifteen sets of eigenvectors for the three objactsgiven in Table 9.11.

The number oinputsto the neural network of the IVASS system is deteeud from the number
of rows in the eigenvector data matrix shown inl&&h10. From Table 9.10, we see that there
are 36 rows in each column; therefore the neuravori will have 36 inputs applied to the input
layer of the network. Each column of 36 elemest$atch-fed’ into the network for training

and identification.

The decision to use 9 neurons in teden layeiwas made following a series of experiments. A
hidden layer having twenty neurons was initiallgideed and trained and the computation time
was noted. The neurons in the network were thengat@nd the training process was repeated.
Following a succession of pruning and training ebsas, it was found that having nine neurons
in the hidden layer yielded the best performancéerms of minimized computation time and

excellent recognition quality. The decision to nge neurons can also be verified with equation

6.1. From equation 6.1:

Number of inputsv/ m /3 86=11  Equation 6.1

(6.1) only gives an approximation and further tegtand pruning is still necessary to determine

the minimum number of hidden neurons.

The output layer of our network in Fig. 9.5 corsief three neurons. This corresponds to the

number of objects that had to be identified fortingr If additional objects were to be sorted,
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then the size of the eigenvector matrix in Tablel9vould increase and more neurons would be

added to the hidden layer and the output layeh@heural network.

9.7 Summary and Conclusion

This chapter has focused on the steps that wetewied to preprocess the image data for
application to the ANN identification system. Preggssing involved wavelet video data
compression of the gray scaled pixel data, and R{SA to extract the feature vectors for the
ANN training data set. These steps serve two pagpoamely: i) to reduce the dimensionality of
the training vectors to ensure a minimal size hier ANN system and ii) to reduce the bandwidth

occupied over the Bluetooth channel.

Aspen Princeton Woyager

1 2 3 4 5 6 7 8 2 10 ‘ 11 1z 13 14 15
-2 BEFF| -2 7770 -2.4714| -2 5511 -2 0558 -2 9914|-3.2504| -3 0475 -3 4609| -3.0522| -2 9195 -3 2473 -2 8643 -3.1482] -3.1322
1.3008| 1.9072) 1.9664) 109593 17795 11517 1.2529) 1.2451 1.3712) 1.2356| 11566 12594, 1 1468 1.1946 12003
0.7221) 04533 02730 03233 05372 009604 1.02400 09175 10760 005324 10108 1.0710| 09763 10827 1.0353
0.5448) 0 4065 0.2320| 02665 0.5391| 0.6794| 0.9925] 0.6843 1.0127| 0.66842) 0.7524) 0.9168] 0.7413] 08906 06871
-0.3162| -0.7643| -0.9216| -0.6835 -0.5827 -0.0629-0.0814| -0.1229 -0 1063 -0.1140| 00691 -0.0773| -0.0801 -0.0551 -0.0705
-1.6199| -1 6743 -1.4694| -1 5198 -1.7530|-1.2539 -1 40584 -1.4190) -1 4986 -1.3963| 1.4789 -1 4504 -1 4520 -1.3961) -1 3906
1.3571| 1.3058) 1.3044) 14320 1 4055 06736 06620 08486 09558 0.8704|-1.3320) 11538 1.2771| 1.1730] 1.1047
05790 10428 09966 09713 09302 04502 06270 06934 06461 06399 -02161 03630 0.2550) 02702 03564
-0.1157| 00560, -0.0711| -0.07&2|-0 0637 -0.0227 | -0.0133| -0.010& -0.0162] -00153 0.0664]-0.0471 00803 -0.0515] -0.0445)
02677 -0.0835| -0.0897| -0.1023 -0.1130|-0.1433|-0.06865| -0.0504) -0.09587| -0.0745 0.3911| -0 2699 -0 3549 -0.3275 -0.2613
| -0.8896| -0.9295 -0.8988| -0.8676 -0.8404|-0 6045 |-0.7924] -0.7420| -0.7207 -0.7080| 0.6161|-06733 -0.6190) -0.6320| -0.6354
1.2730| 1.0690) 1.0506 1.0481 1.0171 0.7704| 08921 0.8031| 08376 07978 -1.0935 009903 1.0542) 1.0110) 0.9411
| -3.0321|-3.66831| -4.5624| -4.3020|-3.9366(-4 7708|-3.9862| -4.6203| -3.6081| -4 GE68| -4.2115| -3_4265| -3.9697| -4 3990| -3.6930
1.0844| 20920/ 17021 1.5594| 1.7002| 16999 16059, 1.7333) 15821 1.6621| 17903 17336 17606 16166 16016
0.9895 09531 1.4758 13530 1.1838 1.8525 1.2523 15025 11643 1.6804) 12218 0.9294] 1.1080 14000 1.1030
0.09582 0.82680| 1.3845 13587 1.0549 1.5084) 1.1280] 1.4944| 10816 1.4763 11993 07635 1.0931, 13524 09892
| -0.0301 | -0.5560) -0.0734| -0.0503/-0.2212|-0.0353|-0.1366 -0.0403| -0.1717| -0.0299| -0.2105| -0 4038 -0.2502| -0.0641| -0 2268
|1 1287|-2.2537 | -1 7067 -1.6277 -1.9890/-1 4177 |-1.8127| -1 5163 -1.8525 -1 3854| -1 9704] -2.0115| -1 9606 -1 6506 -1 9896
07150, 16992 11806 06796 1 3663 0.9213 12668 1.0976 1.2495 0095837 11390 1.562F| 1.1407 09165 13720
| 0.4438| 1.1104| 06285 0684 08230 05316 06845 04588 07744 04316 1.0419 08527 1.0782) 07952 0.8444
| -0.0093|-0.0715] -0.0219 -0.0065 -0.0459|-0.0100/-0.0377| -0.0183| -0.0363 -0.0138| -0.0066| -0.0821 | -0.0045| -0.0048] -0.0509
-0.1190(-0.1528| -0.1754| -0.0708 -0.1729|-0.1342|-0.1841| -0.2108 -0.15565| -0.1959| -0.0262| -0.2117| -0.0162| -0.0455 -0.1853
-0.7060| -1 .07F66| -0.8136| -0.8960 -0.9517| -0.6660/-0.6431| -0 6658 -0.9316| -0.6563| -0.8985 -1.0116, -0.6901| -0.9770] -1.0990
06342 13014 1.0108 09733 1.1715 08302 1.0650) 0.8949] 11257 06660 09313 13127 09111 10273 13352
-1.9737|-3.1484| -2.8208| -2 8737 -3.2004|-3.2477 -3 3635 -3.2335 -3 2562| -3.1997| -2 5076 -2 0658, -2 5312 -2.9795) -2 7750
1.8000| 1.1421) 133585 1.36209| 1.0092| 1 1633| 1.1450) 1.1424| 1.1080) 1.1410] 1.1327| 1.0312 11117 1.2681 1.0299
| 02141] 10077 0.7885 0.8003 1.0552 10519 11193 1.0454] 10890 1.0366 07709 10071 07409 08651 09117
01605 099586 06963 07105 10460 1.0275 1.0992 10357 1.0892 1.0220 0G940 09258 05785 06462 05343
| -0.794G| -0.0308| -0.2573| -0.2662 -0.0074|-0.0299|-0.0042) -0.0247| -0.0036 -0.0260) -0.1593| -0.0073 -0.1625 -0.1519| -0.0416)
| -1.2273|-0.9212/ -1 5769 -1.6194|-0.6575(-1.0119|-0.5060] -0 0845 -0.6210) -0.9925| -1 3560 -0.8532 -1.3317| -1.4147| -1 0817
1.2072| 05029 1.1143| 1.1377| 0.3620| 0.6042| 0.4233] 05308 04990 0.5657| 0.9309| 0.7629) 0.6867 0.6246 0.7929
07247 0.4491 07200 07479 026833 04376 01770 04785 01256 04527 05874 00976 06075 07420 03304
-0.1247| -0.0012| -0.0432| -0.0436 -0.0012 -0.0048/-0.0021| -0.0014) -0.0036 -0.0031| -0.0314] -0.0145| -0.0259 -0.0059 -0.0205
-0.1533 -0.0135| -0.1212| -0.1220 -0.0354| -0.0567 | -0.0877| -0.0197, -0.1420 -0.0421) -0.1121| -0.2553| -0.0909 -00233 -0.1621
-0.8536| -0.3543| -0.8127| -0.8548 -0.3408 -0.5058|-0. 2767 | -0 6631 -0.2870| -0.5521| -0.7033| -0 3672 -0.7034| -0.6730] -0.5330
36| 1.1316| 0.3690| 0.9770| 1.0205| 0.3773| 0.5603| 0.3666) 06641 04335 0.5974| 0.8460| 0.6370| 0.6202] 07023 0.7227
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Table 9.11 36 x 15 data matrix of eigenvectors usdthin the ANN in Fig. 9.5
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Chapter 10

Results and Discussion:
Operation of the ANN Vision System

10.1 Introduction

Chapter 9 has discussed the preprocessing of thgeiata in order to extract the training data
set for the ANN. Preprocessing involved waveleadaimpression and PCA. Our discussion in
this chapter is divided into three parts. Partscdsses the steps involved for the ANN to detect
the box; Part 2 discusses the design of the ANMNetect the correct location for placing each
object; Part 3 explains how the system respondswih@as to sort an object that it has does not

recognize.

Part 1. Detecting a box

The discussion in Part 1 focuses on the procedhateis followed to train the ANN system to
detect a box. This involves setting of the netwsrkdrget vectors, training and testing the
network, and experiments to assess the performainttes system under undesirable conditions

such as noisy data.

10.2 Setting the Target Vectors

In Table 9.1 (see section 9.3) we mentioned thatcthiumns vectors in the eigenvector matrix
that were transmitted to the ANN (located in theirmeontrol computer) were arranged as

follows:
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Aspen box: Columns 1-5; Princeton box: Column®6-Yoyager box: Columns 11-15.

The target vectors for our neural network showable 9.11 are given in Table 10.1 and are
arranged as follows:
Row 1corresponds to recognition of the Aspen bayy 2 corresponds to recognition of the

Princeton box ancbw 3 corresponds to recognition of the Voyager box.

Anspen | FPrinceton | onrager
1 b= ) e N R o = I = s = o O e e B I e O e I I S M
A e 2 I of ol of of 6 9 6] O] o] ©
= o ol o O 1 2|l A # ] of o] ‘o o o
] o ]} [} a ol Ol 0o ] ] 1 1 1] 1 1
Table 10.1 Target vectors for the neural network

4

oo-=

10.3 Training the ANN

Chapter 7 compared BP training, GA training, GA-B&ning and PSO training of neural
networks. The results of these training methodsevgliown in Table 7.2. On the basis of these
results, we concluded that the PSO method will eduto train our network because of the
excellent results that its displays when comparedhe other methods. For our PSO trained
network given in Fig.9.2., the weights and biadeth®e network are randomly initialized and the
error gradient is set to 1 x 10 The training data set of the three types of bdket are to be

recognized is shown in Table 9.11 (Chapter 9).

10.4 Results of Training

The results of the training are shown in Table 10.Phe meaning of the data given in Table
10.2 is as follows:
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Row 1: Columns 1 — 5 shows the results of the Asper.

The numbers in the first row of columns 1 — 5 dose& to 1 or equal to 1. This corresponds to
the target vectors for the Aspen box as shown iblelf®.11 and indicates that the ANN
recognizes the Aspen box.

Row 2: Columns 6 — 10 shows the results of the eeton box.

The numbers in the second row of columns 6 — 1@lase to or equal to 1. This corresponds to
the target vectors for the Princeton box in Tablel @nd indicates that the ANN recognizes the
Princeton box.

Row 3: Columns 11 — 15 shows the results of the &gsr box.

The numbers in the third row of columns 11 — 1Blase to or equal to 1. This corresponds to
the target vectors for the Voyager box in Tablel@hd indicates that the ANN recognizes the
Voyager box.

From these results we can conclude that the thfsreiht boxes were recognized successfully

with a recognition rate of 100%.

Aspen Frinceton Voyager
ok o L A b b e B e ) ) ) L S S e S B RS
1 _0.99999 1i 1| 0.95609] 1000672620 001023 -0006043) D.010547) -0.010314) 0.0018651| -0.0014939-0.0016. .| 0.0016513 0,0020142

2 0020016000122, . D.0VZBAB 0011080019177 096781 096767 (98761 09675 (L.96785 00012626 -.000BA... .0022... 0.00079... 0.00197639
3 0.026932-0.031102 -0.00%... 0.016999, 0.0017... -0.0018040.0029348 0.00175... 000315, 000171, 099698 0097 099702 D.996%8  0.99697

Table 10.2 Training results

10.5 Testing the ANN

The test data set was determined under the sandiioos as was described for the training data

set for each box. The only exception is thatghseof the box was changed and the image was
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then taken. This was applicable to all three bokes set of data is taken e&ch objectn each
pose The data is processed as was described for dhenty dataset i.e the image data is first
compressed with the Haar wavelet, and then thereaectors were determined using PCA. The
feature vectors for the three boxes are given el40.3 and forms the test data set. This data is
transmitted to the main control computer for tegtine ANN. The results of the tests are given
in Table 10.4. The interpretation of the test resiglta is the same as was explained for the
training data set in section 10.4 and proves thattthe ANN is now properly trained to perform

recognition of the three boxes.

Aspen Princeton Woyager

I 2 3 4 = (=3 i = a 10 11 12 13 14 15
2.B06E| 3.0885 2.9417| 32433 3.0580 3.4717| 3.0181) 35914, 3.1424 39491 209552 29178 29739 27057 3.2059
1.8775| 1.7334] 12958 15738 1.3817| 1.3499 1.1333| 1.4231| 1.2375 1.4451] 1.1342) 1.0839] 1.1034| 1.0238 1.2210
0.4952) 0.7328! 0.8967| 0.9179) 0.6713 1.0907| 1.0063| 1.1068 1.0056 1.2868 09519 0.9512 1.0172 0.8294) 1.0374
0.4338| 0.6222| 0.7492 0.7516| 0.8051| 1.0311| 0.8785| 1.0615 0.8993 1.2173 0.8691| 0.6728 0.8533| 0.7528 0.9474
074595 06171 -0 1840] 0 3243 -0.2222| 0 1000|-0.0488) -0.1191, -0.0921) 00472 -0 0697 -0 0460 -0.0374| -0.0413] -0.0660
| -1.7431| -1.8711|-1.5631| -1.8681,-1.6101/-1.6033-1.2451| -1.5594, -1.4222| -1 3485 -1.2895] 1 .2029)-1.3374] -1.2398 -1.3070
1.4320, 1.4504] 1.1880] 1.4471| 1.0588| 1.0202) 09963 1.0082) 1.0232] 0.9093 0.9050| 0.8984) 11668 1.0926] 0.9273
1.0506| 0.9378 0.5591 0.7453| 0.7734) 06857 0.2986 0.7703 0.4911) 04859 04515 03505 0.2051| 0.1885 04455
-0.0650/ -0.0736 -0.0590 -0.0826-0.0267|-0.0216|-0.0350 -0.0158 -0.0337 -0.0146 -0.0262, -0.0265 -0.0526| -0.0545 -0.0242
| -0.1002| -0.1456| -0.1985| -0.2144|-0.0857|-0.1300|-0.2493| -0.0861| -0.1839( -0.1403] -0.1681|-0.2141|-0.3686| -0.3392 -0.1635
-1.0730/-1.0070, -0.7395| -0.9242|-0.8088|-0.9338|-0.5693 -0.9389 -0.6984 -0.6256 -0.6713-0.6263 -0.6399| -0.5498 -0.6209
| 1.2381] 1.2262] 09969 1.2211| 0.9212| 1.0853 0.8535| 1.0408 0.9161| 07805 0.5656) 0.5669) 1.0613 0.9436 0.8086
31193 29637 3.9975 32728 4.0356 3.1201| 43072 33246 4.0063 3.31686 25343 32064 27064 34452 26079
18642 1.8573 1.7256| 1.5414| 1.7959 2.0477| 1.5926| 1.7942| 1.6731| 1.5309) 1.3570) 1.2552 1.6903) 1.4198 2.5048
0.89643) 0.6179] 1.2224) 1.0339) 1.1652 0.5397| 1.3936| 07902 1.2058) 05284 053098 1.0518 05642 1.06689 0.0544
| 0.5902] 0.4885] 1.0495| 0.6975| 1.0745) 05327 1.3311| 0.7402] 1.1274] 05593 0.6084| 0.8995 0.5319| 0.95656) 0.0486
04398! 06714, 02116 0 2625, -0.2508| -0 7497 | -0.0601| -0 4696 -0.1713 -0 2761 -02939 00974 05833 -01530 -1.3014
| -1.9763 -1.8443 1.9457| 2.0711|-1.9378|-1 8137 -1.4817| -1.8717| -1.7748 -1.8423| -1.7431|-1.6927 -1.7051| -1.7516 -1.4111
1.7879, 1.5979] 1.4343 1.8614| 1.2761| 1.3009) 09221 1.2787 1.1382) 1.2124] 1.4984| 1.3268) 1.2275] 1.2263] 1.5006
| D.B282) 0.9178 0.7240) 0.4922| 0.9126| 1.2626) 0.6197| 1.0626 0.8079] 09080 0.5386) 0.4633) 1.0609| 0.6783 1.2039
-0.1785! -0.1122 -0.0516| -0.1925-0.0237|-0.0048|-0.0106 -0.0233 -0.0184) -0.0329. -0.1312,-0.0670 -0.0260| -0.0452] -0.0457
| -0.3648| -0 1865 -0.1576| -0.4938|-0.0799|-0.0076|-0 0934 -0 0499 -0.0777| -0.0997| -0.3209|-0.3651|-0.0459| -0.1988 -0.0518
0.9835! 1.0195 07736 -1.0334) 0.7023| 0.68665 06728 08435 0.6620 1.0212) 0.8766 0.9551 1.0183 09502 0.8534
| 15267 1.3181| 1.0129] 1.7197| 0.8059) 0.6789| 0.7767| 09168 0.7550) 11538 1.3287 1.3872 1.0902| 1.1942 09549
2.9812| 33000 -3.0698] -3.1844|-3.0375|-3.5474| 34245 32403 3.4213 -3.1945 -3.1681 3.2530 -3.1772| 27736 -3.2295
1.8005) 1.3279) 1.3557| 1.1412| 1.4478) 1.2229| 1.2670| 1.1330) 1.2198| 1.1078| 1.1124| 1.2266) 1.2161| 1.3177| 1.1939
07487 1.0491| 09096 1 0268| 05346 118459 1.0928] 10726 11178 10446 10527 10357 10051 07455 1.0300
| 06320, 1.0130 0.8045 1.0164) 0.7551| 1.1396 1.0745| 1.0347 1.0837| 1.0420 1.0030| 09905 0.9550) 0.7104 1.0057
-0.4339| -0.0884, -0.2139! -0.0251|-0.2959|-0.0094|-0.0436 -0.0149, -0.0291 -0.0122| -0.0185, -0.0638 -0.0730| -0.2464, -0.0464
| -1.7838 -1.3264| -1.7362) -0.6845-1.7759/-0.9150-1.1390| 0.8874 -1.1462| -0.8062| -1.0620/-1.3041| -1.3163) -1.4674 -1.1302
13689, 0.7919] 1.2212 0.4884| 1.2171| 0.7082) 0.6461| 0.6170) 0.7260) 0.4224] 0.7807| 0.8154) 0.68295 0.9298! 0.6502
| D.8488| 06229 0.7288) 0.4212| 0.8577| 0.2162| 0.5364| D.2854] 0.4494] 03961 0.2999 0.5525) 0.5597| 0.7840 0.5165
-0.0706! -0.0073 -0.0528| -0.0014|-0.0440|-0.0082|-0.0036 -0.0062, -0.0084 -4.580... -0.0128,-0.0127 -0.0142| -0.0134] -0.0053
| -0.1507| -0.0427|-0.1801, -0.0181|-0.1219/-0.20562|-0.0343| -0.1262] -0.1124] -0.0104| -0.2126/ -0.094%9) -0.0946| -0.0378/| -0.0465
0.9369| 0.5234) 1.0025 03625 1.0347| 0.4755| 0.5427| 04526 0.6631 0.4837| 06107, 0.7000 05911 06788 0.5572
35| 1.1582| 0.5735 1.2353 0.3821| 1.2005 0.6889 0.5805 0.5857 0.7839 0.4946| 0.8361| 0.8076 0.7999| 0.7300) 0.6093

T I S m I R S I SV
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Table 10.3 Test data set used to determine whatkBris properly trained
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Aspen PRINCETON VOYAGER

09220 0.9037 09676 09844 09749 00448 04782  0.0005 1710@0032 0.0048 0144 01355 0249 0.004

0.0062 0.0009 0.0854 0.0150 0.0p50 098% 09532  0.991 487009644 0.0008 0.0028 0.2415 0001 0.000

0.0180 0.0037 0.0008 0.0021 0.0p75 0.0007 0.33 00051 1000358 09919 0.8813 09235 84909979

Table 10.4 ANN test vector results
10.6 Experiment to test the robustness of the ANNadx recognition

system

An important characteristic of ANN'’s is their abjlito deliver a stable output even in the face of
noise or disturbance conditions. For our teststeseed the robustness of our ANN recognition
system by introducing artificial ‘salt and peppedise onto the image. This ‘artificial noise’ was
created in order to simulate an extreme such as audirty camera lenses in a real world

industrial environment. The images of the threedsoxith the noise is given in Fig.10.1.

Fig. 10.1 Image samples of cigarette boxes witkeoi
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The feature vectors of the images with noise shmwifig. 10.1 are given in Table 10.5. These
eigenvectors were determined in the same mannemasxplained previously i.e the original
image is compressed with the Haar wavelet algorigma then PCA is applied to extract the
image’s feature vectors. These feature vectordemrento the ANN to determine whether the
network is able to recognize the boxes in spit¢hefnoise. The results of the recognition are
shown in Table 10.6 and prove that the networlafable of recognizing the boxes even when
disturbances are present. This will not be truenfmmal unintelligent systems that work off an

inflexible template

Hspen Frinceton Woyager

¥ 2 3 4 (=1 & 7 =] Q 10 11 1z 13 14 15
27647 -3.0893 -2.9107 -3.2365 -3.0364|-3.4833-2.9932 36126 -3.1275 -3.9991 -2.9253 -2.58849 -2.9454) -2 6557 -3.1961
1.9275) 17665 12777 15882 13736 13381 10961 14199 1.2126 14445 10971 1.0409 1.0627 0.9736 1.1942
04452 07128 08974 09213 08683 1.1159 1.0209 1.1341 1.0200 1.3368 09595 0.9700 1.0332| 09342 1.0559
| 0.3538| 05963 07394 07422 08025 1.0574| 05853 1.0916 09038 12673 08746 08785 0.8568) 0.7435) 09630
-0.7995 -0.5345 -0.1546 -0.3145 -0.1951|-0.0585 -3.86... -0.0805, -0.0495 0.0014) -0.0243 0.0028 0.0126| 0.0082) -0.0200
[-1.7739] -1.9211|-1.5670 -1.8177|-1 6210/ -1.6139/-1.2026 -1.6777 -1.4050 -1.3202| -1.2528| -1.1529/-1.3078| -1.1953| -1.2726
14786 1.5004) 1.1905 1.4964) 10379 09923 09540 0.9751| 0.9958 0.6618 0.6595 0.6484) 1.1654 1.0778 0.8825
1.1106| 09737 0.5516 0.7592| 07905 06905 02612 0.7670 0.4758 0.4700| 04317, 0.3191] 0.1603) 0.1385) 04253
-0.0691 -0.1105 -0.0742 -0.1326] 0.0056] 0.0182-0.0149 00323 -0.01129 0.0354 00067 0.0052 -0.0520/-0.0635 0.0116
|-0.0550] -0.1154) -0.1857 | -0.2068|-0.0357 | -0.0946-0,2533) -0.0363] -0.1664] -0.1083| -0.1453 -0.2065/-0.4386| -0.3729| -0.1392
-1.1230) -1.0444 -0.7257| -0.8457 -0.8083|-0.5571/-0.5230 -09632) -0.6765 -0.5901| -0.6445 -0.5909 -0.6072)-0.4995 -0.5544
12| 1.2881| 1.2736 0.9942 1.26574| 0.9020) 1.101% 0.8195 1.0477 0.8957 0.7305| 0.8342] 0.8357 1.0970 0.9292 076547
13| -3.0994] 29347 -4.0293 -3.2519|-4 06597 -3.1002 -4.3572 -3.3168 -4.0386) -3.3104| -2.75976] -3.1916/-2 7463 -3 4445 -2 55749
14| 16459 1.8555| 1.7133| 1.5143| 1.7891| 2.0611| 1.6696 1.7573| 1.66565] 1.5030| 1.3476| 1.2052| 1.6751| 1.3830) 2 5549
15| 08759 06103 1.2603 1.0576 1.1988 05262 1.4336 07956 1.2424 0.9441| 0.8479 107628 0.5526| 1.0952 0.0044)
16| 0.5824| 0.4728| 1.0776| 0.6981| 1.1046) 0.5205] 1.3911| 07441 1.1615 0.8726 06021 0.9158) 0.5196) 0.9773 -0.0014
17| -0.4204| 06706 -0.1739 -0.2504)-02163 -0.7553 -0.0101 -0.4526 -0.1302) -0.2435| -0.2628! -0.0504|-0.5754 -0.1105] -1.3514|
18[-2.0119] -1.8599|-1.8778| -2.1211|-1.9676| -1.8247|-1.4424| -1.8915| -1.7800|-1.8577| -1.7434|-1.6653|-1.6997|-1.7532| -1.3611
19| 1.8301| 1.8198 1.4388 1.9114] 1.2635 1.2912 08721, 1.2667 1.1112) 1.1934| 1.5098) 1.3199 1.2100 1.2087] 1.5211
20| 0509588 09246 0.7066) 0.4455| 0.9188| 1.3126/ 0.5893] 1.0876 0.8011| 0.9114] 0.4980] 0.4133| 1.0865| 0.6552 1.2466|
21 -0.2210 -0.1194 -0.0266| -0.2425 00162 0.0452 00363 0.0168 0.0244 0.0021 -0.1455 -0.0502 0.0128 -0.0167| -0.0237
2z|-0.3882| -0.1733 -0.1747| -0.5435 -0.0447| 0.0424-0.0510) -0.0086 -0.0421| -0.0657| -0.3353| -0.3556 -0.0038| -0.1882| -0.0109
23/ -1.0200) -1.06857 -0.7536| -1.0834, -0 6632 -0.6715/-06257| -0.8424, -0.6120! -1.0679 -0.6843 -0.9540/-1.0642 -0.9778| -0.8549
z4| 1.5566| 13264 09824 1.7697| 07609 08415 07287 08833 07080 1.1450) 1.3380) 1.4026| 1.0747 1.1896 09254
75 -2 89581 -3.4196 -3.0581| -3.1875 -3.0216| -3.5974 -3 45865 -3 2508 -3.4551 -3.1958| -3.1691 -3.2649|-3.1794| -2 7236 -3.2384,
z6| 1.B505| 1.3226| 1.3560 1.0980| 1 46868| 1.1962 1.2373 10881 1.1926 1.0578| 1.0633 1.2007| 1.1881 1.3103] 1.1613
>7| D.BS94 1.0652 05969 10408 08049 1.2349 11220 1.0870 1.1526 1.0627 1.0726 1.0518 1.0142 06955 1.0447
zs 0.58200 1.0380) 0.7885 1.0421) 0.7293| 1.16896) 1.11158] 1.0841 1.1227 1.0728 1.0261 1.0113| 0.96929 0.6758 1.0293
zal -0.4639 -0.0570-0.2121| 0.0212/-0.3170 0.0406 -00016 0.0338 0.0162 0.0571 0.0293 -0.0267|-0.0379)-0.2523) -0.0052
30/ -1.8338 -1.3296 -1.7813] -0.8425/-1.8251| -0.6762-1.1231| -0.8457| -1.1310 -0.7562| -1.0382 -1.3050/-1.3185 -1.4850) -1.1133,
31 1.4189 0.7809 1.2556| 0.4453 1.2510| 0.6684) 06198 0.5875 0.7080 0.3724 0.7685 0.8053 0.62265 0.9334) 0.6353
3z 08574 06353 07587 0.4052 09077 01662 05364, 0.2452| 0.4358 0.3741 0.2629 0.554%) 0.5633 0.8225 05133
33 -0.1206 0.0328 -0.0774| 0.0472 -0.0555| 0.0307 0.0419) 0.033% 0.0302 0.0495 0.0195 00198 0.0163 0.0181) 0.0379
34 -0.1701| -0.0057 -0.2140| 0.0280/-0.1270| -0.2515 0.0039 -0.1334 -0.1128 0.0395 -0.2625| -0.0567|-0.0863 -0.0013) -0.0145
35 -0.9723 04974 -1.0477| 0.3125 -1.0847| -0.4423 -05194] -0. 4160 -0.65758 -0.4517| -0.5976 -0.7002|-0.6900) -0.67558| -0.5351
36 1.1991| 0.5459) 1.2853| 0.3321) 1.2464| 06749 05535 0.5595 0.7810) 0.4577 0.8393 0.8075| 0.7988 0.7208 05859

(e T R R ) B R YRR AV

e
w o

Table 10.5 Matrix of feature vectors for the bowéth noise (Fig.10.1)
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Aspen Princeton Voyager

1 = a3 4 5 B 7 b | Q 10 11 12 13 14 15
1| D9BE3 09383 0.9503 09490 09289 0.0171 0.0769 00711 -0.0563 0.1464) 00013 -00023 0.0313 0.0424) 00075
> 00388 00305 00457 00596 0.0242) 077200 08750 09113 08318 08539 00993 -0.2031] 0.0370 00676 04861
3| 0.0253 010600 0.0395 01042 01716 0.2305 -0.0744/ 01760/ 01409 0.0020) 0E3B0 09122 0.8335 06540 06613

Table 10.6 Results of ANN recognition for ‘noisygenvector components
Part 2: Recognition of Object Location

10.7 Placing the object into the sorted position

Once the box has been recognized by the ANN, tha oantrol computer transmits a control
signal via the Bluetooth communication link to tle®ot control computer. As was mentioned in
chapter 8, the task of the robot control compusetoi guide the robot manipulator in order to
place each box into its allocated position. An imag the robot placing the boxes in their
respective locations is given in Fig. 10.2. The AByétem to recognize the location where the
object is to be placed is also housed in the mamrol computer. A simple MATLAB code was
written for the main computer to differentiate beem the data relating to box recognition, or
data regarding the location where the box is tplaeed. The matrix for the box is 36 x 1and for
the location is 30 x 1. Our code counts the nundferows in the received matrix and then
determines which ANN to use- whether for the bogogmition fetl) or for the location

recognition get?.

106



10.8 Determining the Training Vectors for the Objet Location

Recognition ANN

The images showing each location is given in Fi@.21and the respective corresponding
signboards that were used to train the networkefeh location is shown in Fig.10.3. With

regards to Fig. 10.3, ‘A’, ‘P’ and ‘V’ indicates é¢hallocated locations for the Aspen box ,
Princeton box and the Voyager box respectively. dtreesponding compressed image vectors

for Fig. 10.3 is given in Table 10.7.

The eigenvectors for the data in Table 10.7,0oWithg wavelet compression and the first
application of PCA, is shown in Table 10.8. Applyithe eigenvalues shown in Table 10.8 to
(10.1), we determined that the first six column teex are the principle components and

contribute 98.13% of the images most salient fegtur

6

eigenvalug
; 9 _ (0.9268+ 0.621# 0.4030 0.1838 0.0403 0.0174) — 98.13%
22 - — e
Zeigenvalue (0.9268+ 0.621# 0.4030 0.1838 0.0403 0.0174+0.0153+@*Q)

k=1

Equation 10.1
The PCA analysis is also applied twice in thiganse in order to reduce the dimensionality of
the feature vectors applied to the ANN. The reasorthis is the same as was explained in
section 9.4.1 and section 9.4.2 for the box redagnsystem. The eigenvalue 2 matrix (6 x 5
matrix) and its corresponding eigenvector 2 matiodpwing the second application of PCA is
given in Table 10.9. The eigenvector 2 matrixeishaped into a 30 x 1 matrix (see Table 10.10)
for application into the ANN shown in Fig. 10.4 afudms the network’s training data set’ for

signboard ‘A’ which corresponds to the location tlee Aspen box.
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Fig. 10.3 Signboards indicating box locations (As8s, P = Princeton, V = Voyager)
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Table 10.7 ‘A’ signboard matrixt8 x 22image matrix after compression with the Haar wavele

(The original image is 288 x 352matrix)
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1
-3.3455

1

2| 1.42100
3 0.7045
4| 0 4554
5 0.3526!
6| 0.3719
7 05252
g 2 40700
= 1.6462
10 0.5750
11 0.4131]
12| 0.3949
13 1025500
14 05027
15 -1.6365!
16/ 1.2582
17 0.5915
15| 0.5447
13 00765
20 101229
1 02167
22| 09803
23 07872
24| 0.6052
25 000652
25| 00094
27 0.0148
28 00361
23 -0.4533)
a0 05197

Table 10.10 ‘A’ signboard matrix : 6 X 5 eigenvecamatrix in Table 9.20 reshaped into

a30x 1 eigenvector 2natrix for application to ANN in Fig. 10.4

The above-mentioned procedure followed for deteimgirthe training vectors for the ‘A’
signboard is repeated for the ‘V’ and ‘P’ signbcaid order to determine all the training vectors
for the ANN object location system. The completeddraining vectors for the ANN location

recognition system is given in Table 10.11.
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Table 10.11 30 x 15 data matrix of training vectiorsthe ANN location recognition system

in Fig.10.4

10.9 Design of the object location recognition nebrk

The logic followed for the design of our ‘objectédion network’ is similar to that followed
in section 9.5 and section 9.6 for the design ef ‘ox recognition’ system. The network is

shown in Fig.10.4.
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Input Hidden layer Output layer

Input 1

Input 2

Input 29

Input 30

Fig.10.4 30:9:3 architecture for the object locatn@twork

10.10 Training of the object location recognition etwork

Following the design of the object location netwowke then trained the network with the
training vectors shown in Table 10.11 The targetas used for this network are the same as
for the object recognition system and was givedable 10.1. The results of the training are

shown in Table 10.12. The interpretation of theiitssn Table 10.12 is as follows:

Row 1: Columns 1 — 5 shows the results of the Asper.

The numbers in the first row of columns 1 — 5 dose& to 1 or equal to 1. This corresponds to
the target vectors for the ‘A’ signboard as shownTable 10.1 and indicates that the ANN
recognizes the ‘A’ location.

Row 2: Columns 6 — 10 shows the results of the leaton box.
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The numbers in the second row of columns 6 — 1@lase to or equal to 1. This corresponds to
the target vectors for the ‘P’ signboard in Tablelland indicates that the ANN recognizes the
‘P’ location.

Row 3: Columns 11 — 15 shows the results of the &gsr box.

The numbers in the third row of columns 11 — 16l@se to or equal to 1. This corresponds to
the target vectors for the ‘V’ signboard in Tab@1land indicates that the ANN recognizes the
‘V’ location.

From the results in Table 10.12, we can concludettie three different boxes were recognized
successfully with a recognition rate of approxirhaf€0%.

Aspen signboard Prificeton sighboard Voyager signboard

1 2 3 Gl 5 3] 7 8 9 10 11 12 13 14 15
1| 0,980 0.9571) 0.9642 0.9542] 09996/ 0343302445 0.4392| 0.3392 05025 0.0908 0.0251) 0.4129] 0.4129) 01851
2| 08600/-0.4365) 0.5442) 0.3442/:09911| 0.9575) 0.9908 093050 09360 09407 0.0026 02649 01036 01036 01271
3|-0.4694| 0.6829-0.5824 -0.5524/0.3926 0.6006 0.2593 -0.8853 -0.3853 07720 0.9750 0.9846 0.8517 0.8517 0.9471

Table 10.12 Training results for the location reatign system

10.11 Testing the object location recognition ANN

The test vectors used to test the efficacy of thjead location ANN training is given in Table
10.13 . The orientation of the arm and hence the ceenera was adjusted when we captured the
‘A’, ‘P” and V' images of the box locations. Fife® images (3 for each sign) were captured.
Each image corresponded to a different orientatiothe web camera. We did this in order to
establish a comprehensive data set that would fresentative of all possible angles within a
specific range relative to each respective objecation. The results of the tests are given in
Table 10.14 and show that we have approximatel$d@6tection accuracy. This means that the

ANN is now properly trained to recognize the ‘AR’‘and ‘V’ location for the Aspen, Princeton
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and Voyager boxes respectively.
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03517 0.6026

-0.2382) -0.0051
-0.5547 | -0.0228
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0.9280] 0.4442|

0.9153 0.2453

0.5980 0.2082]

0.0017| -0.0033
0.0031| -0.0089
0.0053| -0.0998
1.1910, -0.5303
-1.1859) 0.4047
-0.0152| 0.2376
0.0363]-9.695. ..

0.0526! -0.0026]

0.0982) -0.0224
0.4901] -0.0566
0.5082, -0.3107
1.1954| 0,3933

7 =

1.2232
07716
0. 739
07128
0.7070]

1.2251

| -0.2342

=]

1.2251

0.7208) 07209 0.6934)
0BS540 0E540 06322
0.6463 0B463 0.6254
06438 06438 06229
| -0.2795 -0.2795| -0.3104, -0.6367

0 i1

| 38902 73.8902: -3.8203| -3.2394

1.4621
0.4589
0.4736

1.2464

0.3845

-2.3480) -2.3003) -2.3003] -2.3142) -2.53254

07621
0.6594
0.5850, 0.5862
0.5737| 0.5803
| -0.0145 -0.0263
00451 00723
| -1.0733 -1.0713
| DE3IxE 04413
02622 0.3732
0.2309 0.3555
-0.0080) 00019
| -0.0260] -0.0047
| -0.1845 -0.0225
| -0.Bs03 -0 4585
| D.5086 0.3009

03611 0.1966
| 00014 -4.845.
-0.0040, -0.0012
| -0.0209) -0.0054
| -0.0414] -0.0407
0.3753} -0.2742
| oa431] 03219

0.6052

0.8082| 0.8082| 0.8028

0.6052

0.5662]
0.5803] | |
1 -0.0244 -0.0273

-0.0263
-0.0723

-1.07131

0.4413

0.3732

0.3555
-0.0019
-0.0047
-0.0225
-0. 4685

0.3009

0.1966

-4.84.
-0.0012
-0.0054
-0.0407
-0.2742

03219

09181
06206, 0.5250
0.6035/
0.5976 0.5006
| -0.0625 -0.0471
-1.0532| -1.3323
| 04288 1.1051
| 0.38500 01677
0.3462) 0.1340
-0.0018! -0.0517
[-0.0043 -0.0838
-0.0231
|-0.4933
| 0.3222)
0.2003]
-5.73...]
00013 -0 016G

-0.7807

0.5323

| -0.0067| -0.0615

| -0.05814 -0.0757
| -0.3101| -0.5478
03701 07151

0.4102]

0.6299)

| -0.4811]

0.6649)

-0.0107 |

Voyager signboard

12 | 13
3.5443 30945
1.6769
0.5244)
0 4927
04315
0.4190]

25421
1.0192
0.9008
0.7000
0.6737| 0.5371
0.0341)-0.0128
-0.0561 -0.0237
-1.4151|-1.2847
11101
0.2154) 0.0635
0.1797| 0.0585
0. 0486 -0.0641
-0.0756-0.1091
-0.4469-0.5838
-0.6267 | -0.70531
0.6390) 0.7901
0.5608) 0.6700
-0.0078-0.0044
-0.0117|-0.0072
0.0460/-0.0244
0.0635/-0.0269
05278 -0.6354
0.6569 0.6953

-2.2185

Table 10.13 Test vector data set

] [}

Prificeton sighboard

7 a

9

1.3196
0.4978]
04860,
0.3985
0.3926/
-0.7606 -0.5412|

0.8575|

0.8135]
0.5517]

1.1990]

14
| -3.0945
1.3196
04975

0.359585
0.35926
-0.5412
| -2.2185
0.85745
0.8135

|oo1za
-0.0237
-1.2847
1.1290
0.0635
0.0585
-0.0641
01091
| -0.5838
| 0,703

0.7901

0.6700
| -0.0044
| -0.0072
| 0.0244
| -0.0269
-0.6354

0.65953

Voyager signboard

10 1

12 13

14

04860,

0.5517|
0.5371

15
-3.1044
1.3451
0.4985
04595
0.4019
0.3692
-0.5616
22274
0.8871
0.7789
0.5774
0.5455
| -0.0318
| -0.0570
| -1.3286
1.0934
0.1759
0.1479
-0.0553
| -0.0928
| -0.4707
| -0.7905
| n.8ara
0.5716
| -0.0094
| -0.0149
| -0.0506
| -0.0663
| -0.5970
07383

15

1| 0.3680 0.9371 D.9642i 0.9642 0.9395 —D.3433i-D.2445 0.4392: 03332 -0.8025) 0.0308 0.0251) 0.4128] 0.4129) 0.1651
2 |-0.B680|-0.4365) D.5442) 0.3442-0.9911 0.9675 0.9908 0.9380) 0.9380 0.9407 0.0026) -0.2549) 0.1036 0.1036 D.1271
3 |-0.4634) 0.6829-0.5824) -0.5824-0.3926) 0.6006-0.2593) -0.8853) -0.3853) 0.7720) 0.9750] 0.9846) 0.8517) 0.8517) 0.9471

Table 10.14 Recognition test results for ‘A’ (rowcblumns 1-5), ‘P’ (row 2; columns 6-10) and

V' (row 3; columns 11-15)

10.12 Experiment to test the robustness of the ANNocation

recognition system

In section 10.6 we introduced noise into the boages and also gave the reasons for introducing

this noise. The same reason mentioned in sectigal€o applies to this section. The images that
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were considered are shown in Fig. 10.5 and theresponding feature vectors are shown in Table
10.15. These vectors were applied to the ANN in Eig4 in order to determine whether the ANN
will still recognize the correct location in theegaof noise interferences. The reasons for doiisg th
are the same as was mentioned in section 10.G€e8h#s of the tests are given on Table 10.16 and
show that even in the face of severe interfereheeetwork still recognizes the correct location

when placing the box.

(a)Aspen signboard (b) Princeton signboard  (c) Voyager signboard

Fig. 10.5 Box location images with added ‘salt aegper’ noise

Aspen signboard Frinceton signboard Voyager signboard

1 2 | 3 | 4 | 5 & | 7 | 3 | 9 10 11 | 12 13 14 | 15
1|  -A21i0] -33es1| -29222) -20006 -28864| -37540| -39117| 35669 -37720) -364900 -3.1757) -32324) 26045 2 -29124)  -2.6064
z 12668 1.0416 1.2390) 1.1661| 1.0958 1.1578) 1.1443 11185  1.1989 1.1956| 1.3605 153200 1.2623  1.2314]  1.1815
3| 071557 062440 061628 057850 OE3515 0E7005 072675 0GG914) OGBDEE3| 0GE133 050553 048204 0436700 047245 048202
4| 042740 052554] 038105 037610 040865 0BS0S7, OF9796 0GOS OG3174| OBO282 047891 045466 041832 045664 045583
5| 042279 0493500 035739 035438 030434 064024 0F7265 0459819 062171 059600 041467 039041 0.54544) 038039 039174
6| 037846 0.47992) 032843 032667 0.35443) 063497 066907 059499 0E2105| 056224 039605 037333 033968 037153  0.37439
7| 041395 -0.16833 -0 46306 -0 43896) -035261 -0.25076 -021511) -0.24913 -027994] -030119) -057717] -0G9781 -055006 -04907&  -0.46080
8| 22939 21468 -2.1304) -20381| 20893 -21738) 22038 21108 -2.2470 -2.2207| 22718 23293 20308 20832  -2.0526
3 18205 15750) 13756 12383 13147 0665400 071681 074702 079743 077168 0069366 0094579 061162 0H0R36 060628
10| 042512 027478 045530 046408 041371 DEO0970 OG1659, 055311 059339 069605 079634| 054438 074201 074989 070729
11| 041699 023948 040795 041377 0.39049) 058145 0540804 053370| 066007 0502400 060313 064022] 052644 052318 052077
1z 034526 0.22580) 035547 0.35888 0.32304) 0.56510| 053768 0.52608 0.56730 0.57084) 055587 050374 050130, 050154) 047911
13| 0026644 -0.22503 024582 0204100 -0.22101) -0.008..| -0.013939, -0.025377|-0.027209 -0, 023653 -0.028202| -0030846) 0021085 -0.016353 -0.027955
14| 057763 075610/ 0.48106| 0 40694 -0.50146| 0.019...| 0044169 -0.071425-0.074031|-0.060725| 0050684 0050922 0036763 0.031578 -0.054002
15| 150800 -1.43098] -1.4990| -1.4410) -1.6062|-061397| -10223) -1.0052] -10s88| 10228 13285 -1.3315 -1.2083] 12164,  -1.2370

16 092846 0962508 093744 082024| 0.89751 0 060490 042142 044562 041892  1.0992 1 1.0297
17|  OBO025 075555 073125 OB7027 078837 022748 025023 035156 035086 0036253 017225 O 016226
15| 061534 068176 | 080149, 054277 018366 022527 | 035496 032607 013298 013747 0.12700
10, 00050060 -0.024177 0 ;| 0.0266...| 0.014708] -0.003.. 000852 - | ‘00023 | 00017 0052199 0053542 | 0081360
20| 0.0085317 .| -nozs071 .. -0.087519 -0.083181 | -D.095712 0091187
21| 0.013985-0.0733 | o742 -0.02423 50 047638 045711 -0.48966 051991 -0.44667
2 10543 062672| -0.45431] | 049538 078055 075553 068447 |

23 -1.0386 076677 052461 0895890 10690 041771 047674 030860 037200 068868 06847120 076510)
24 00450095 042366 024986 024239 012860 021763 0357700 0180680 023847 015160 060798 060224 OGR029 059041 048977
25 0.026715 -0.0092...|-0.025006-0.0241...| 0.033523] -0.001...|-0.00118...| 00006, -0.0001... -0.0011...| -0.012668) -0.010427 -00076..| 00065105 -0.012263
26 0.045604 -0.013920(-0.038394-0.0380...| 0.056775] -0.003...-0.00336...| -0.0016...| -0.0003...| -0.0026...] -0.020180) -0.015505|-0.011790) -0.010576 -0.020508
27| 0.071080 -0025875 0081916 -0.0647. | 0.083355] -0.023..| -0.017339) 00069, -0.0013. | -0.013019) -0.070000) -0.055304) -0.040042) 0035644 -00BE173
28 0368021 -0.14053 -0 25020) -024089) 0.38361) -0.069..| -0.035023 -0.047682) -0.0092. | 0092615 -0.090964) -0.071408 -0.047729 0041401 -0.085258
20 043100 -0B7299 052952 051086 053705 030795 -036159 -025776 -0 27666 -0 28466 -054143 -045736 -055607 -058105 -053630
a0 095760 006BG1| 090503 067674) -1.1003) 0.41137| 0436500 0.31471) 020992 039407 073615 061002 066329 067538 072069

Table 10.15 Test vectors with added ‘salt and pemoese
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1
z
3

1 2 3 4 ] 2] ¥ i) 9 10 11 12 13 14 15
059585 0.9371| 0.9642 0.96542) 0.99596) 06006 -0.2445 -0.8853) 0.83%2) -0.8025 0.0026) 0.0251 01036 0.4646 0.1381
09680 -0.4365| 0.5442) 0.6942-0.3911 09675 09905 09380 09350 09407 0.0306 -0.2545 0.4129| 0.3236|0.1271
09554 0.6329|-0.3524) -0.5524 -0.3926) -0.3433 -0.2593) -0.8853)-0.8053 077200 0.0306 0.9845 0.8517| 0.8767|0.9471

Table 10.16 Recognition test results for Table 9vith added salt and pepper noise

Part 3: Determining whether an object is desirabler not

10.13 Desirable objects

Tests were conducted to assess the performande ofigion system when faced with objects
that it has not been trained to detect. The systamdesigned to place any unidentified objects
into an allocated area known as the ‘dump’. Deférab undesirable objects were detected using
the simple formula (10.2) that we developed. Farapplication, we arbitrarily selected column
one of the training vector matrix to determine \iteetthe item is desirable or not. Any other
column of the eigenvector training matrix could @also been selected for determining whether

the object is ok or not.

iﬁmsWnno

Z . m=1n=1
m

Equation 10.2

With regard to (10.2), ‘m’ and ‘n’ denote the rowdacolumn numbers respectively,

represents the respective training vector matrtk 2ms the average value. Desirable objects fell

within the range0.8<Z <1 We will illustrate the use of (10.2) using thetaddrom Table

10.17.
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m

absV
7 = le (m _ -2.5677+ 1.3008& 0.72206 ..... +. 0.85362 1.1:
m 36
=0.8847

Since the average value falls within the desiralbiect range, the IVASS system will place the

box at the location corresponding to position ‘8f the Aspen box.

-2.5677

.
2 1.3008
= 0. 72206
4 0.54481
s 031619
5 -1.6199
v 13571
5 057901
a -0.11569
10 -0.2677
11 -0.8589653
12 1.273
13 -3.0321
14 1.0844

15 0.95953
16 095817
Vv— 17 | -0.030082
18 -1.1287
19| 071502
=0 0. 44377
21 00093115
22 -0.11397
23| -0.70596
24 0.53424
25 -1.9737
25 ~ 1.599
27 0.21405
25 0. 16054
=] -0. 79452
30 -1.2273
31 1.2972
32 0.72471
35 -0.1241469
S -0.15331
35| 085362
=1 1.1316

Table 10.17 Table 9.10 data reproduced

10.14 Undesirable Objects

Some undesirable objects that were used to detertinéresponse of our IVASS system is given
in Fig. 10.6,A simple MATLAB program code was weitt to detect whether an object is

desirable or not. The code is as follows:
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for Z=sum(abs(V))/m %calculation the average value of matrix element
if Z=<1 && Z2>=0.8  %evaluation the average value of matrix element
object recognition process % execution the object recognition and relocation process
else
object dumping process % execution the object dumping process
end
Separate routing for the ‘object recognition pretesd ‘object dumping process’ placed the

object in respective its allocated position.

The procedure followed to extract the ANN trainwagtors for these objects is the same as we
described in Part 1. Some gray-scaled images obbfects that the network is not trained to

recognize is shown in Fig. 10. 6a, Fig. 10.6b aigd FO6cC.

Fig. 10.6b Gray-scaled image of correction fluiditleo
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The corresponding training eigenvector data setréoning the ANN system for the images in

Fig. 10.6¢c Gray-scaled image of phone

Fig. 10.6a, Fig. 10.6b and Fig. 10.6c is given atl€ 10.18, Table 10.19 and Table 10.20.
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o.s217)
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-0.0214]|
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-0.0242|
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(o =0.6276

Table 10.18 Eigenvector data for the Fig. 10.6g, F0.6b and Fig. 10.6¢
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From (10.2), o for the data in Table 10.18a, Table 10.18b andeT6.18c is 0.6955, 0.5082
and 0.6276, respectively. The mean falls outside désirable object range and the IVASS

system rejects them and places the objects irCtmp’ area.

Our IVASS system was also designed to reject objdwt did not meet the required physical
dimension specifications. Tests were conductedceterthine whether the system had the ability
to detect items that did not meet specified din@mrai requirements. The dimensions of a
workpiece that does not match the specificationd, af one that conforms to specifications is
given in Fig. 10.7a and Fig 10.7b respectively. phdial eigenvector matrix for Fig. 10.7b(only

first column of training data set) is shown in T@fl0.19. From (10.2)¢g =0.7341 and since

the mean falls outside the desired limits the dhgerejected and place in the ‘Dump’ area.

Ll _ AT i
w £ i -
.7 S o i
/’f s /"; $44
il /éﬂmm Z /éﬁmm
Fai g i “
22mm |7 4 ammi. 1 7 o
6 ________ W e ________ K
55mm . 55mm
10.7a 10.7b

Fig. 10.7 10.7a - box dimensions out of specificet. Fig. 10.7b-box dimensions within
specifications

Fig. 10.8 Gray-scale image of box having incordigtensions (See Fig. 10.7a)
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1
-2.4387
1.0215
o 7201
0. B985
-O. 1079
-1.0373
0.6476
0. .5452
= -0.0057
10 -0.0241
11 -0 4545
12 046543
1= -2.9412
14 1. 1992
15 0.8529
1e 0.8592
17 -0 1054
15 -1.2285
19 07181
=0 06158
=1 -0.0045
2= -0.0225
=3 -0.4455
=24 0.4731
25 -2. 5535
p=) 0.9334
27 0.8396
=8 0.7 s09
=3 -0.0335
30 -1.0212
=1 0.7338
=z o.3212
33 -0.0175
S -0.1704
== -0.5599
35 0.7552

Table 10.19 Partial eigenvectors data set for Fig/a
(0=0.7341)

Q< ;M WwN R

10.15 Summary and conclusion

This chapter has provided a detailed descriptiorha@i our IVASS system behaves under
different conditions. In Part 1 we discussed tl@ning and testing of the ANN recognition

system and also assessed its performance undeiticoadhat were less than ideal. Part 2
described the training, testing and performancéhefnetwork that was designed to place the
object in its correct location. Part 3 focused ba performance of the IVASS system when
undesirable objects were to be sorted. The perfocmaf the IVASS system has been shown to

be excellent for all the conditions that it wagdédsunder.
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Chapter 11

Summary, Conclusions and Recommendations

This research has focused on the design and imptatren of an intelligent machine vision and

sorting system for application in an industrial eonment.

Existing machine vision systems were discussednandlso mentioned that these systems were
either geometry driven or utilized computationaséxh approaches such as fuzzy logic, genetic
algorithms, support vector machines and artifian@ural networks. Chapter 3 introduced
computational based methods such as fuzzy logics G*SO and ANN’s. ANN’s were chosen
as the preferred method for the design of our IVA$&em mainly due to their fault tolerance
and their capacity to generalize when data is missithe GA and PSO methods were discussed

with a view to testing their suitability for tramy our ANN system.

We also discussed the preprocessing that had pefiermed before the data was applied to the
ANN system. Preprocessing included wavelet datapcession and PCA. Images of the
workpieces under consideration were compressedsing the Haar wavelet in order to remove
any redundancies. This was followed by PCA whictraeted the eigenvalues and eigenvectors
and resulted in a further reduction of redundanta.ddhe reduced dimensionality of the
eigenvector matrix that formed the training daté regluced the training time of the ANN.
Transmitting a smaller quantity of data over thaddboth channel helped to reduce the occupied
bandwidth, making it possible to multiplex and smnit several data signals over the common

Bluetooth communication channel. The structure lo¢ Bluetooth data packet and the
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construction of the piconetwork that was set updiar [IVASS system to communicate was also

described. The purpose of each device in the pteank is also mentioned.

Chapter 6 discussed the computational techniquetiswibre considered for the design of our
IVASS system. A detailed description of ANN’s andwhthey operate was also given. This
chapter also briefly discussed GA’s and PSO’s s s done because it was our intention to
train our ANN using these methods and then comphes performance with traditional
backpropagation training. This approach was talsrabise we had to choose the fastest training

method for our ANN so that our IVASS system opeataHiciently ion in real-time.

Chapter 7 compared the performance of the BP tlakidN system to that of a GA-BP and PSO
trained system. The results given in Table 7.2 @dothat the PSO method required the least

training time minimal error.

Chapter 8 described the robot manipulator that wsesl to pick and place the objects in our
IVASS system. The physical construction of the tolwas given and the arrangement of the
cameras was also mentioned. Fig. 8.4 showed tlamgement of the complete system in its

work environment.

In chapter 9 we focused on the pre-processingeoittage data matrix, plus the design the ANN
recognition system. The methodology followed to poess the data with the Haar wavelet and

the extraction of the eigenvectors with PCA wasussed in detail.

The results of the entire design were given in @rap0 in which we discussed how the IVASS
system recognizes an object and places it in ltcated position. The performance of the

network under different conditions was also desxatib
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Our study has focused only on using the ANN becafis&s capacity to deliver reliable results.

This is due to its inherent characteristics suciisas

Robustnesm the face of undesirable occurrences such aendhis characteristic is
useful in an industrial environment where contamiaasuch as dirt on camera lens
and/or dust in the IVASS system work environmentid@esult in noisy data.
Generalizatiorability when faced with missing data after it hagb properly trained.
Interferences from other surrounding processesdclaad to some data being lost.
The generalizing capability of the ANN system tloates the recognition in our
IVASS system ensures that the integrity of our NFASystem is not compromised

under undesirable plant conditions.

The system described in this research also has Smitations and future research should be

directed toward addressing these limitations, ngmel

Lighting levels: Variations in light levels affect the performanoé our recognition
system. The pixel content, and hence the textufakmation contained in the vector
matrix could be affected when lighting levels chanlj sufficient changes occur in the
light levels, the data fed into the network coulthiege to an extent where the ANN
would not be able to recognize the object.

Camera The position of the camera relative to the objex$ to be constant. For small
changes in camera position the ANN will still bdealb generalize and recognize the
object. However, if large changes occur in cameosition the integrity of the
recognition may be compromised because the imadaxnmaay not contain sufficient

feature vectors for the ANN to identify the object.
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i) Large quantity of dataANN'’s are hungry for data. Relatively large quaes of data are
required for the network to operate optimally. Téi®rtcoming can be overcome through
the use of SVM’s which require few prior assumpsicabout the data by identifying

special data support vector points from the satmit data Cristianini, 2000.

The single most attractive aspect of our IVASSeaystvas theimplicity of the desigrwhen we

used the ANN. The ability of the ANN to remain telaly immune to noise, its fault tolerance
and its capacity to generalize when faced with imgsslata also made us choose it over other
computation based methods. Other computation bastdms such as fuzzy logic and statistical
techniques such as SVM'’s could have also been tasdesign this system, with similar results.
However theaelative complexity of the desigrsing these methods made us decide to choose the

ANN to perform recognition in our IVASS system.
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