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ABSTRACT 
 

This research focuses on the design and implementation of an intelligent machine vision and 

sorting system that can be used to sort objects in an industrial environment. Machine vision 

systems used for sorting are either geometry driven or are based on the textural components of an 

object’s image. The vision system proposed in this research is based on the textural analysis of 

pixel content and uses an artificial neural network to perform the recognition task. The neural 

network has been chosen over other methods such as fuzzy logic and support vector machines 

because of its relative simplicity. A Bluetooth communication link facilitates the communication 

between the main computer housing the intelligent recognition system and the remote robot 

control computer located in a plant environment. Digital images of the workpiece are first 

compressed before the feature vectors are extracted using principal component analysis. The 

compressed data containing the feature vectors is transmitted via the Bluetooth channel to the 

remote control computer for recognition by the neural network. The network performs the 

recognition function and transmits a control signal to the robot control computer which guides 

the robot arm to place the object in an allocated position.  

The performance of the proposed intelligent vision and sorting system is tested under different 

conditions and the most attractive aspect of the design is its simplicity. The ability of the system 

to remain relatively immune to noise, its capacity to generalize and its fault tolerance when faced 

with missing data made the neural network an attractive option over fuzzy logic and support 

vector machines.  
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Chapter 1 
 

Introduction and Background 
 

Human Vision is the single most important sensing facility for the manufacturing industry 

(Cippola and Pentland, 1998). Vision is inherently clean, safe and hygienic, since it does not rely 

on physical contact between the observer/inspector and the object under examination. Vision is 

also very versatile; human beings are able to detect subtle changes of shape, texture, shade and 

color (Cippola and Pentland, 1998). A human inspector can resolve highly complex and 

ambiguous scenes and can almost always make appropriate decisions in previously unseen 

situations. While HV remains dominant in the manufacturing industry, there is a strong research 

effort aimed at automating inspection, assembly, manufacture and other tasks using machines that 

can sense their environment optically (Watson, 1993). Commercial companies are also taking this 

forward and now offer a range of products and services, covering a wide variety of industries, 

including aerospace, automobile, electronics, domestic goods, food and pharmaceuticals. 

Machines can be provided with visual sensing, thereby enabling them to perform a wide variety 

of tasks for the manufacturing industry namely: inspecting, counting, grading, sorting, matching, 

locating, guiding, recognizing, identifying, reading, classifying, verifying, measuring, controlling 

calibrating and monitoring. Machine Vision systems can be used to examine raw materials, 

feed-stock, tools, manufacturing processes, partially machined and finished products, coatings, 

labels, packaging, transport systems, waste materials and effluent (Jähne et al., 1999).  Based 

on these advantages, it will be beneficial to manufacturing if intelligent robots are designed to 

substitute humans to perform those tasks. 
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MV systems prove most successful within the controlled environment of the factory floor, 

offering some important advantages over HV in terms of cost, speed, precision and physical 

demands (Zuech and Miller, 1989). Some examples of tasks that MV systems can perform 

include object recognition, counting, item inspection and identification of flaws.  Although 

human inspectors can keep apace with visual inspection demands, at a rate of a few hundred 

items per minute, they also get tired and overlook flaws. With MV, thousands of parts often run 

past a camera per minute and resolve a dozen features on each piece for product conformance, all 

in a matter of milliseconds.  

MV systems ensure repeatable results and can operate continuously. The potential application for 

machine vision goes far beyond even those areas where human vision can be applied. These 

include hazardous areas and conditions where light levels are too low or too bright for human 

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

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

facilities are much more productive to the manufacturer for the following reasons: 

i) Automated inspection systems such as MV systems are reliable and can dutifully perform 

under adverse environmental conditions 

ii)  MV systems produce repeatable results 

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

its function at a fraction of the cost of the human inspector. 

The advantages of utilizing an automated inspection system has been  discussed and it is now 

the objective of this research to design and implement an intelligent system for recognizing 
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items in a production facility, and then sorting them into groups of identical items. The system 

that we propose will utilize an intelligent vision and recognition system that utilize an 

Artificial neural networks to perform the recognition function. ANN’s have been chosen for 

this project because they exhibit certain qualities that are characteristics of intelligence. Our 

Intelligent sorting and sorting system will also perform its inspection, recognition and sorting 

functions in a simulated plant environment.  The design of the IVASS system will include an 

intelligent system based on computational intelligence, data compression, feature extraction 

and wireless data communication. This report will provide 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 based methods such as artificial neural networks, 

genetic algorithms, fuzzy logic and particle swarm optimization;  

Chapter 4 discusses data preprocessing techniques based on wavelet data compressions and 

statistical principal component analysis;  

Chapter 5 describes the wireless communication, based on Bluetooth technology, that is used 

in the proposed intelligent vision and sorting system. 

Chapter 6 discusses the different methods that are considered for the design of our vision and 

sorting system; 
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Chapter 7 compares the performance of ANN’s trained with PSO, GA’s, GA-BP and BP; 

Chapter 8 describes the Lego Mindstorm robot manipulator that is used to pick and place the 

objects in our IVASS system;  

Chapter 9 provides a detailed discussion on data preprocessing using the Haar wavelet 

algorithm and PCA; 

Chapter 10 describes the performance of our IVASS system under different conditions; 

Chapter 11 summarises the study and provides the conclusions and recommendations for 

further work.  
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Chapter 2  
Machine Vision Systems 

2.1 Introduction 

MV systems are increasingly employed to replace human vision in a wide range of processes 

in the manufacturing environment (Batchelor et al., 1991). The goal of a MV system is to 

create a model of the real word from images, and recover certain useful information about a 

scene from its two dimensional projections (Jain et al., 1995). A MV system must have the 

following basic elements to perform this task: 

i)     Model database: The model database contains all the models known to the system. The 

information in the model database depends on the approach used to define precise geometric 

surface information. In many cases the model of an object consists of its feature vectors or 

those attributes of the object, such as size, shape and colour that are considered important for 

describing and recognizing the object in relation to other objects (BłaŜewicz et al., 2003). 

ii)  Feature detector: The feature detector identifies locations of features that help in forming 

object hypotheses (Nagabhushana, 2005). 

iii)  Hypothesizer: The hypothesis formation step reduces the size of the search space, and 

uses pre-knowledge of the application domain to assign some kind of probability or 

confidence index to different objects in the domain (Nagabhushana, 2005). 

iv) Hypothesis verifier: The presence of a hypothesis verifier depends on the recognition 

being used. For instance, recognition methods such as pattern classification systems use 

only hypothesis formation and then select the object having the highest likelihood. On the 

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

 

2.2 Basic Steps Performed by Machine Vision Systems 

A schematic representation of a typical MV system is given in Fig. 2.1. The operation of this 

system consists of three fundamental steps, namely image acquisition, image processing and 

pattern recognition. A brief description of each step follows.  

i)  Image acquisition: This is the process used to acquire digital images of a target. Important 

consideration when obtaining digital images include the provision of correct lighting, 

selecting a camera with a good resolution and frame rate.  

ii) Image processing: Image processing consists of image enhancement and morphological 

processing: 

Image enhancement: Image enhancement techniques are divided into two broad categories, 

namely the spatial domain method and the frequency domain method. Spatial domain methods 

operate directly on the individual pixels or aggregates of pixels that compose an image. 

Frequency domain methods operate on the Fourier transform of an object by altering its 

individual frequency components. 

Morphological processing: Morphological processing is a nonlinear technique that is used for 

image-processing applications such as small-region elimination, 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 process of identifying a 

stimulus by recognizing a correspondence between the stimulus and the information present 

in a permanent memory (Nixon and Aguado, 2002). Pattern recognition consists of feature 

extraction and image classification. Feature extraction is based on either the regions or the 

boundaries of an image (Nixon and Aguado, 2002). Some commonly used feature extraction 

methods are global feature extraction, local feature extraction and relational features 

extraction. Global feature extraction is based on regional image characteristics such as size, 

perimeter and Fourier descriptors; local features extraction is based on the extraction of 

features that occur along the boundary of an object or a distinguishable small area within a 

selected region of the object; relational feature extraction is based on features such as the 

positions of certain characteristics within a selected region (Steger et al., 2008).  
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2.3 Background to Image Identification Techniques 

Image classification involves the grouping of objects or data having similar characteristics. 

Image identification on the other hand is used for the recognition of data or objects having the 

same characteristics. Our research is focused on image identification and for this reason the 

discussion will be confined to image identification only.  

MV systems utilize geometrical characteristics or textural characteristics for image identification. 

Geometry-driven systems are based on either ‘golden-templates’ models or the computer-aided 

design models for purposes of identification (Noble, 1995). MV systems working with templates 

use image-differencing techniques to detect deviations between a reference part and the part 

being identified. This method is not suitable for applications where dimensional variations do not 

have any impact on the performance of the object. In CAD based system all the geometrical data 

as well as allowed tolerances are specified in the system program. CAD based systems have 

shortcoming such as:  the unavailability of CAD based models, and the difficulties associated 

with developing a generic computational algorithm for dimensional analysis in applications 

where dimensioning conventions may differ (Noble, 1995).  

Images can also be identified by their texture. Texture depends on the spatial distribution of gray 

levels within a neighborhood. Texture and tone are two pertinent properties of an image and on 

occasion the one property can easily overlook the other (Seetha et al., 2005-2008). Texture 

displays its characteristics by means of pixels and pixel values and images can be identified by 

their texture. Image identification techniques used to recognise gray-level textural features 

include support vector machines, fuzzy logic and genetic algorithms and ANN’s (Seetha et al., 

2005-2008). SVM utilizes advanced optimisation algorithms to separate the boundaries between 
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different images. In FL, a membership function set of different stochastic relationships are used 

to identify properties of an image. Using the GA, raw pixel data representing the image’s 

gray-levels is transformed into feature data of an object. Image identification using ANN’s is 

done by extracting the key textural feature characteristics and then training the network to 

identify these characteristics. For our research we will focus on the ANN identification system 

since they have the ability to provide solutions to problems that are characterized by noise, 

nonlinearities and error prone data (Haykin, 1994; Seetha et al., 2005-2008).       

 

2.4 Summary and Conclusions 

This chapter has provided a general background to MV systems used to perform image 

identification tasks. The key features of a MV system are its model database, feature detector, 

hypothesizer and hypothesis verifier. The three fundamental steps used by MV systems to 

differentiate between images, namely image acquisition, image processing and pattern 

recognition have also been described. Popular image identification techniques using SVM’s and 

soft-computing approaches such as ANN’s, GA’s and FL have also been mentioned. The focus 

of this study is on soft-computing based intelligent systems, and for this reason the next chapter 

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

Computational Intelligence and its Application in 
Intelligent Machine Vision Systems 

 

3.1 Introduction 

AI is a branch of computer science that is concerned with the design of intelligent computer 

systems, i.e. systems that exhibit those characteristics normally associated with intelligence in 

human behavior namely, understanding, language, learning, reasoning, solving problems (Rich 

and Knight, 1996; Konar, 1999). AI is a term that in its broadest sense would indicate the ability of 

a machine to perform the same kind of functions that characterize human thought (Konar, 1999; 

Kodratoff and Michalski, 1990; Rich and Knight, 1996; Bishop, 1998). The main branches of AI 

consists of ANNs, GAs, SI and FL. Our research will focus on the ANN which will also be trained 

using the GA and SI. FL is not utilized in this research and has been discussed only for the sake of 

completeness. For more detailed information on fuzzy logic, the reader is referred to Zadeh (1965). 

An introductory description on ANN’s, SI and GA’s used for this research is given in this chapter 

and a more detailed discussion on each technique follows in chapter 6.  

3.2  Fuzzy logic 

Fuzzy logic was proposed by Zadeh (1965), who introduced the concept in systems theory and 

later extended it for approximate reasoning in expert systems. Zadeh proposed that not everything 

is strictly ‘black or white’ and there are so-called gray areas that have to be considered. Fuzzy logic 

deals with fuzzy sets and statements for modeling human-like reasoning problems of the real 
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world (Konar, 1999). A fuzzy set, unlike conventional sets, includes all elements of the universal 

set of the domain but with varying membership values within the interval [0,1] (see Fig. 3.1a). On 

the other hand, elements of a conventional set are contained in the interval {0, 1}, where only 

elements having membership of one or zero considered (see Fig. 3.1b).  

         

Fig.3.1 (a) Fuzzy multi-valued logic    Fig3.1 (b) Crisp logic 

3.3  Genetic Algorithm 

The GA optimization technique mimics the natural process of biological evolution (Rich and 

Knight, 1996; Goldberg, 1989). GA's are inspired by the way living organisms are adapted to the 

harsh realities of life in a hostile world, i.e. by evolution and inheritance (Goldberg, 1989). The 

technique uses the process of natural selection to select only fit individuals for reproduction. 

Problem states in a GA are denoted by chromosomes, which are usually represented by binary 

strings. A GA utilizes three principal genetic operators, namely a selection operator, a crossover 

operator and a mutation operator (Konar, 1999; Deyi and Yi, 2007 ) and works with a fixed-size 

population of possible solutions, called individuals. Through selection, crossover and mutation a 

population of individuals having the highest fitness levels evolves over a period of time. GA's find 

extensive applications in intelligent search, machine learning and optimization problems 
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(Kodratoff and Michaski, 1990). In this work, the GA has been used to optimize the weights and 

biases of the back-propagation trained ANN system which performs recognition in our IVASS 

system. 

3.4  Swarm Intelligence and the Particle Swarm Algorithm 

Particle Swarm Optimization is an evolutionary computation technique that was first developed by 

Kennedy and Eberhart (1995). The algorithm is designed in such a way that the position of each 

agent within the search space represents a potential solution to a specific problem (Kennedy and 

Eberhart, 1995; Shi and Eberhart, 1998). Within this framework each agent, besides having 

individual intelligence, also develops some social behavior and coordinates its movement towards 

a common destination. Each agent keeps track of its coordinates within a problem space and aims 

towards a specific direction. The common direction which the agent moves towards represents the 

best local position achieved by the group thus far. Agents compare their position with other 

members of the flock, and are able to identify the agent occupying the best position (p-best) for a 

certain instant in time. In a coordinated way, an optimal solution evolves as each agent within the 

flock modifies it velocity and position and moves towards a ‘single best position’ for the entire 

population. The population’s single best position becomes the global best position (g-best) of the 

group and represents an optimal solution. 

It is worth noting here that the process involves not only intelligent behavior but also social 

interaction. In this way agents learn from their own experience (local search) and from the group’s 

experience (global search). In this research the PSO method 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 interconnected parallel processing elements that are 

modeled along the line of the biological nervous system. The simplest processing element in an 

ANN is the artificial neuron shown in Fig. 3.2, which is conceptually derived from the biological 

neuron. Each connection to a neuron is defined by a weight (w). An activation function (f) shapes 

the output of the neuron (y) before it is applied to the next neuron, or forms the output.  

 

Fig.3.2 Artificial neuron basic processing element 

The two types of artificial neurons are the Hebbian neuron and the McCulloch-Pitts neuron (see 

Rich and Knight, 1996). Individual neurons are combined in specific ways to form ANN’s.  Some 

of the most influential work on ANN’s was done by Rosenblatt (see Rich and Knight, 1996), who 

proposed a simple neuron called a perceptron that utilizes a hard-limit activation function to 

differentiate between two different input patterns.  

The two main ANN architectures are the feedback or RNN and the FFN, and variants thereof. 

ANN’s are used extensively in the design of the IVASS system and for this reason a detailed 

discussion of this intelligent system will be given in Chapter 6. 
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3.6  Summary and Conclusion 

This chapter has briefly described the various paradigms of computational intelligence based 

systems, namely swarm algorithms, genetic algorithms, fuzzy logic and artificial neural networks. 

The intelligent recognition function is performed by the ANN- hence the chapter 6 will discuss the 

ANN in detail, together with all the associated techniques that are used in this work. A more 

detailed discussion on fuzzy logic, genetic algorithms and swarm algorithms can be found in 

Zadeh (1965), Rich and Knight (1996), Konar (1999) and 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 I describes the data compression technique that was 

used to remove any redundant data from the camera images. Part 2 briefly discusses the principal 

component analysis method that is used to extract the feature vectors from the compressed image 

data. 

Part 1: Image Compression 

4.2 Introduction to image compression 

The proposed IVASS system utilizes data compression to reduce the dimensionality of the image 

data prior to transmission over the wireless data communication transmission link. The reasons 

for this are given in the discussions that follow. The communication link transmits data from our 

robot control computer to our main computer where the image recognition occurs. 

Data compression algorithms are designed to remove any redundant data in order to reduce their 

size so that it requires less disk space for storage, and a smaller bandwidth over a data 

communication channel (Ziviani et al., 2000; Sayood, 2000). In this study data compression has 

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

bandwidth 

ii)  To facilitate easy extraction of the principal vector components 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 the processor by ensuring a smaller 

data quantity and optimally sized ANN. 

4.3 Classification of Data Compression Techniques 

The fundamental objectives of data compression are to reduce redundancy and irrelevancy (Wu 

and Rao, 2006). Redundancy reduction aims at removing duplication from the signal source 

whilst irrelevancy reduction omits parts of the signal that will not be noticed by the signal 

receiver. In general, three types of redundancies exist, namely: 

i) Spatial Redundancy or correlation between neighboring pixel values; 

ii)  Spectral Redundancy or correlation between different color planes or spectral bands; 

iii)  Temporal Redundancy or correlation between adjacent frames in a sequence of images. 

Data compression methods are classified into two main categories, namely lossless data 

compression and lossy data compression (Smith, 1997): 

4.3.1 Lossless data compression 

Lossless data compression guarantees that what is compressed can be recovered without any data 

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

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

Lossless data compression involves a transformation of the original data set such that it is 

possible to exactly reproduce the original data set by performing a decompression transformation 

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

4.3.2 Lossy data compression 

Lossy data compression was chosen for this study because of its higher compression ratio (Gray, 

1984). Lossy data compression is the opposite of lossless data compression and compromises the 

accuracy of a recovered image in exchange for higher compression ratios (Tsekouras, 2005). 

This reduces the possibility of perfectly recovering the original pixel intensities from the 

compressed image representation (Gersho and Gray, 1992; Gray, 1984).  

Lossy compression can achieve compression ratios of 100:1 to 200:1 whilst lossless compression 

is capable of delivering compression ratios of only 2:1 up to 8:1. In addition, a higher 

compression ratio can be achieved if more errors are allowed to be introduced into the original 

data  (Drost and Bourbakis, 2001; Chen and Chang, 2008). One type of lossy data compression 

utilizes a quantizer for quantization of image data through reducing the number of bits required 

to store transformed coeffecients by reducing their precision (Talukder and Harada, 2007). 

Quantization techniques include vector quantization, scalar quantization, fractal compression and 

wavelet compression. Examples of lossy data compression methods are given below: 
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i) Lossy data compression using Scalar Quantization 

SQ is regarded as the simplest form of quantization (Marcellin et al., 2002). In scalar 

quantization, each input data quantity is treated separately to produce the output. SQ can 

be either uniform or non-uniform. If the range of the input data is divided into levels 

spaced equally, then the quantization is referred to as being uniform; if not then the 

quantization is referred to as being non-uniform  

ii)  Lossy data compression using Vector Quantization   

Vector quantization is a competitive learning scheme that has been widely used in image 

processing due to its fast implementation (Gonzalez et al., 2001). VQ is usually regarded 

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

reproduction scalars, it maps vectors to a finite set of reproduction code vectors. Using 

vector quantization, similar data is clustered into groups called vectors (Barnsley and 

Hurd, 1992). These data groups are then processed to produce an output. 

iii)  Lossy data compression using fractal compression 

Fractal data compression is based on the assumption that certain image redundancies may 

be efficiently exploited using block self-affine transformations (Crilly et al., 1991; 

Peitgen et al., 1991). Using fractal compression, an image is compressed by storing it as a 

transformation (Barnsley, 1986). The transformation function used in fractal image 

compression is chosen in such a way that its unique fixed-point is a close approximation 

of the input image. Decompression involves applying the transformation repeatedly to an 

arbitrary starting image in order to arrive at an image that is either the original, or one 

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

ratio. 

iv) Lossy Data Compression using Wavelets  

Wavelet transforms are used for image data transformations and provides a compact 

multi-resolution representation of an image. It has an excellent energy compaction 

property that is suitable for exploiting redundancy in an image in order to optimize 

compression. Following the application of the wavelet transform, the decomposed data 

resembles a tree structure having different levels or scales. A coefficient at a coarser scale 

in a wavelet tree is referred to as a parent, whereas coefficients of the next finer scale at 

the same orientation are termed its children. When children of all the finer scales with the 

same orientation are grouped together, they are known as descendants. A parent contains 

four children at its next finer level of the transformed image, with the exception at the 

highest level where a parent at the low-low (LLx ) sub-band (where x represents the level 

of the decompression) contains only three children occupying the following sub-bands; 

one child each in the low-high (LHx), high-low (HLx) and high-high (HHx ) sub-bands, 

respectively. Coefficients in the lowest level sub-bands i.e. LH1, HL1 and HH1 have no 

children. A three-level wavelet decomposition of a block into sub-bands is illustrated in 

Fig. 4.1; Fig. 4.2 shows the parent–child relationship among different levels of wavelet 

sub-bands.   



 35 

                 

Fig. 4.1: 3-level wavelet decomposition          Fig. 4.2: Relationship between higher 

                                                    and lower level coefficients  

For our research we have chosen the wavelets method of lossy data compression for the 

following reasons:  

i) Scalar quantization leaves the burden of achieving efficient coding to the symbol coding 

and entropy coding process and the simplicity of the technique results in inefficient coding 

(Peric and Nikolic, 2007) 

ii)  Vector quantization groups data into single units and treats them as a single entity 

   but at the cost of increased computation complexity (Barnsley and Herd, 1992) 

iii)  Fractal compression compresses images by storing them as self-affine 

   transformations (Crilly et al., 1991; Peitgen et al., 1991). The encoding time of these      

compressed images into transformations is high, thus limiting the application of this 

technique (Zhou et al., 2008) 

A more detailed discussion on wavelet compression is given in the next section. 
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4.4  Wavelet Data Compression 

From our previous discussions we mentioned that lossless data compression obtains very low 

compression ratios when compared to lossy data compression (Gray, 1984). For this study the 

bandwidth of the data communication channel limits the size of the data packets transmitted from 

the local factory floor computer to the remote computer housed in the control room. The 

practical application of our IVASS system in a real-world industrial environment would require 

the optimal utilization of all available bandwidth. This is necessary in order to simultaneously 

transmit as many image signals as possible from different remote robot stations, to the single 

controlling computer housing the intelligent recognition system.  

The high compression ratios made available through lossy data compression frees up sufficient 

bandwidth for the simultaneous transmission of several image data signals. As was previously 

mentioned, the main advantages of using wavelets over other lossy data compression techniques 

is its ability to provide a multi-resolution representation of an image, and also its excellent 

energy compaction properties. These wavelets are functions which allow for the data analysis of 

signals or images, according to a specific set of scales or resolutions (Lagacherie et al., 2007). 

Founded on the same principles of Fourier theory, the wavelet transform calculates the inner 

products of a signal with a set of base functions to find coefficients that represent the signal 

(Weeks,2006). In contrast to the one-dimensional (1-D) Fourier technique localized only in the 

frequency domain, the wavelet method is two-dimensional (2-D) and is localized in both 

frequency and time, thus providing a time-frequency localization of a 1-D signal. The 2-D 

wavelet transform is a separable transform given by the multilinear-product of two 1-D wavelets 

along the horizontal and vertical directions. This separable transform is good at isolating 
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horizontal and vertical edges present in the image data (Umbaugh, 1998). The wavelet transform 

brings out certain special features of a function under investigation. It can then be used to 

identify those components having the least significance, so that ignoring these components can 

accelerate numerical computation of the solution (Chui, 1997).  

4.5 Basic Wavelet Theory 

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

important characteristics include the following: 

i) They are generated from a single scaling function or wavelet by scaling and translation and  

ii)  They satisfy multi-resolution conditions. This means that if the basic functions are made half 

as wide and translated in steps half as wide, they will represent a larger class of signals 

exactly, or give a better approximation of any signal. 

The basic wavelet transform represents an arbitrary function (t) as a superposition of a set of 

basis functions. These basis functions or baby wavelets are obtained from a single prototype 

wavelet called the mother wavelet, through dilations or contractions (scaling) and translations 

(shifts). Wavelets are chosen for their ability to produce sparse matrices when used to discretize 

equations.  Even though it is not as efficient as other wavelets such as Daubechies wavelets, 

Mexican Hat wavelets and Morlet wavelets, the Haar wavelet has been chosen for our research 

because of its simplicity, efficiency, excellent performance in terms of computation time, 

memory efficient since it can be calculated without shifting it into a temporary array, fast 

computation speed and finite domain (Raviraj and Sanavullah, 2007). Also the derivative of the 

Haar wavelet and its scaling function is a series of delta functions that make the calculation of 
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inner products straight-forward (Raviraj and Sanavullah, 2007). The Haar wavelet transform is 

given in Equation 4.1: 

T HFH=   (Equation 4.1) 

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

N N×  transform. Transformation matrix H contains the Haar basis function ( )kh z . They are 

defined over the continuous closed interval [0,1]z∈ for k = 0, 1, 2........, N-1, where 2nN =  

(Gonzalez and Woods, 2002). To generate the transformation matrix H, we define the integer k 

such that (Gonzalez and Woods, 2002) 
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The ith row of a N N×  Haar transformation matrix contains the elements of ( )ih z  for 

0 1 2 ( 1)
, , ,.....,

N
z

N N N N

− =  
 

 (Gonzalez and Woods, 2002) 

 

Part 2: An Overview of Principal Component Analysis 

4.6 Introduction to PCA 

When performing analysis of complex data, one of the major problems stems from the large 

number of variables involved (Nixon and Aguado, 2001). Analysis with a large number of 

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

extraction, all the redundant data can be removed in order to reduce the dimensionality of the 

data set, without affecting the integrity of the data. Various data dimension reduction techniques, 

such as isomaps, partial least squares and PCA can be used to achieve feature extraction (Gorban 

et al., 2007). For this research we have chosen to use the PCA statistical method because of its 

relative simplicity and ease with which the technique can be used. 

4.7 Principle component analysis  

PCA is a classical statistical data reduction method that reduces the dimensionality of a data set 

whilst retaining those characteristics of the data set that contribute most to its variance (Lee and 

Verleysen, 2007). For our research, the principal components of our image data set is determined 

as follows:  
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The image from the camera is first compressed using the Haar wavelet data compression 

technique. Those vector elements making the most significant contribution to the image are then 

determined using the PCA method. If we assume that the data set following wavelet compression 

of the image data is given by 
1{ , , }pX x x= K  where x1, …., xp are elements of the data 

set X, then we can determine the principle components of this data set as follows:  

i) We first determine the mean of this data set and subtract its mean from each data 

element to get the average. This produces a data set having a mean of zero;  

ii)  Next we determine the covariance matrix, and then calculate the eigenvectors and 

eigenvalues of the covariant matrix; each column of the eigenvector matrix having the 

highest eigenvalues are the principal components of the data sets and form the feature 

vector set. Vectors of very small dimensions can be ignored without compromising 

the integrity of the PCA representation.  

The PCA matrix of feature vectors is transmitted via the Bluetooth link to the main computer for 

recognition by the ANN vision recognition system. 

4.8 Summary and Conclusion 

Wavelet data compression removes any redundant data from the images and reduces the size of 

the image matrix. PCA is used to extract the eigenvectors from the compressed data. These 

eigenvectors form the feature vectors and contain all the data necessary for image recognition. 

The feature vectors are transmitted over the Bluetooth communication link to the remote control 

computer where the ANN recognition exists. Once recognition is completed the data is 

transmitted from the control computer to the local computer that controls the robot actuator 
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which is located in the production environment of the factory floor. The next chapter will discuss 

the wireless link that was designed for communication between the main control computer to the 

robot control computer, and between the robot control computer 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 communication network that was created to 

communicate between the elements of our IVASS system. Our IVASS system incorporates the use 

of wireless communication technology. The communication between the robot control computer 

and the robot manipulator and between the main control computer and the robot control computer 

is done using wireless Bluetooth technology. A wireless network was set up between the main 

control computer, the robot control computer and our robot. 

5.2 Bluetooth Data Transmissions 

Our IVASS system will make use of two computers that are situated a distance away from each 

other. The one computer is located in the plant and the control computer housing our intelligent 

recognition system is located in a remote control room. Data communication between the plant 

computer and the control computer is achieved using a wireless data communication link. Two 

types of wireless networks exist namely wireless WLAN’s short-range radio technology called 

Bluetooth (Wang et al., 2004; Golmie, 2004).  Bluetooth and WLAN’s have a number of 

distinct features namely:  

i)   Bluetooth uses the FHSS scheme and hops over 79 1-MHz-wide channels at a speed 

of 1600 times per second;  
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ii)    Bluetooth and WLAN’s occupies one 22-MHz-wide static channel across the  

acceptable 83.5 MHz of the 2.4 GHz ISM band (Shih et al., 2006). 

Bluetooth devices can effectively co-exist with wireless local area network such as WiFi 

networks and other devices that operate in an industrial environment. This is done by detecting 

other devices in the spectrum and avoiding the frequencies they are using. This adaptive hopping 

allows for more efficient transmission within the spectrum, and provides the user with enhanced 

performance even when other technologies are used in conjunction with Bluetooth (Armitage et 

al., 2006).  Low cost Bluetooth technology was selected for this study due to its low power 

consumption; its excellent short-range communication capability and its ability to reliabily 

operate within an industrial environment.   

Following wavelet data compression, the compressed data is transmitted using wireless 

Bluetooth data transmission technology, from the local plant computer to the main computer 

containing the intelligent recognition system. A brief explanation of how a Bluetooth 

communication link functions follows: 

A Bluetooth network is referred to as a piconet and can comprise of up to eight active bluetooth 

devices, that includes one master and up to seven active slaves. A bluetooth device can join two 

or more piconets simultaneously and, alternatively, acts as a slave for various piconets. The 

master device of a piconet manages the schedule of data transmission for its slaves (Bhagwat, 

2000). The master in one piconet can also act as a slave in another piconet. However, a device 

cannot act the master role in more than one piconet. Mobile devices that join two or more 

piconets are referred to as relays. A relay delivers messages from one piconet to another so that 
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the resources or services will not be restricted. Packet transmission among piconets can be 

achieved by their common relays (Baatz et al., 2002).  

5.2.1 Format of a Bluetooth data packet  

The Bluetooth signal hops among 79 frequencies at 1 MHz intervals at a speed of 1600 times/sec 

to provide a high degree of immunity to outside interference. The short packet and the fast 

hopping designs of a Bluetooth system increase its communication reliability (Zurawski, 2004). 

Bluetooth uses packet-based transmission where the information stream is fragmented into 

packets. Packets can reserve one, three or five consecutive time slots for transmission. The 

standard packet format is shown in Fig. 5.1. Each packet has the same format, starting with an 

access code, followed by a packet header, and ending with the payload.  

Bluetooth links support both synchronous services such as voice traffic and asynchronous 

services such as ‘bursty’ data traffic. There are two types of links that can be established between 

the master and a slave, namely the SCO link and ACL. The SCO link is designed to support 

real-time applications. It is a point-to-point link between the master and a specific slave. The link 

is established by reservation of duplex slots at regular intervals without being polled. The ACL 

link is used to exchange data in non-time-critical applications. It is a point-to-multipoint link  



 45 

 

Figure 5.1: Bluetooth standard packet format (Muller, 2001) 

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

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

5.2.2 Bluetooth Piconetwork 

The schematic of the Bluetooth piconet link used in this research is given in Fig. 5.2.  There are 

2 Bluetooth links in this system, namely the link from the control room to the ‘factory floor’, and 

from the factory floor to the computer controlling the robot arm.  

 An explanation of the piconet in Fig. 5.2 follows: 

i) The first link is between the main frame computer and the ‘robot control computer’. The      

main frame computer, which is located in a control room, behaves as a so-called ‘master 

device’ and is responsible for the data communication from the robot control  
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Fig. 5.2 Bluetooth piconetwork (Li et al., 2008) 

computer. In this link the robot control computer behaves as a slave device to the 

master. The master computer holds the intelligent recognition system to perform the 

object recognition. 

ii)  The second wireless link exists between the robot control computer and the robot arm 

itself. The robot control computer located in the plant acts as the master for the robot, 

which in this relationship behaves as the slave. The robot control computer serves three 

purposes, namely: 

ii.a) It performs wavelet data compression of the image data;  

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

feature vectors of the compressed image; 

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

iii)    The communication between the control room and the factory floor is full-duplex i.e      

data is transmitted from the robot control computer to the main frame computer, and also 

from the main frame computer to the robot control computer. 
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5.3 Summary and Conclusion 

This chapter has focused on the design of the wireless communication link that was designed for 

our IVASS system. The reason for choosing Bluetooth technology was also given. The piconet 

linking the various devices together, plus the purpose of each element in the piconetwork was 

also discussed. The next chapter discusses the design of the intelligent system that is responsible 

for performing the recognition task in our IVASS system. 
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Chapter 6 
 

ANN’s, PSO and GA’s 

6.1  Introduction 

Chapter 3 has provided a brief introduction to soft-computing based systems, namely ANN’s, 

GA’s, fuzzy logic and evolutionary systems such as SI. This chapter will give a more detailed 

description of ANN’s, GA’s and the PSO technique. As was mentioned in the previous 

discussions in Chapter 3, the ANN, GA and SI have been used in the design of the intelligent 

vision system. The ANN has been designed and trained to perform the recognition function 

whilst the PSO and the GA computational intelligence methods were considered during the 

training phase of the ANN. Determining the most appropriate training method to use or our 

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

6.2 General background to ANN’s  

As was mentioned previously in Chapter 3, ANN’s consist of massively interconnected parallel 

processing elements (termed neurons) each of which is modeled along the lines of the human 

biological neuron. ANN’s have a remarkable ability to derive meaning from complex or 

imprecise data and can be used to extract patterns and detect trends that humans or other 

computer techniques cannot detect (Rabunaland and Dorrado, 2006). A trained neural network 

can be thought of as an "expert" in the category of information it has been given to analyze 

(Knopf et al., 2007). ANN’s display the following characteristics usually found in intelligent 

systems:  



 49 

i) Adaptive learning: ANN’s are adaptive models that have the ability to learn. The learning 

behavior of the network changes as new data is made available at its input.  

ii)  Self-Organization: When data is applied to an ANN, it arranges its structure to reflect the 

properties of the given data by adjusting the strength of the interconnection weights 

between neurons during training. 

iii)  Ability to Generalize:  The ANN has the ability to generalize by modeling only the 

salient features of the applied data. This characteristic gives the ANN the ability to 

process imperfect, distorted and new data and hence contributes towards the networks 

fault tolerance. 

The above-mentioned three intelligence displaying characteristics 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 (Fausett, 1994) :   

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

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

ii)  Architecture: The architecture of an ANN is determined by the manner in which the 

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

multiple layers (Fausett, 2005).  

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

adjustment of the free parameters (i.e. bias and weight) of the network. The most 

common training algorithm is the gradient descent based backpropagation training 

method. 
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6.2.2 Architecture of ANN’s 

An ANN consists of three or more layers, namely: 

i)   Input Layer: The data to be processed is applied to the input layer 

ii)   Hidden Layer: Processing of the applied data occurs in the hidden layer. The hidden    

layer can consist of many neuron layers, each having a specific set of neurons. A simple    

rule of thumb approximation of the number of neurons in each hidden layer can be    

determined with (6.1):  

Number of inputs n m= ×         (Equation 6.1) 

With regards to (6.1), ‘n’ represents the number of outputs at the output layer and 

‘m’ denotes the number of inputs applied to the network. The exact number of 

hidden layers and number of neurons per hidden layer will be determined by the 

complexity of the task being undertaken and is usually done intuitively. This will 

involve the number of training cases, type of architecture, type of hidden unit 

transfer functions, training algorithm, amount of noise in the targets and the 

complexity of the function or classification to be learned. 

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

generate the response of the ANN to the input stimulus. 

iv)   Summer and Activation Function: Each neuron consists of a summer and an 

activation function (also referred to as transfer function or ‘squashing’ function). The 

summation function sums the products of the weight vectors and input vectors with 
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the bias of the network. The transfer function acts on the output of the summation to 

force the output signal into a range governed by its function. 

ANN’s are broadly divided into two main architectures, namely FF-ANN’s and R-ANN’s. For our 

research the FF-ANN has been trained to recognize the images under consideration. For the sake 

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

6.2.3 Feed-forward ANN architecture (FF-ANN) 

Feed-forward ANNs are straightforward networks that correlate inputs with outputs. They 

basically consist of three or more layers, namely an input layer, one or more hidden layers and 

an output layer. Signal propagation is unidirectional i.e. from input to output. They are widely 

used in pattern recognition. 

 

Fig. 6.1 Feed-forward ANN architecture 

6.2.4 Recurrent ANN (R-ANN) architecture  

By using loops in the network, recurrent or feedback networks transfer signals in both directions. 

R-ANN’s (or Feedback ANN’s) (see Fig 6.2) are networks in which most of the connections are 

feed-forward only, save for a selected specific number of units that receive feedback signals 
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from the previous time step (t -1). R-ANN’s experience a number of transitional states till they 

reach an equilibrium. They remain at equilibrium till the input changes and a new equilibrium 

state needs to be found.  

 

Fig. 6.2 Recurrent ANN architecture 

6.2.5 ANN Growing and Pruning 

The performance of the ANN is critically dependent on its hidden layers and the number of neuron 

within it. Too little hidden layers limits the performance of the ANN; too many hidden layers 

increases the training time of the network.  Too much training may result in overfitting. 

ANN’s are created either through growing or pruning. For the growing technique, the size of the 

hidden layer plus the number of neurons within it is gradually increased till the objective is 

achieved. With pruning, a network having several hidden layers is first created and trained to 

achieve a specific objective function. Once the objective had been achieved, the number of 

hidden layers is gradually reduced till a point is reached where the network performs its tasks 

using a minimum number hidden layers and neurons.  For our research the ANN was gradually 

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

ANN’s can be trained by using either supervised training or unsupervised training. With 

unsupervised training, the weights of the network are modified without specifying the desired 

output or input patterns. Unsupervised training is usually used in self-organising maps for 

real-time training of systems that are dynamic.  With supervised training, the ANN is trained 

using a ‘teacher’ that specifies a certain target. The network is trained till the target is achieved.  

For our study, we chose the supervised training approach because the conditions present in the 

plant where the workpieces are located is fairly static. 

 

6.2.7 ANN Training 

ANN’s are trained to perform a specific task. For this research, three training algorithm were tried 

during the design phase of our IVASS system. They are the BP training algorithm, the GA and the 

PSO algorithm. A brief explanation of each training algorithm follows. 

6.3 Genetic Algorithm 

GA are stochastic methods used to solve search and optimization problems (Govender (private 

conversations), 2009). They are based on the natural evolutionary process of biological organisms 

(Rich and Knight, 1996). GA's are inspired by the way living organisms are adapted to the harsh 

realities of life in a hostile world, i.e. by evolution and inheritance. The technique uses the process 

of natural selection to select only fit individuals for reproduction. A GA utilizes three principal 

genetic operators, namely a selection operator, a crossover operator and a mutation operator and 

works with a fixed-size population of possible solutions, called individuals (Konar, 1999; Deyi 

and Yi, 2007 ). Mutation is a process during which a genetic operator is used to alter the gene 

values in a chromosome; a crossover operator is used to change a chromosomes programming 



 54 

from one generation to the next; the selection operator is used to select only the fittest individuals 

from the population.  

Before GA’s can be run, a suitable encoding (or representation) for the problem must be devised. 

A fitness function is also required, which assigns a figure of merit to each chromosome. During 

the run, parents must be selected for parameters. These parameters (known as genes) are joined 

together to form a string of values. The set of parameters represented by a particular 

chromosome is referred to as an individual. The fitness of an individual is evaluated using the 

fitness function. During the reproductive phase only the fittest individuals are selected from the 

population to create the next generation. Having selected two parents, their chromosomes are 

recombined, typically using the mechanism of crossover and mutation to form the offspring for 

the next generation. . Mutation is usually applied to some individuals to guarantee population 

diversity. Through a repetitive process of selection, crossover and mutation, a population of 

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

GA's find extensive applications in intelligent search, machine learning and optimization 

problems (Konar, 1999). In our research, the GA has been used to optimize the initial weights 

and biases of the ANN prior to back-propagation training. BP training ‘fine-tunes’ the GA 

determined weights in order to optimize the ANN performance. 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 evolutionary computation technique developed by Eberhart 

and Kennedy (1995), and is inspired by the social behavior of birds. For our research the PSO 

technique is used to adjust the weights of our neural network. PSO is similar to the GA in that both 

techniques commence their search with a randomly initialized population of so-called intelligent 

agents at the beginning of a search cycle. The particles traverse the solution space in search of an 

optimal solution.  During the search process the population continuously updates it position and 

velocity relative to the other agents within the group. 

The PSO algorithm is designed in such a way that the position of each agent within a search space 

represents a potential solution to a specific problem (Shi and Eberhart, 1998). Within this 

framework each agent, besides having individual intelligence, also develops some social behavior 

and coordinates its movement towards a common destination. Each agent keeps track of its 
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coordinates within a solution space and aims towards a specific direction. The common direction 

which the agent moves towards represents the best local position achieved by the group thus far. 

Agents compare their position with other members of the flock, and are able to identify the agent 

occupying the best position (pbest) for a certain moment in time. In a coordinated way, an optimal 

solution evolves as each agent within the flock modifies it velocity and position and moves 

towards a ‘single best position’ for the entire population. The population’s single best position 

becomes the global best position (gbest) of the group and represents an optimal solution. It is 

worth noting here that the process involves not only intelligent behavior but also social interaction. 

In this way agents learn from their own experience (local search) and from the group’s experience 

(global search). 

The position of each agent is represented by a XY  axis within a two-dimensional search space. 

The velocity vectors are given as by vx and vy (i.e vectors along the X-axis and Y-axis, 

respectively). The modification of the particles position is realized by the position and velocity 

information (Kennedy et al., 2001). Each agent knows its individual best value obtained so far in 

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

experiences as it traverses the search space in search of a solution. Moreover, each agent knows 

the best value achieved so far in the group (gbest) amongpbest. The position of each agent is 

modified according to its current position (yx, ), current velocities ( vyvx, ), distance between its 

current position and its pbest, and the distance between its current position and the groupsgbest. 

The equation for each agent to adjust its velocity is given by equation 6.2 (Kennedy and Eberhart, 

1995):  

)()( 2211
1 k

i
k
ii

k
i

k
i sgbestrandcspbestrandcvv −×+−×+=+

  (Equation 6.2) 
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With regards to (6.2): 1+k
iv = velocity of agent i at iteration k ; 1c  = cognitive acceleration 

constants (self-confidence level) - this is an adjustable parameter; 2c  = social acceleration 

constant (swarm-confidence level) - this is adjustable parameter;  2,1rand  = random number 

between 0 and 1;  k
is  = current position of agent i at iteration k ;  ipbest = personal best of 

agent i and gbest = global best of the population. 

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

11 ++ += k
i

k
i

k
i vss      (Equation 6.3) 

where 1+k
is   denotes the position of agent i at the next iteration 1+k . The rest of the variables 

have the same meaning as was defined for equation 6.2. Figure 6.4 gives the vector 

representation of a searching point with the PSO (Kennedy and Eberhart, 1995). Each agent 

alters its current position using the integration of vectors as shown in Figure 6.4 (Kennedy and 

Eberhart, 1995).  

.            

Fig. 6.4 Concept of modification of a searching point by PSO 
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With regards to Fig. 6.4:  

ks  = current searching point; 1+ks  = modified search point; kv  = current velocity; 1+kv  = 

modified velocity; pbestv  = velocity based on pbest; gbestv  = velocity based on gbest . 

The flowchart of the steps followed by the PSO process is shown in Fig. 6.5. 
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Fig. 6.5 Flowchart of PSO process 
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Chapter 7  
 

Training of the ANN Recognition System 

7.1 Introduction 

This chapter is divided into Part 1 and Part 2. Part 1 discusses the three training methods that were 

considered for training our neural network, namely the back-propagation method, the GA method 

and the PSO method. Part 2 compares the training results of 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. 7.1, where X1, X2, X3 are the network’s input 

vectors and Wh and Wo represent the  weights in the input layer  and output layer, respectively; 

B indicates the network bias. This network has three inputs, two hidden neurons and two output 

neurons. We will use the ANN given in Fig. 7.1 to illustrate how the back-propagation algorithm 

works. 
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Fig. 7.1 3:2:2 FFN used to illustrate BP training 

Let’s assume that the ANN is a 3:2:2 feed-forward network. Now consider the following Xh and 

Tq matrices, where Xh represents the input matrix and Tq is the output or target matrix: 

[ ]
1,1 1,2

2,1 2,2 2 1

3,1 3,2

0.3 0.1

0.1 0.3

0.2 0.4
h

x x

X x x X X

x x

   
   = = =   
     

 

and   

[ ]1,1 1,2

2 1
2,1 2,2

0.6 0.8

0.14 0.26q

t t
T T T

t t

   
= = =   

  
 

The initial bias matrix B for each neuron is assumed to be
1,1

2,1

1

1

b
B

b

 − 
= =   −   

. 

Also, the initialized weight matrix for the neurons in the hidden layer is Wh , and for the neurons 

in the output layer it is Wo , where : 
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1,1 1,2

2,1 2,2

3,1 3,2

0.2 0.3

0.2 0.4

0.1 0.5
h

w w

W w w

w w

  − 
   = =   
   −  

          
1,1 1,2

2,1 2,2

0.1 0.3

0.4 0.2O

w w
W

w w

  − 
= =   −  

 

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

given as ah: 

1[ ] [ ] [ ]T
h ha W X B= −  = 

0.1
0.2 0.2 0.1 1 1.04

0.3
0.3 0.4 0.5 1 1.29

0.4

 
− −       − =      − −       

  

ah  is applied to the log-sigmoid transfer function ϕ  (or shaping function) where  

1

1 exp( )ha
ϕ =

+ − . 

 

The output from the first hidden layer that is applied to the output layer is nh , where 

1

0.73891 exp( 1.04)1

1 0.78411 exp( )

1 exp( 1.29)

h
h

n
a

 
 + −  
 = = =  + −    
 + − 

 

The result of the output layer, prior to being applied to its log-sigmoid transfer function, is 

denoted by ao where: 

[ ] [ ] [ ] 1.38

0.62
T

o o ha W n B
 = − =  
 

 

ao  is applied to the output layer’s log-sigmoid activation function to generate the output no  of 

the ANN :  
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1

0.8021 exp( 1.38)1

1 0.65061 exp( )

1 exp( 0.62)

o
o

n
a

 
 + −  
 = = =  + −    
 + − 

 

The difference between the network’s output and the target is defined as qε , where qε is: 

1[ ]q oT nε = −
 

for each column subtraction.  

qε is generated for each application of the target vector [ ]2 1qT T T= .
 

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

2 2 2( ) (0.8 0.8002) (0.26 0.6506)
0.1953

2
q oT n

SSE
r

 − − + − = = =∑
 

Where r =2 denotes the network’s number of hidden layers.  

The size of the network’s error depends on factors such as the number of training epochs of the 

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

and qε , the change in weight oW∆  is proportional to the rate of change of the squared error 

with respect to that weight, that is  

2
q

o
o

W
W

ε
η

∂
∆ = −

∂  

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

rate of 0.6η = . To evaluate the partial derivative, we apply the chain rule: 
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and from 1[ ]q oT nε ε= = − we get  

[ ]
2

12q
o
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ε∂
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∂  
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And finally  

[ ]
2

12 [1 ]q
o o o h

o

T n n n n
W

ε∂
= − − −

∂  

If we define oδ  as 

12[ ] [1 ]o o o oT n n nδ = − −  

Then  

2
q

o h
o

n
W

ε
δ

∂
= −

∂  

because   1[ ]q oT nε ε= = −  and [1 ]o
o o

o

n
n n

a

∂ = −
∂  

so  
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1

0.00006
2 2[ ] [1 ]

0.17
o

o o o o
o

n
T n n n

a
δ ε  ∂= = − − =  ∂  

 

From the above, the change in the weight i.e W∆  can be determined as follows: 

2 0.000028 0.078

0.00003 0.083o o h
o

W n
W

εη η δ  ∂∆ = − = =  ∂    

The updated weights in the second column of the weight matrix in the output layer of the 

network is denoted by [Wo]
1 . 

[ ] [ ]1 0

o o oW W W= + ∆
 

[ ]0 0 0

0 0oW
 

=  
 

 

[ ]1 0.1 0.22

0.4 0.11oW
− =  − 

 

After the first training run, the comparison is between [ ]1oW and oW  and the weight is 

updated in the second column. Similarly, the change of the weight between the input and the 

hidden layers will follow the above-mentioned pattern until the user-specified error goal is 

achieved. 

7.3 GA-BP Training 

Using only the BP method to train the ANN has several drawbacks such as: 
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i) BP training suffers from premature convergence. The error can remain at a constant high 

for some period during learning as a direct result of an inappropriate set of initial weights 

(Lee et al., 1993). 

ii)  The speed of BP algorithm is very slow (Lee et al., 1993). 

iii)  BP algorithm is a gradient descent based method – the ‘saw-tooth shaped’ trajectory that 

the algorithm follows may result in it being trapped in several local minima as it 

converges 

For the above-mentioned reasons, the GA has been used to initialize the ANN weights and biases. 

The network is then trained using BP training. The GA and then the BP method is used to train 

the network for the following reasons: 

i)   The GA finds a solution close to the global optimum. In other words the GA will preset 

the weights and biases of the network to a point within the search space that is close to an 

optimal weight value.  

ii)    BP quickly reaches the nearest local minimum by means of a local search using the initial 

weights and biases determined by the GA.  

The combined GA-BP training method used to train the ANN is explained in the following 

discussion: 

Let’s assume that our ANN has the following parameters, namely :  Ii = output of the  thi  neuron 

of the input layer; Hi = output of the  thi  neuron of the hidden layer;  Oi =  output of the thi  

neuron of the output layer; WIHij = weight value between the  thi neuron of the input layer and 

the thj  neuron of the hidden layer; WHOji = weight value between the thj  neuron of the 

hidden layer and the thi neuron of the output layer. 
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The weight and bias optimization process for the ANN is done in the following steps: 

Step 1: Initialize the weights of the ANN and use these weights as the initial  population P for the 

GA. The other parameters of the GA are : crossover probability P(c), mutation probability P(m) 

and the initialized weights ( ijWIH and jiWHO ) 

 

Step 2:  Calculate the value of the individual evaluation function Ps, where: 

1

i
N

i
i

f
Ps

f
=

=
∑

   
       (Equation 7.1) 

and the fitness value f ( i ) is : 

1

( )if E i
=

     (Equation 7.2) 

where  

2( ) ( )k k
p k

E i V T= −∑∑   (Equation 7.3)
 

With regards to (7.3), E(i) represents the square error of the ANN and : Ni ,,1Λ=  is the 

number of chromosomes;  3,,1Λ=k  is the number of neurons of output layer; 5,,1Λ=p   is 

the number of training samples ; kV  is the target value of the neural network ; kT  is the actual 

value of the ANN output. 

Step 3:  Crossover individual iG  and 1+iG with the crossover probability Pc to produce the new 

individuals '
iG  and '

1+iG .  

Step 4:  Generate the new individual '
jG  by mutating jG with mutation probability Pm  
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Step 5:  Include the new individual  '
jG  with the population P and determine the fitness value 

f(i) using (7.2) and (7.3). 

Step 6:  The GA ends once a satisfactory individual has been found, otherwise steps three, four 

and five are repeated.    

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

weights of the neural network and BP training starts with these optimized weights. 

7.4  PSO Training  

PSO will also be considered for training the ANN. Like the GA, the PSO method is a population 

based optimization technique. Unlike the GA:  

i) The PSO method does not cull the weakest agents (no survival of the fittest principle) in the 

population since the entire swarm converges on the optimal solution (Dahal, 2007). 

ii)  The PSO has no complicated evolutionary operators such as crossover and mutation (Liu, 

2007). 

Using the PSO, potential solutions are found by the agent members (usually referred to as 

so-called intelligent agents) as they search through a solution space by following the current 

optimally placed particles. Swarm particles continuously trace the path followed by particles 

occupying a historically best position pbest (i.e the best solution for a certain moment in time), as 

they traverse a solution space until the entire population converges on the best global solution 

gbest (final best solution).  

For the PSO method used to train the neural network for our IVASS system, the weight matrices 

between the input layer and the hidden layer and between the hidden layer and the output layer 
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are denoted by two (m x n) matrices, namely W[1] and W[2], respectively. For our network, we 

have 36 inputs and 9 neurons in the hidden layer - for this hidden layer W[1] will be a 9 x 36 

matrix. Between the output of the hidden layer and the input to the output layer we have W[2]. 

W[2]  is a 3 x 9 matrix since we have 3 output neurons interconnected to the 9 hidden neurons. A 

detailed discussion on the rationale used to determine the architecture, number of inputs and 

number of neurons for our system will be given in Chapter 9.  

When the PSO method is used to train the ANN, the weights of W[1] and W[2] are updated by the 

algorithm during the training process. We will also say that the updated weight matrix following 

PSO training is given by (7.4): 

[1] [2]{ , }i i iW W W=
        (Equation 7.4) 

With regards to (7.4): Wi denotes the weights of the matrix following training with the ith particle 

of the PSO; 
1

iW and 
2

iW are the updated weight matrices of the hidden layer and the output 

layer respectively, following training with the PSO. 

The ‘fitness’ of any particle within the swarm is determined by its position within the solution 

search space, and the particle closest to the best solution (pbest) is the fittest agent within the 

swarm. Searching stops once the group’s global best position (gbest) is reached.  

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

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

2

1 1

1
( ) [ { ( )} ]

S O

i kl kl i
k l

f W t p W
S = =

= −∑ ∑
    (Equation 7.5)
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where f is the fitness value, klt  is the target output; klp  is the predicted output based on iW ; 

S is the number of training set samples; and O is 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 that were considered for training the ANN in our 

IVASS system. The methods considered are: BP training, GA training, combined GA-BP 

training and PSO training. A comparison between these methods is also done in order to select 

the best technique to train our ANN for optimum results. 

7.6  Training Dataset 

The training data sets used to train the neural network is shown in Table 7.1. The data contained 

in Table 7.1 consists of the eigenvectors that were used to train our recognition system. A 

detailed explanation of how they were determined will be given in Chapter 9 To facilitate an 

easy explanation for now, we will consider them as being an arbitrary data matrix that was used 

to train the network. 

7.7 ANN Training 

7.7.1 BP training 

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

following parameters were used to train the network: learning rate = 0.1, momentum = 0.3.  
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7.7.2 GA-BP training 

i)   The GA is a global-search algorithm. The search for a solution starts at the global level so 

that the entire solution spaced is considered when determining a solution.  

ii)    Predetermining the weights with the GA will reduce the chances of the BP being ‘stuck’ 

in a local minimum during its local search for an optimal solution. Thus pre-training the 

ANN with the GA minimizes computational burden. The following parameters were used 

in the GA training: number of generations = 800, population size = 50, mutation factor = 

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

iii)    Following GA training, the network is then BP trained with the GA determined weights 

and biases. We have done this because the search for an optimal solution with the BPA is 

restricted only to the local level, hence ensuring that the search time for an optimized 

solution is much faster.  

7.7.3 PSO training 

The PSO optimization method is also used to train the ANN. The following parameters were 

used by the PSO during the training process: population size = 20, social and cognitive 

acceleration limits are [-2, 2]. The PSO started its search 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 vectors 
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7.8  Comparing ANN training 

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

the error size and training time. The results are given in 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 1e-3 9.93 15.64 28.81 1e-3 15.81 5.4e-12 

2 52.70 1e-3 9.98 23.97 31.46 1e-3 12.32 1.3e-7 

3 48.93 1e-3 10.29 11.42 32.06 1e-3 17.17 5.5e-7 

4 37.96 1e-3 9.04 18.28 30.15 1e-3 17.03 7.31e-8 

5 37.62 1e-3 10 13.68 30.73 1e-3 14.01 1.16e-7 

6 58.71 1e-3 9.85 25.36 30.51 1e-3 12.74 2.56e-7 

7 31.37 1e-3 10.32 17.79 28.43 1e-3 24.86 2.05e-5 

8 32.82 1e-3 10 14.9 28.81 1e-3 13.57 1.7e-7 

9 59.30 1e-3 10.01 22.28 24.93 1e-3 12.94 3.4e-8 

10 30.79 1e-3 10.67 25.46 27.90 1e-3 11.89 6.07e-8 

 

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

This chapter has briefly described the BP, GA and PSO methods used to train ANN’s. The initial 

weights of the ANN can be preset with the GA in order to reduce the possibility of premature 

convergence during BP training. The ANN is also trained with the PSO algorithm and it was 

found that it yielded better results than when it was trained with the BP method, especially in 

instances where large data was present. The results of a comparative study between the BP, 

GA-BP and PSO training methods are given in Table 7.2.  From Table 7.2 we see that the PSO 

algorithm yields the shortest training times with the 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. The first section discusses the robotic manipulator that 

was used for the implementation of the IVASS; the second part discusses the layout of the 

industrial environment within which our IVASS system is implemented. 

8.2 Description of the Robotic Manipulator and its Associated 

Control Systems  

The image of the robot arm used in this project is given in Fig. 8.1. The arm is a Mindstorm 

robot available from the Lego Corporation. The Lego Mindstorm robot was chosen for this 

project because of the ease with which we could control it using MATLAB software. The robot 

consists of a controller having 32kB of RAM, an input for a sensor and three serial ports for 

connection to the three servo-motors. For this project the sensor input port was not used. The 

schematic of the control module of the Mindstorm robot is given in Fig. 8.2 The connections 

between the robot controller and its three servo motors is shown in Fig. 8.3.  

The Lego Mindstorm robot has three DOF. Each DOF serves the following purpose namely, 

controlling 3600 rotation of the robot manipulator, vertical motion control of the arm, and control 

of the gripper.  
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Three Logitech Quickcam E2500 web cameras were used to capture the images of the workpiece 

under consideration. The cameras were fixed to the robot arm and coupled to the USB port of the 

‘robot control computer’. Each camera has a rating of 0.3 Megapixels and can capture up to 

thirty frames per second. Communication between the cameras and the controller is done via the 

three USB (version 2.0) at a maximum data transfer rate of 480 Mega-bytes per second (Mb.s-1). 

 

 

Fig 8.1 The Lego Mindstorm robot manipulator 
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Fig. 8.2 Robotic Manipulator Control System 

 

Fig. 8.3 Robot controller and its associated peripherals 

8.3 Intelligent vision and sorting system layout within the industrial 

environment  

The schematic of the IVASS system in an industrial environment is given in Fig. 8.4.  
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Fig. 8.4  IVASS system in its work environment 
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The implementation and testing of the IVASS system was conducted within a simulated 

environment in the Optimization Studies and Research Unit at the Durban University of 

Technology. With regards to the system layout given in Fig. 8.4: 

The factory floor control system consists of the three web cameras, the robot controller and 

manipulator, and a ‘robot control computer’.  The robot control computer performs the 

following tasks: 

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

robot arm. 

ii.) Image pre-processing which consists of wavelet image data compression to reduce the 

size of the image matrix, and PCA feature extraction to extract only the dominant 

eigenvectors in order to reduce the dimensionality of the image matrix being transmitted 

to the ANN. 

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

remote mainframe computer. 

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

v.) Depending on the received control signals, the robot control computer will guide the 

robot manipulator to the pre-allocated position for each work-piece. 

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

environment of the robot manipulator. This computer performs the following tasks: 

i) Receive image feature vector data from the remote ‘robot control computer’. 

ii)  Perform image recognition using the ANN recognition system 
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iii)  Transmit the object recognition signal to the robot control computer. 

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

i.) At rest the manipulator will idle at its default position (see Fig. 8.4). The manipulator 

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

ii.) During the sorting operation, images of the unsorted objects are captured and 

pre-processed by the robot control computer using wavelet image compression and 

PCA for extracting the image’s feature vectors. The selected feature vectors are then 

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

iii.)  Once the object has been recognised, the data corresponding to the recognised image 

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

iv.) The remote control computer guides the robot manipulator to pick the objects from 

‘unsorted object positions 1, 2 and 3’ and relocate them to ‘sorted object positions 1, 

2 and 3’) (see Fig. 8.4). This sequence of operations will continue till all objects have 

been sorted and stacked into their respective positions.  

The sequence of operations involving the various stages of the recognition and sorting process is 

summarised in Fig. 8.5.  

The workpieces used in the experiments are shown in Fig. 8.6. These empty boxes were chosen 

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

ideas and methodology discussed previously can be easily implemented on a much larger scale in 

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

and Fig. 8.8 is a view of the robot showing its various components. 
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Fig. 8.5 Sequence of operations at the various stages of recognition and sorting 

                 

(a)Object 1: Aspen box   (b) Object 2: Princeton box  (c)Object 3: Voyager box 

Fig. 8.6 Images of the objects under consideration 
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Fig 8.7 The robot arm in its work environment 

 

Fig. 8.8 Robot manipulator with its motors, cameras and control module 

8.4  Position of the cameras 

Fig. 8.9 shows the position of the three Logitech Quickcam web cameras that were used to 

capture the images of the workpiece. The cameras are mounted 1200 apart and simultaneously 

capture the image of the object surface from three different angles. This is necessary in order to 
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build a comprehensive image matrix of the workpiece for ease of recognition under dynamic 

environmental conditions. 

 

Fig. 8.9 Position of the 3 web cameras relative to the workpiece 

8.5  Summary and Conclusion 

In this chapter we have discussed the construction of the robot manipulator and the layout of the 

IVASS system in its work environment. The sequence of operations involved in the recognition 

and ‘pick and place’ process has also been discussed. The next chapter will discuss in detail the 

operation of the ANN recognition system. 

 

 

 

 

 



 84 

Chapter 9  
Image Preprocessing and 

Design of the Grey Scale ANN System 

9.1 Introduction 

The previous chapter has discussed the robot manipulator and the layout of the IVASS system in 

its operating environment. Part 1 of this chapter focuses on the pre-processing of the image data 

matrix and Part 2 discusses the design the ANN system- this system forms the intelligent aspect of 

our IVASS system. Pre-processing is made up of two stages, namely image compression using the 

wavelet compression algorithm and principal component analysis. The relevant theory associated 

with these techniques was already discussed in chapter 4. 

Part 1: Image Data Preprocessing  

9.2  Methodology followed to prepare the image matrices for 

wavelets image compression 

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

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

a 288 ×  352 matrix having 101376 elements. For each object we will follow the procedure 

mentioned below: 

i)   In chapter 8 we say that the cameras are mounted 1200 apart. Three images of each object 

from 1200, 2400 and 3600 angles are taken of each object when the object is in a certain 

pose.  

ii)    The three images of the object in its first pose are clustered together to form a group. 
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iii)    The pose of each object is adjusted five times and three images are taken of the object in 

each of its new poses.   

iv)   From this we will have 5 groups of images, with each group having three images of the 

same object positioned in a certain pose.  

v)   The procedure described in steps (i) – (iv) is repeated for each object. From this, we will 

have a total of 15 groups (5 groups for each object), with each group having three images 

of a certain object in a certain pose.  

The above-mentioned procedure was heuristically developed and resulted in the most 

comprehensive set of image vectors for our objects. These comprehensive vectors of the object 

in different positional orientations and poses will ensure that accurate recognition will always 

take place even under dynamical environmental conditions.  

        

a) Aspen box images taken from 1200 , 2400 and 3600 orientation 

 

b) Princeton box images taken from 1200 , 2400 and 3600 orientation 

 

c) Voyager box images taken from 1200 , 2400 and 3600 orientation 

Fig. 9.1 Original images of each work-piece taken from 1200 apart using  
the camera arrangement shown in Fig. 8.9 
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9.3 Wavelet Image Compression of the captured image frames 

Following from the discussion in Chapter 8, it was mentioned that the camera is positioned at 

1200 apart in order to build a comprehensive image of an object. Each orientation of the object is 

captured by the camera and compressed using the Haar wavelet algorithm. Wavelet image 

compression is done for all three orientations (1200, 2400 and 3600) of each object and forms one 

group. The Haar wavelet algorithm (Equation 4.4 repeated here for convenience) is applied to 

each image vector within each group.  
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In total we will apply this algorithm forty-five times to compress all our images. An example of a 

single compressed image of the Aspen box is shown in Fig. 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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Table 9.1  Aspen box at 1200 orientation: 18 x 22 image matrix after compression with the Haar 
wavelet. (The original image is a 288 ×  352 matrix and is too large to show in this report) 
 

9.4  Application of PCA to the compressed images 

Following the application of the Haar wavelet, the compressed image matrix is further reduced in 

size through the application of the PCA method of feature extraction. As was mentioned in 

Chapter 4, the purpose of PCA is to extract the eigenvalues from the data matrix, since these 

contain the most important vectors that make up the image. Using PCA therefore reduces the 

dimensionality of the data matrix that will be applied to the ANN. In this way we will limit the 

number of inputs to the neural network, without compromising the accuracy of the recognition 

process. 
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For our application, the PCA method is applied twice in order to further reduce the size of the 

matrix being transmitted to the remote computer where the ANN recognition system is located.  

This was done for two reasons, namely: i) To minimize the number of inputs to the network and 

hence the number of neurons in the first hidden layer of the neural network and, ii) to minimize 

the occupied bandwidth over the Bluetooth communication link during communication 

9.4.1 First application of PCA for extraction of eigenvector 1 and eigenvalue 1 

PCA is applied to each 18 x 22 wavelet compressed image matrix to extract feature vectors that 

will be transmitted via the Bluetooth channel to the neural network.  The chosen eigenvectors 

following the first application of PCA is shown in the image matrix of Fig. 9.3. The eigenvectors 

and their corresponding eigenvalues (for the wavelet compressed data in Table 9.1) is given in 

Table 9.2. The vectors shown in Table 9.3a and Table 9.3b have been extracted from Table 9.2 in 

order to aid our discussion. 

 

Fig. 9.3  Eigenvector image matrix for the Aspen box at 1200  orientation after first PCA  
(Table 9.2 gives the associated eigenvector matrix) 
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Table 9.2  Aspen box at 1200 orientation: Selected eigenvectors corresponding to the 
first four eigenvalues in Table 9.3b following first application of PCA. The arrows 
indicates each eigenvalue and its corresponding eigenvectors  (18x4 matrix ) 

 

Table 9.3a  Aspen box at 1200 orientation: Eigenvector (1) following first application of PCA  
(18 x 22 matrix) 
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Table 9.3b  Aspen box at 1200 orientation: Eigenvalues (1) following first application of PCA 

(22x1 matrix) 

 From the eigenvalues given in Table 9.3b, we can see that the first four rows of eigenvalues, 

namely 0.77045, 0.77045, 0.14259 and 0.11365, have the largest magnitudes and will therefore 

contain the most important vectors of our images. During the experiments we observed that the 

first four eigenvalues always consisted of those feature components that contributed the greatest 

to the image- this applied to all forty-five images that were considered during the testing of the 

system. Applying the eigenvalues shown in Table 9.3b to (9.1), we determined that the first four 

column vectors are the principle components and contribute 87.3% of the images most salient 

features. 
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(Equation 9.1) 

The selected eigenvectors contained in the first four rows are shown in Table 9.5. 

The remaining 12.7% of the eigenvalues were omitted since their magnitudes are small and their 

contribution is non-significant to the image’s features. In omitting these ‘non-significant’ vectors 

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

missing.  

 

Table 9.4 Aspen box at 1200 orientation: After first application of PCA the first 

four of columns of eigenvector 1 contributes 87.3% of the image matrix 



 92 

9.4.2 Second application of PCA  

Following the first application of PCA, we observe from Table 9.4 that for each object, with each 

object having three images, we will end up with 4 x 18 = 72 elements for each image. For 3 

images we will get 72 x 3 = 216 elements. For our ANN this means : for each image its 

corresponding 4 x 18 eigenvalue matrix is reshaped into a 72 x 1 matrix and for the three images 

which are simultaneously applied to the ANN, we will have 72 x 3 = 216 inputs being 

simultaneously applied to the ANN. This means that the first hidden layer will need 216 neurons. 

Having a large number of neurons in the hidden layer will increase the computational time. For 

this reason we decided to apply PCA for the second time in order to reduce the size of our neural 

neywork. 

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

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

 

 

Table 9.5  Transposed eigenvectors from Table 9.4 for the Aspen box at (1200 orientation) after 

first application of PCA (4 x 18 matrix)  
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Fig. 9.4  Eigenvector image matrix for the Aspen box at 1200  orientation after second PCA 

(Table 9.6 shows the associated eigenvector matrix) 
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Table 9.6  Aspen box at 1200 orientation: Eigenvector 2 is derived following the 2nd application 
of PCA to the data in Table 9.5 
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Table 9.7 Aspen box at 1200 orientation: Eigenvalues for the eigenvectors in Table 9.6 
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The eigenvalues given in Table 9.7 indicates that only the first three columms of the eigenvector 

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

image. The selected eigenvectors are given in Table 9.8 
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Table 9.8 Aspen box at 1200 orientation: Eigenvectors corresponding to the eigenvalues 

 (4 x 3 matrix) 

 

To facilitate application into the neural network, it became necessary to reshape eigenvector 2 

(Table 9.8) into a 12 x 1 matrix (see Table 9.9a). These twelve vectors consist of the most 

important feature of the image and will form a part of the training vectors for our neural network.  
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Table 9.9a  Aspen box at 1200 orientation:  Eigenvector 2 matrix reshaped from a 4 x 

3 matrix  into a 12 x 1 matrix 
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The above-mentioned process is repeated three times for each box. This is because the three 

cameras are positioned 1200 apart in order to record a comprehensive image of the workpiece. 

The remaining two eigenvector image matrices for the workpiece (Aspen box) are given in Table 

9.9b and Table 9.9c. 
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Table 9.9b Image 2 for the Aspen box at 2400 orientation 
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Table 9.9c Image 3 for the Aspen box at 3600 orientation 

 

The matrices shown in Table 9.9a, Table 9.9b and Table 9.9c are combined and transmitted via 
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the Bluetooth communication link to the remote main computer. Table 9.10 shows the combined 

eigenvector dataset for all three orientations of the object under consideration. This dataset of 

eigenvectors forms the training dataset for the neural network. 

 

 Table 9.10 Aspen box: Eigenvector data sets corresponding to 1200, 2400 and 3600 orientation 
are combined into a single matrix to form the training data set for the neural network.  

Part 2 

9.5  ANN Recognition System Constructions 

 The recognition system used for the design of our IVASS system consists of three layers having 

the following properties, namely: 

i) Architecture: A multiple layer feedforward ANN shown in Fig. 9.5. is used for our intelligent 

vision. The MLFF network architecture has been chosen for this recognition system because 

of its dynamic universality and popularity for application in a wide range of applications 

(Haykin, 1999; Kilian and Siegelmann, 1996). Our network has three layers and is arranged 
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as follows:  the input layer has 36 inputs and a single hidden having nine neurons is 

positioned between the input layer and the network’s three neuron output layer. We can 

describe the network as being a 36 : 9 : 3 MLFANN.  

ii)  Topology: Each neuron in the hidden layer is connected to each of the 36 inputs. The input    

layer therefore consists of 36 x 9 = 324 interconnections and weight matrices from the input 

layer to the hidden layer. Each neuron in the hidden layer is interconnected to each of the 

three neurons in the output layer. Also, 9 x 3 = 27 interconnections and weights exist 

between the hidden layer and the output layer. 

iii)  Activation Function: A sigmoidal neural network was chosen for our vision system because 

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

 

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

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

From our previous discussions we mentioned that three images are taken of each object in a 

certain pose. Each object’s pose is changed five times and three images is taken for each pose 
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and the eigenvectors are extracted according to the methods discussed previously. In total we 

therefore have five sets of eigenvectors for each object as follows: columns 1-5 are for the Aspen 

box; columns 6-10 are for the Princeton box and columns 11 – 15 are for the Voyager box. These 

fifteen sets of eigenvectors for the three objects are given in Table 9.11. 

The number of inputs to the neural network of the IVASS system is determined from the number 

of rows in the eigenvector data matrix shown in Table 9.10. From Table 9.10, we see that there 

are 36 rows in each column; therefore the neural network will have 36 inputs applied to the input 

layer of the network.  Each column of 36 elements is ‘batch-fed’ into the network for training 

and identification.  

The decision to use 9 neurons in the hidden layer was made following a series of experiments. A 

hidden layer having twenty neurons was initially designed and trained and the computation time 

was noted. The neurons in the network were then pruned and the training process was repeated. 

Following a succession of pruning and training exercises, it was found that having nine neurons 

in the hidden layer yielded the best performance in terms of minimized computation time and 

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

6.1. From equation 6.1:  

3 36 11Number of inputs n m x= × = ≈   Equation 6.1 

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

the minimum number of hidden neurons.                                

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

number of objects that had to be identified for sorting. If additional objects were to be sorted, 
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then the size of the eigenvector matrix in Table 9.11 would increase and more neurons would be 

added to the hidden layer and the output layer of the neural network.  

9.7 Summary and Conclusion 

This chapter has focused on the steps that were followed to preprocess the image data for 

application to the ANN identification system. Preprocessing involved wavelet video data 

compression of the gray scaled pixel data, and also PCA to extract the feature vectors for the 

ANN training data set. These steps serve two purposes namely: i) to reduce the dimensionality of 

the training vectors to ensure a minimal size for the ANN system and ii) to reduce the bandwidth 

occupied over the Bluetooth channel. 

 

Table 9.11 36 x 15 data matrix of eigenvectors used to train the ANN in Fig. 9.5 



 100 

Chapter 10 
 

Results and Discussion:  
Operation of the ANN Vision System 

 

10.1 Introduction 

Chapter 9 has discussed the preprocessing of the image data in order to extract the training data 

set for the ANN. Preprocessing involved wavelet data compression and PCA. Our discussion in 

this chapter is divided into three parts. Part 1 discusses the steps involved for the ANN to detect 

the box; Part 2 discusses the design of the ANN to detect the correct location for placing each 

object; Part 3 explains how the system responds when it has to sort an object that it has does not 

recognize. 

Part 1: Detecting a box 

The discussion in Part 1 focuses on the procedure that is followed to train the ANN system to 

detect a box. This involves setting of the network’s target vectors, training and testing the 

network, and experiments to assess the performance of the system under undesirable conditions 

such as noisy data. 

10.2 Setting the Target Vectors 

In Table 9.1 (see section 9.3) we mentioned that the columns vectors in the eigenvector matrix 

that were transmitted to the ANN (located in the main control computer) were arranged as 

follows:  
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Aspen box: Columns 1-5;  Princeton box: Columns 6-10 ; Voyager box: Columns 11–15. 

The target vectors for our neural network shown in Table 9.11 are given in Table 10.1 and are 

arranged as follows: 

Row 1 corresponds to recognition of the Aspen box, row 2 corresponds to recognition of the 

Princeton box and row 3 corresponds to recognition of the Voyager box.  

 
Table 10.1 Target vectors for the neural network 

 

10.3 Training the ANN 

Chapter 7 compared BP training, GA training, GA-BP training and PSO training of neural 

networks. The results of these training methods were shown in Table 7.2. On the basis of these 

results, we concluded that the PSO method will be used to train our network because of the 

excellent results that its displays when compared to the other methods. For our PSO trained 

network given in Fig.9.2., the weights and biases of the network are randomly initialized and the 

error gradient is set to 1 x 10-5.  The training data set of the three types of boxes that 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 10.2.  The 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 Aspen box.  

The numbers in the first row of columns 1 – 5 are close to 1 or equal to 1. This corresponds to 

the target vectors for the Aspen box as shown in Table 9.11 and indicates that the ANN 

recognizes the Aspen box. 

Row 2: Columns 6 – 10 shows the results of the Princeton box.  

The numbers in the second row of columns 6 – 10 are close to or equal to 1. This corresponds to 

the target vectors for the Princeton box in Table 9.11 and indicates that the ANN recognizes the 

Princeton box. 

Row 3: Columns 11 – 15 shows the results of the Voyager box.  

The numbers in the third row of columns 11 – 15 is close to or equal to 1. This corresponds to 

the target vectors for the Voyager box in Table 9.11 and indicates that the ANN recognizes the 

Voyager box. 

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

with a recognition rate of 100%. 

 

 

Table 10.2 Training results 

 

10.5 Testing the ANN  

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

set for each box. The only exception is that the pose of the box was changed and the image was 
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then taken. This was applicable to all three boxes. Five set of data is taken of each object in each 

pose. The data is processed as was described for the training dataset i.e the image data is first 

compressed with the Haar wavelet, and then the feature vectors were determined using PCA. The 

feature vectors for the three boxes are given in Table 10.3 and forms the test data set. This data is 

transmitted to the main control computer for testing the ANN. The results of the tests are given 

in Table 10.4. The interpretation of the test result data is the same as was explained for the 

training data set in section 10.4 and proves that that the ANN is now properly trained to perform 

recognition of the three boxes. 

 
 

Table 10.3  Test data set used to determine whether ANN is properly trained 
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0.9220 0.9037 0.9676 0.9844 0.9749 0.0448 0.4782 0.0005 0.0171 0.0032 0.0048 0.144 0.1355 0.0044 0.0042

0.0062 0.0009 0.0854 0.0150 0.0050 0.9895 0.9532 0.9951 0.9487 0.9644 0.0008 0.0028 0.2415 0.0001 0.0002

Aspen PRINCETON VOYAGER

0.0180 0.0037 0.0008 0.0021 0.0075 0.0007 0.33 0.0051 0.0061 0.0158 0.9919 0.8813 0.9235 0.9984 0.9979

 

Table 10.4 ANN test vector results  

10.6 Experiment to test the robustness of the ANN box recognition 

system 

An important characteristic of ANN’s is their ability to deliver a stable output even in the face of 

noise or disturbance conditions. For our tests, we tested the robustness of our ANN recognition 

system by introducing artificial ‘salt and pepper’ noise onto the image. This ‘artificial noise’ was 

created in order to simulate an extreme such as dust or dirty camera lenses in a real world 

industrial environment. The images of the three boxes with the noise is given in Fig.10.1. 

 

Fig. 10.1 Image samples of cigarette boxes with noise 
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The feature vectors of the images with noise shown in Fig. 10.1 are given in Table 10.5. These 

eigenvectors were determined in the same manner as was explained previously i.e the original 

image is compressed with the Haar wavelet algorithm and then PCA is applied to extract the 

image’s feature vectors. These feature vectors are fed into the ANN to determine whether the 

network is able to recognize the boxes in spite of the noise. The results of the recognition are 

shown in Table 10.6 and prove that the network is capable of recognizing the boxes even when 

disturbances are present. This will not be true for normal unintelligent systems that work off an 

inflexible template.  

 

Table 10.5 Matrix of feature vectors for the boxes with noise (Fig.10.1) 
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Table 10.6 Results of ANN recognition for ‘noisy’ eigenvector 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, the main control computer transmits a control 

signal via the Bluetooth communication link to the robot control computer. As was mentioned in 

chapter 8, the task of the robot control computer is to guide the robot manipulator in order to 

place each box into its allocated position. An image of the robot placing the boxes in their 

respective locations is given in Fig. 10.2. The ANN system to recognize the location where the 

object is to be placed is also housed in the main control computer. A simple MATLAB code was 

written for the main computer to differentiate between the data relating to box recognition, or 

data regarding the location where the box is to be placed. The matrix for the box is 36 x 1and for 

the location is 30 x 1. Our code counts the number of rows in the received matrix and then 

determines which ANN to use- whether for the box recognition (net1) or for the location 

recognition (net2).  
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10.8 Determining the Training Vectors for the Object Location 

Recognition ANN 

The images showing each location is given in Fig. 10.2 and the respective corresponding 

signboards that were used to train the network for each location is shown in Fig.10.3. With 

regards to Fig. 10.3, ‘A’, ‘P’ and ‘V’ indicates the allocated locations for the Aspen box , 

Princeton box and the Voyager box respectively. The corresponding compressed image vectors 

for Fig. 10.3 is given in Table 10.7.  

  The eigenvectors for the data in Table 10.7, following wavelet compression and the first 

application of PCA, is shown in Table 10.8. Applying the eigenvalues shown in Table 10.8 to 

(10.1), we determined that the first six column vectors are the principle components and 

contribute 98.13% of the images most salient features. 

6

1
22

1

1
( 0.9268 0.6217 0.4039 0.1818 0.0403 0.0174)

98.13%
(0.9268 0.6217 0.4039 0.1818 0.0403 0.0174+0.0153+0+...+0+0)1

k

k

eigenvalue

eigenvalue

=

=

+ + + + += =
+ + + + +

∑

∑

 

Equation 10.1 
 
 The PCA analysis is also applied twice in this instance in order to reduce the dimensionality of 

the feature vectors applied to the ANN. The reason for this is the same as was explained in 

section 9.4.1 and section 9.4.2 for the box recognition system. The eigenvalue 2 matrix (6 x 5 

matrix) and its corresponding eigenvector 2 matrix, following the second application of PCA is 

given in Table 10.9.  The eigenvector 2 matrix is reshaped into a 30 x 1 matrix (see Table 10.10) 

for application into the ANN shown in Fig. 10.4 and forms the network’s training data set’ for 

signboard ‘A’ which corresponds to the location for the Aspen box.  
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Fig. 10.2 Robot placing objects in their allocated locations 

 

  

Fig. 10.3 Signboards indicating box locations (A-Aspen, P = Princeton, V = Voyager) 

 

 

Table 10.7 ‘A’ signboard matrix: 18 x 22 image matrix after compression with the Haar wavelet. 

(The original image is a 288 ×  352 matrix) 
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Table 10.8 ‘A’ signboard matrix: Eigenvalues and eigenvectors for Table 9.18  
after the first application of PCA. The arrows indicate the selected six columns 

 

 

Table 10.9 ‘A’ signboard matrix: Eigenvalues and Eigenvectors (6 x 5 matrix) after second 

application of PCA 
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Table 10.10 ‘A’ signboard matrix : 6 x 5 eigenvector 2 matrix in Table 9.20 reshaped into 

a 30 x 1 eigenvector 2 matrix for application to ANN in Fig. 10.4 

 

The above-mentioned procedure followed for determining the training vectors for the ‘A’ 

signboard is repeated for the ‘V’ and ‘P’ signboards in order to determine all the training vectors 

for the ANN object location system. The complete set of training 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 vectors for the ANN location recognition system 

in Fig.10.4 

 

10.9  Design of the object location recognition network  

The logic followed for the design of our ‘object location network’ is similar to that followed  

in section 9.5 and section 9.6 for the design of the ‘box recognition’ system. The network is 

shown in Fig.10.4.  
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Fig.10.4 30:9:3 architecture for the object location network 

 

10.10 Training of the object location recognition network 

Following the design of the object location network, we then trained the network with the 

training vectors shown in Table 10.11 The target vectors used for this network are the same as 

for the object recognition system and was given in Table 10.1. The results of the training are 

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

Row 1: Columns 1 – 5 shows the results of the Aspen box.  

The numbers in the first row of columns 1 – 5 are close to 1 or equal to 1. This corresponds to 

the target vectors for the ‘A’ signboard as shown in Table 10.1 and indicates that the ANN 

recognizes the ‘A’ location. 

Row 2: Columns 6 – 10 shows the results of the Princeton box.  



 113 

The numbers in the second row of columns 6 – 10 are close to or equal to 1. This corresponds to 

the target vectors for the ‘P’ signboard in Table 10.1 and indicates that the ANN recognizes the 

‘P’ location. 

Row 3: Columns 11 – 15 shows the results of the Voyager box.  

The numbers in the third row of columns 11 – 15 is close to or equal to 1. This corresponds to 

the target vectors for the ‘V’ signboard in Table 10.1 and indicates that the ANN recognizes the 

‘V’ location. 

From the results in Table 10.12, we can conclude that the three different boxes were recognized 

successfully with a recognition rate of approximately 100%. 

 

Table 10.12 Training results for the location recognition system 
 
 

10.11 Testing the object location recognition ANN 

The test vectors used to test the efficacy of the object location ANN training is given in Table 

10.13 . The orientation of the arm and hence the web camera was adjusted when we captured the 

‘A’, ‘P’ and ‘V’ images of the box locations. Fifteen images (3 for each sign) were captured. 

Each image corresponded to a different orientation of the web camera. We did this in order to 

establish a comprehensive data set that would be representative of all possible angles within a 

specific range relative to each respective object location. The results of the tests are given in 

Table 10.14 and show that we have approximately 100% detection accuracy. This means that the 

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

 

 

Table 10.13 Test vector data set 
 

 

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

‘V’ (row 3; columns 11-15) 

 

10.12 Experiment to test the robustness of the ANN location 

recognition system 

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

this noise. The same reason mentioned in section 10.6 also applies to this section. The images that 
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were considered are shown in Fig. 10.5 and their corresponding feature vectors are shown in Table 

10.15. These vectors were applied to the ANN in Fig. 10.4 in order to determine whether the ANN 

will still recognize the correct location in the face of noise interferences. The reasons for doing this 

are the same as was mentioned in section 10.6. The results of the tests are given on Table 10.16 and 

show that even in the face of severe interference the network 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 and pepper’ noise 
 

 

Table 10.15 Test vectors with added ‘salt and pepper’ noise 
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Table 10.16 Recognition test results for Table 9.26 with added salt and pepper noise 

 

Part 3: Determining whether an object is desirable or not 

10.13 Desirable objects 

Tests were conducted to assess the performance of the vision system when faced with objects 

that it has not been trained to detect. The system was designed to place any unidentified objects 

into an allocated area known as the ‘dump’. Desirable or undesirable objects were detected using 

the simple formula (10.2) that we developed. For our application, we arbitrarily selected column 

one of the training vector matrix to determine whether the item is desirable or not. Any other 

column of the eigenvector training matrix could have also been selected for determining whether 

the object is ok or not. 

1

( , )
, 1; 1

m

abs V m n
m n

m
Ζ = ≥ =
∑

  Equation 10.2 

With regard to (10.2), ‘m’ and ‘n’ denote the row and column numbers respectively; V 

represents the respective training vector matrix and Z is the average value. Desirable objects fell 

within the range 0.8 1Z≤ ≤ . We will illustrate the use of (10.2) using the data from Table 

10.17. 
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Since the average value falls within the desirable object range, the IVASS system will place the 

box at the location corresponding to position ‘A’ for the Aspen box.  

 

Table 10.17 Table 9.10 data reproduced 

 

10.14 Undesirable Objects 

Some undesirable objects that were used to determine the response of our IVASS system is given 

in Fig. 10.6,A simple MATLAB program code was written 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 && Z>=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 process’ and ‘object dumping process’ placed the 

object in respective its allocated position. 

The procedure followed to extract the ANN training vectors for these objects is the same as we 

described in Part 1. Some gray-scaled images of the objects that the network is not trained to 

recognize is shown in Fig. 10. 6a, Fig. 10.6b and Fig. 106c. 

 

Fig. 10.6a Gray-scaled image of damaged Aspen box 

 

Fig. 10.6b Gray-scaled image of correction fluid bottle 
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Fig. 10.6c Gray-scaled image of phone 

The corresponding training eigenvector data set for training the ANN system for the images in 

Fig. 10.6a, Fig. 10.6b and Fig. 10.6c is given in Table 10.18, Table 10.19 and Table 10.20. 

                         

(a) σ = 0.6955     (b) σ  = 0.5082           (c) σ  = 0.6276 

Table 10.18 Eigenvector data for the Fig. 10.6a, Fig. 10.6b and Fig. 10.6c  
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From (10.2), σ  for the data in Table 10.18a, Table 10.18b and Table 10.18c is 0.6955, 0.5082 

and 0.6276, respectively. The mean falls outside the desirable object range and the IVASS 

system rejects them and places the objects in the ‘Dump’ area. 

Our IVASS system was also designed to reject objects that did not meet the required physical 

dimension specifications. Tests were conducted to determine whether the system had the ability 

to detect items that did not meet specified dimensional requirements. The dimensions of a 

workpiece that does not match the specifications, and of one that conforms to specifications is 

given in Fig. 10.7a and Fig 10.7b respectively. The partial eigenvector matrix for Fig. 10.7b(only 

first column of training data set) is shown in Table 10.19.  From (10.2), σ =0.7341 and since 

the mean falls outside the desired limits the object is rejected and place in the ‘Dump’ area. 

 
10.7a         10.7b  
 

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

 
Fig. 10.8  Gray-scale image of box having incorrect dimensions (See Fig. 10.7a) 
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Table 10.19 Partial eigenvectors data set for Fig. 10.7a 

(σ =0.7341) 
 

10.15 Summary and conclusion 

This chapter has provided a detailed description of how our IVASS system behaves under 

different conditions. In Part 1 we discussed the training and testing of the ANN recognition 

system and also assessed its performance under conditions that were less than ideal. Part 2 

described the training, testing and performance of the network that was designed to place the 

object in its correct location. Part 3 focused on the performance of the IVASS system when 

undesirable objects were to be sorted. The performance of the IVASS system has been shown to 

be excellent for all the conditions that it was tested under. 
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Chapter 11 
 
Summary, Conclusions and Recommendations 
 

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

sorting system for application in an industrial environment.  

Existing machine vision systems were discussed and we also mentioned that these systems were 

either geometry driven or utilized computational based approaches such as fuzzy logic, genetic 

algorithms, support vector machines and artificial neural networks. Chapter 3 introduced 

computational based methods such as fuzzy logic, GA’s, PSO and ANN’s. ANN’s were chosen 

as the preferred method for the design of our IVASS system mainly due to their fault tolerance 

and their capacity to generalize when data is missing. The GA and PSO methods were discussed 

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

We also discussed the preprocessing that had to be performed before the data was applied to the 

ANN system. Preprocessing included wavelet data compression and PCA. Images of the 

workpieces under consideration were compressed by using the Haar wavelet in order to remove 

any redundancies. This was followed by PCA which extracted the eigenvalues and eigenvectors 

and resulted in a further reduction of redundant data. The reduced dimensionality of the 

eigenvector matrix that formed the training data set reduced the training time of the ANN. 

Transmitting a smaller quantity of data over the Bluetooth channel helped to reduce the occupied 

bandwidth, making it possible to multiplex and transmit several data signals over the common 

Bluetooth communication channel. The structure of the Bluetooth data packet and the 
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construction of the piconetwork that was set up for our IVASS system to communicate was also 

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

Chapter 6 discussed the computational techniques that were considered for the design of our 

IVASS system. A detailed description of ANN’s and how they operate was also given. This 

chapter also briefly discussed GA’s and PSO’s - this was done because it was our intention to 

train our ANN using these methods and then compare their performance with traditional 

backpropagation training. This approach was taken because we had to choose the fastest training 

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

Chapter 7 compared the performance of the BP trained ANN system to that of a GA-BP and PSO 

trained system. The results given in Table 7.2 proved that the PSO method required the least 

training time minimal error.  

Chapter 8 described the robot manipulator that was used to pick and place the objects in our 

IVASS system. The physical construction of the robot was given and the arrangement of the 

cameras was also mentioned. Fig. 8.4 showed the arrangement of the complete system in its 

work environment. 

In chapter 9 we focused on the pre-processing of the image data matrix, plus the design the ANN 

recognition system. The methodology followed to compress the data with the Haar wavelet and 

the extraction of the eigenvectors with PCA was discussed in detail. 

The results of the entire design were given in Chapter 10 in which we discussed how the IVASS 

system recognizes an object and places it in its allocated position. The performance of the 

network under different conditions was also described. 
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Our study has focused only on using the ANN because of its capacity to deliver reliable results. 

This is due to its inherent characteristics such as its:  

i)   Robustness in the face of undesirable occurrences such as noise. This characteristic is 

useful in an industrial environment where contaminants such as dirt on camera lens 

and/or dust in the IVASS system work environment could result in noisy data. 

ii)    Generalization ability when faced with missing data after it has been properly trained. 

Interferences from other surrounding processes could lead to some data being lost. 

The generalizing capability of the ANN system that does the recognition in our 

IVASS system ensures that the integrity of our IVASS system is not compromised 

under undesirable plant conditions. 

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

directed toward addressing these limitations, namely: 

i) Lighting levels: Variations in light levels affect the performance of our recognition 

system. The pixel content, and hence the textural information contained in the vector 

matrix could be affected when lighting levels change. If sufficient changes occur in the 

light levels, the data fed into the network could change to an extent where the ANN 

would not be able to recognize the object.  

ii)  Camera: The position of the camera relative to the object has to be constant. For small 

changes in camera position the ANN will still be able to generalize and recognize the 

object. However, if large changes occur in camera position the integrity of the 

recognition may be compromised because the image matrix may not contain sufficient 

feature vectors for the ANN to identify the object. 
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iii)  Large quantity of data : ANN’s are hungry for data. Relatively large quantities of data are 

required for the network to operate optimally. This shortcoming can be overcome through 

the use of SVM’s which require few prior assumptions about the data by identifying 

special data support vector points from the set of input data (Cristianini, 2000). 

 
The single most attractive aspect of our IVASS system was the simplicity of the design when we 

used the ANN. The ability of the ANN to remain relatively immune to noise, its fault tolerance 

and its capacity to generalize when faced with missing data also made us choose it over other 

computation based methods. Other computation based systems such as fuzzy logic and statistical 

techniques such as SVM’s could have also been used to design this system, with similar results. 

However the relative complexity of the design using these methods made us decide to choose the 

ANN to perform recognition in our IVASS system.  
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